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Chapter 1 

Introduction 

Models of internal combustion engines are used to predict the performance of 

engines without having to conduct tests, which results in savings of both time 

and money. Furthermore, the models can be used to identify the parameters 

that are difficult to measure in a test, for example, exergy (availability). Exergy 

is determined the maximum useful work when a system interacts with an 

equilibrium state and measures work potential. Moreover, exergy destruction is 

defined irreversibility, which is the performance loss‟s source. Therefore, exergy 

affords useful information to improve the system overall efficiency. 

Internal combustion engine modelling has long been around for evaluation 

engine performance, studying and development as a useful and competent 

tool. Thermodynamic models of the engine cycle have been seen to be effective 

tools for complete engine performance analysis against different operating 

parameters. In the early days, the models developed only used the first law of 

thermodynamics (FLT) (Heywood, 1988; Horlock, 1986; Benson, 1979; Stone, 

1992; Ferguson, 1986). Subsequently, it has been realised that the FLT is not 

able of affording an appropriate comprehension into engine operations (Sezer 

and Bilgin, 2008; Rakopoulos et al., 2008; Rakopoulos & Giakoumis, 2006 

Caton, 2000a) and the principle behind explaining and characterising the 

availability of energy is the second law of thermodynamics (SLT) or exergy 

(availability) analysis.  

In this study, exergy-based engine modelling for optimisation of engine 

performance is evaluated. A four-stroke bi-fuel spark ignition (SI) engine has 
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been modelled for optimisation of performance based upon exergy analysis. An 

artificial neural network (ANN) is used as an emulator to speed up the running 

of optimisation processes and constraint particle swarm optimisation (CPSO) is 

employed for finding parameter identification based upon maximising “total 

availability”. The constraints of this optimisation process are the emissions 

guidelines.  

This chapter is organised as follows: first simulations and modelling of bi-fuel 

spark ignition engines are discussed, then exergy based engine models for 

optimisation, and ANN modelling is considered, followed by particle swarm 

optimisation (PSO). Figure 1.1 shows the simplified structure of exergy based SI 

engine model optimisation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.1 Simplified structure of exergy based SI engine model optimisation 

(EBSIEMO). 
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1.1 Bi-fuel Spark Ignition (SI) Engine Model 

In this thesis, a four-stroke bi-fuel spark ignition (SI) engine has been modelled. 

The purpose of this model is to analyse the performance and emissions 

characteristics of a bi-fuel spark ignition engine for optimisation of performance 

based upon exergy analysis.  

Oil price increases and restricted resources have made vehicle manufacturers 

investigate the use of other energy resources instead of fuel oil. The Kyoto 

Protocol calls for a reduction in greenhouse gas emissions, and natural gas is a 

promising alternative fuel to meet the increasingly strict engine emissions 

regulations being cheaper than other fuels in many countries (Cho and He, 

2007). This would bring a reduction of environmental pollutants and reduce the 

economic costs of the transportation sector.  

Considering the climate situation of some countries, and the existence of 

extensive networks of gas distribution, natural gas could be a suitable 

alternative to other fuels. Therefore, developing bi-fuel engines (gasoline and 

compressed natural gas (CNG)) is a short and medium term strategy for 

achieving this important goal (Rezapour and Ebrahimi, 2007). A major tool for 

better achievement of this goal is applied studies for thermodynamics analysis 

and improving the engine performance (Rezapour et al., 2010). 

The engine is modelled based on a thermodynamic quasi-dimensional two-zone 

model. It solves the differential equations related to compression, combustion 

and expansion. By an approximation method, intake and exhaust processes are 

modelled. Using a turbulent combustion model, the engine model has capable to 
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simulate burn rate, and compared to computational fluid dynamic (CFD) 

models is faster. 

The outputs are cylinder pressure, work done, thermal and volumetric 

efficiency, indicated power and brake power (IP and BP), indicated mean 

effective pressure and brake mean effective pressure (IMEP and BMEP), brake 

torque, indicated specific fuel consumption and brake specific fuel consumption 

(ISFC and BSFC), equivalence ratio and emission. In this study, the effects of 

engine speed, equivalence ratio and ignition time on performance parameters 

when using gasoline and CNG fuels are discussed and analysed. In addition, 

these effects on performance parameters and emissions are studied and the 

results are validated with experimental data (Rezapour et al., 2010). Figure 1.2 

shows the main structure of the SI engine model. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.2 Simplified structure of the bi-fuel SI engine model. 
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1.2 Exergy Based SI Engine Model 

The FLT is the law of conservation of energy. It explains internal energy as a 

state function and affords the energy conservation functional statement. It 

affords no knowledge about the processes direction that  it  can 

automatically happen, i.e. the reversibility aspects of thermodynamic 

processes.  

The second law of thermodynamics set up the different forms of energy in the 

quality and describes that some processes cannot automatically happen others 

can. The maximum useful work can be defined and produced using the second 

law of thermodynamics. Exergy is a useful quantity that stems from the SLT, 

and it helps in analysing energy and other systems and processes.  

In a system, the exergy is the maximum useful work, which it can be carried 

out through the system‟s composite and the same composite of the 

environment. Therefore, the use of the SLT in internal combustion engine 

analysis has been intensified. Exergy analysis is a method of thermodynamic 

analysis based on the second law of thermodynamics. Exergy analysis affords a 

true measure that actual performance how approaches nearly to the ideal. It 

recognises more clearly thermodynamic losses the causes and locations than 

energy analysis. Therefore, it can support in modifying and optimising engine 

performances. For this reason, in recent years increasing recognition and 

application of the exergy methods usefulness by academia, government, and 

industry has been noticed. For instance, research has been carried out in 

industrial systems (e.g. Rosen and Horazak, 1995; Rosen and Scott, 1998; 

Rosen and Dincer, 2003; Rosen and Etele, 2004; Rosen et al., 2005), thermal 

energy storage (Rosen et al., 2004), and environmental impact assessments 

(e.g. Crane et al., 1992; Rosen and Dincer, 1997, 1999; Gaggioli, 1998; 
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Gunnewiek and Rosen, 1998). 

An engine model has been used for predicting the overall engine performance 

and emissions with acceptable relative error. However, the model has only been 

used for the FLT. It has been realised that the FLT is not able of affording an 

appropriate comprehension into engine operations (Sezer and Bilgin, 2008; 

Rakopoulos et al., 2008; Rakopoulos & Giakoumis, 2006; Caton, 2000a). 

Therefore, this thesis concentrates on the SI engine operation investigation 

using the developed engine model by the SLT outlook (exergy based SI engine 

model (EBSIEM)). Moreover, the engine cycle analysis with the SLT is termed 

availability (exergy), for example, heat transfer availability (AQ), work 

availability  (AW), irreversible processes that is source of the availability 

destroyed (AI or Adest) and chemical availability (Afch). Figure 1.3 shows the 

general structure of an exergy based bi-fuel SI engine. 

 

 

 

 

 

 

 

 

Figure 1.3 Simplified structure of the exergy based bi-fuel SI engine model. 
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1.3 ANN Model 

In this thesis, an ANN is used to speed up the running of optimisation 

processes. An ANN is a mathematical or computational model that is composed 

of many artificial neurons, which are linked together according to specific 

network architecture (Ham and Kostanic, 2001; Mellita and Kalogirou, 2008; 

Togun and Baysec, 2010; Sayin et al., 2006; Kiani et al., 2009). The objective of 

the ANN model is to transform the inputs (engine speed, equivalence ratio, 

ignition time) into meaningful outputs (brake specific CO (BSCO), brake specific 

NOx (BSNOx), total availability (Atotal) or brake torque). In addition, training the 

ANN model fundamentally means selecting one model from the set of 

authorised models that minimises the ANN performance function. For this 

reason, the engine model with the selected data has trained the ANN model for 

optimisation process. Therefore, in this thesis the ANN model has obtained an 

acceptable prediction based upon the engine model application for the 

optimisation process. Figure 1-4 shows the general aspect of this model after 

training and validation. 

 

 

 

 

 

Figure 1.4 General aspect of the ANN model.  
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1.4 Particle Swarm Optimisation (PSO) 

An optimisation algorithm is employed for finding the optimum equivalence 

ratio and ignition time (parameters identification) based upon minimising 

1/[total availability] (or maximising “total availability”). The constraints of this 

optimisation process are brake specific CO (BSCO) and brake specific NOx 

(BSNOx). In addition, this optimisation process is carried out based on 

maximising brake torque for comparison and consideration with the results of 

exergy based SI engine model optimisation. PSO is highly efficient in 

computational and easy in concept. It has been demonstrated a strong 

algorithm and very efficient, therefore, it has been used for numerousness 

problems in recent years. Therefore, the PSO algorithm has been applied to 

solve the optimisation problem in this thesis (Engelbrecht, 2oo7; Engelbrecht, 

2oo5; Ursema and Vadstrup, 2004; Dong et al., 2005; Parapoulous and Vahatis, 

2005). 

1.5 Aim and Objectives 

The overall aim of this research is a theoretical energetic and exergetic analysis 

for spark ignition (SI) engines that can be used in the improvement of engine 

performance. Thermodynamic optimisation by exergy analysis is used for 

maximising “total availability” (constrained by the emissions legislation) for 

improving the engine performance. 

In order to achieve the aim, the following objectives must be realised:  

 To create a bi-fuel four stroke SI engine model. 

 To develop an exergy based bi-fuel SI engine model for optimising engine 

performance. 
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 To validation the engine model with experimental data from a bi-fuel engine. 

 To create an ANN model to speed up the optimisation process on the exergy 

based SI engine model.  

 To optimise “total availability” of an engine for its performance optimisation 

(with consideration of emissions standards such as BSCO and BSNOx). 

1.6 Contribution 

All the existing internal combustion engines modelling software finds the best 

engine performance based upon “best torque”. Moreover, these models have 

been used only with the FLT. However, it is known that the FLT is not able of 

affording an appropriate comprehension into engine operations (Sezer and 

Bilign, 2008; Rakopoulos et al., 2008;; Rakopoulos & Giakoumis; 2006 Caton, 

2000a) and concentrate on the SI engine operation investigation by the SLT 

outlook. Therefore, in this thesis, optimised engine performance parameters 

(including equivalence ratio and ignition time) are determined based upon 

maximising “total availability” (exergy analysis or SLT) constrained by the 

emissions legislation for optimisation of the engine performance. This new 

approach can be used for mapping, calibration and development of control 

strategy. 

1.7 Structure of the Thesis  

The dissertation is organised as follows: 

Chapter 2 A state-of-the-art reviews of engine modelling, exergy analysis, 

artificial neural network and the optimisation process, In addition, to their 

application to internal combustion engines is presented. Key issues are 

addressed covering exergy based SI engine model optimisation. 
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Chapter 3 presents the main theoretical concepts and relations for SI 

engines. In this chapter, the performance characteristics, review of 

thermodynamics, combustion, heat transfer and friction processes of SI engines 

are discussed.  

Chapter 4 explains the methodology of the modelling and simulation of bi-

fuel engines as thermodynamic and mathematical models and their 

development. In addition, in this chapter, the model is validated by 

experimental data and the bi fuel SI engine model results are discussed.  

Chapter 5 presents the classic theory of availability (exergy) analysis, its 

application for use in the engine model, and develop it for the exergy based SI 

engine. In addition, the results of the model based on exergy analysis are shown 

and discussed.  

Chapter 6 proposes an ANN model based on the exergy based SI engine 

model to speed up the optimisation process. In this chapter, training and 

evaluation methods for the ANN engine model are discussed. 

Chapter 7 the PSO algorithm application for the ANN engine model (exergy 

based SI engine model) is considered and optimised. The particle swarm 

optimisation algorithm and adopted version of it, accommodated to handle the 

constrained optimisation problems, are discussed. The model for a CPSO 

method for optimisation process is proposed.  

Chapter 8 summarises the dissertation including conclusion, results and 

recommendations for future work. 
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Chapter 2 

Literature Review and Background 

In this chapter, a review of the background and state-of-art relating to engine 

modelling, exergy analysis, artificial neural networks (ANNs) and particle 

swarm optimisation (PSO) is presented.  

The application of these themes to internal combustion engines will be reviewed 

and the key issue effecting the exergy based SI engine model optimisation is 

addressed. 

2.1 Introduction 

Traditionally, at the design and conceptualisation of new internal combustion 

engine operating concepts and strategies are evaluated, based on the first law of 

thermodynamic (FLT). This analyse of the different engine processes are 

ordinary sufficient for general performance determination. However, the FLT 

cannot afford any information about a system‟s potential in a specified quality 

to generate mechanical useful work. Due to accomplished the analytical engine 

operation manner and realise the overall thermodynamics details, must be FLT 

combined with the SLT (Rakopoulos et al., 2008; Rakopoulos and Kyritsis, 

2oo6, Rakopoulos and Giakoumis, 2006). 

The exhaust emissions and the engine performance can be modelled using 

artificial neural networks (ANNs), specifically for optimisation of performance 

parameters. This modelling method can be used to predict wished output 

parameters when enough data is afforded. Therefore, ANNs permit the physical 
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phenomena modelling in complex systems without requiring explicit 

mathematical statement. 

The particle swarm optimisation has advantages compare to other optimisation 

techniques like as genetic algorithms can be used for optimisation of the 

performance parameter of engine  

2.2 Engine Modelling 

In order to improve that has been accomplish in the spark ignition (SI) internal 

combustion (IC) engines technology fields is most important to extend related 

to improvement and models of cycle simulation use (Annand, 1990; Benson and 

Baruah, 1977; Heywood et al., 1979; Ferguson, 1986; Heywood, 1988; Matthews 

et al., 1996; Bozza et al., 2004). These theoretical tools are capable to estimate 

performance of engine, emissions and efficiency. Therefore, the SI engine 

models are the greatest competent tools for analysing performance of engine 

and support to improvements. The models are organised like as fluid dynamics 

(computational fluid dynamics (CFD)) and thermodynamics (zero-dimensional 

(ZD) and quasi-dimensional (QD)) based models. ZD cannot be predicted fluid 

flow in the engine cylinder, because of in these models there is not modelling for 

fluid flow. These models are inexpensive and computationally fast, yet. 

Furthermore, CFDs are a solution Navier Stokes equations (full conversation 

differential) basis on time and spatial dimension; therefore, they are multi-

dimensional (MD) models. The models of computational fluid dynamics can 

foretell fluid motion of chamber and geometry of the combustion chamber in 

detail. However, CFD models due to complexity engine phases encounter have 

some uncertainties during numerical solution. These models are expensive and 

very slow in expressions of the computation. Therefore, CFD models have just 
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been to define the optimum geometry of the combustion chamber and turbulent 

fluid flow field (Sezer and Bilgin, 2008; Tallio, 1998). Whereas, QD models are 

basically model of thermodynamics, however, The quasi-dimensional model 

need empirical models for finding laminar, turbulent flame speeds, unburned 

and burned masses, and rate of mass burn. Moreover, the models of quasi-

dimensional have some attraction and superiority compare to the models of 

zero-dimensional and multi-dimensional to define fluid motion and chamber 

geometry. They are easy to use and fast in expressions of computation time 

(Sezer and Bilgin, 2008; Caton, 2001; Dai et al., 1996). Therefore, for prediction 

heat transfer, overall performance of engine and emissions, the quasi-

dimensional models have been abundant used (Agarwal et al., 1998).  

The utilisation of engine models growth related to lower emissions of engine 

and higher economy of fuel, beside in SI engines for combustion, preference 

gaseous fuels (Midkiff et al., 2001; Smith and Bartely, 2000; Chmela et al., 

2003). Using an alternative fuel was a major concern instead of gasoline and 

diesel fuels for many years. Moreover, the use of a fuel with higher hydrogen to 

carbon ratio (H/C) can reduce CO2 emission from engines and improving 

economy of fuel. Therefore, the most important alternate for gasoline is natural 

gas, which more than 88 percent methane content (Rezapour et al, 2010). 

Nevertheless, several technical problems and beside distribution network 

existence relevant to bi-fuel engines are needed for the best adjustment between 

economy of fuel, emissions (Cho and He, 2007) and to operate the CNG engine 

abilities with high compression ratios and lean mixture, maintaining low other 

emissions and specifically NOx. Therefore, vehicle manufactures are shifting 

their research toward developing engines while use alternative fuel such as CNG 
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(Rezapour and Ebrahimi, 2007). Many studies and experimental work have 

been undertaken on CNG fuelled engines. For example, they (Lapetz et al., 

1996) developed a Ford compressed natural gas bi-fuel truck. To ensure safety 

and control emissions, they modified the base vehicle‟s specification for 

conversion to operation of bi-fuel CNG. Flame speed in natural gas is lower than 

gasoline. For this reason, the duration of the total combustion to extend 

compared with gasoline and diesel (Duan, 1996). Other groups (Zuo and Zhao, 

1997) developed a QD model to analyse combustion process in SI pre-chamber 

natural gas engine. Performance and emission characteristics of a bi-fuel 

Ricardo single cylinder SI research engine have been comparatively (Evans and 

Blaszcsky, 1997). Their results have been shown 12% power reduction and 5-

50% emission reduction when the engine is fuelled by natural gas. Some 

researcher (Sun et al, 1998.) have developed a specific compressed natural gas 

bi fuel car. They used a simulation engine model that it capable to estimate fuel 

consumption, engine performance and emissions to reduce both calibration 

time of the system and the test cost. In addition, others (Volpato et al., 2005) 

studied management of engine for multi-fuel with CNG vehicle. Some 

researchers (Alsam et al., 2006) have retrofitted a conventional 1.5L, 4-cylinder 

Proton Magma gasoline engine to run with CNG. They tested the bi-fuel engine 

for gasoline and CNG fuels and measured brake specific fuel consumption, 

brake mean effective pressure and fuel conversion efficiency in steady state 

condition with wide-open throttle (WOT), variable load (25-65%) and full load 

of engine. 
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2.3 Exergy Analysis 

The same of enthalpy that is described by the first law of thermodynamics (FLT) 

the exergy is described by the second law of thermodynamics (SLT) and called 

availability. Exergy or availability is a combined (not only thermodynamic 

property but also thermodynamic potential) its surroundings and the system‟s 

property, statement the system maximum useful work. Exergy is not a 

maintained quantity and can be destroyed source of irreversibilities during a 

process. The use of the SLT analysis in operation of the engine explains the 

operating cycles‟ parts. These parts show capability of the working medium to 

carry out mechanical useful work that is destroyed source of thermodynamic 

irreversibilities like as the heat transfer, combustion and thermal energy loss to 

the exhaust.  

For analysing the different phases of engine, application is made of the FLT. Not 

only zero-dimensional but also quasi-dimensional models have been frequently 

applied for design and research; nevertheless, the greatest simulations of engine 

researches have been the basis on the FLT. However, the energy conservation 

principle (FLT) is not the able of presenting an appropriate comprehension into 

engine operation. Moreover, energy is maintained during the process and is 

converted from one form to another form. During the process, it does not 

description for consist of energy the quality of system. Therefore, it mistakes to 

afford any information referring the potential of the system in a specified state 

to produce mechanical useful work. For this reason, in internal combustion 

engines the employ of the SLT (exergy analysis) has been enhanced (Caton, 

2000a; Rakopoulos and Giakoumis, 2006; Sezer and Bilgin, 2008). 
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Early work, for ICEs (Primus et al., 1984; Flynn et al., 1984) on the global 

engine operation assessment using the SLT analysis was complied energy and 

exergy destroyed determination by detailed (Rakopoulos and Kyritsis, 2001; 

Rakopoulos, 1993; Rakopoulos et al., 1993). The SLT controversy has been 

applied to assessment concepts of modern engine (Flynn et al., 1984) to survey 

the operating parameters influence on efficiency (Kopac et al., 2001; 

Rakopoulos, 1993). The overall exergy and energy balance are considered in the 

period of engine cycle theoretically (Bedran and Beratta, 1985; Beratta and 

Keck, 1983). A review research about exergy and energy analysis was published 

and developed (Sezer and Bilgin, 2008; Rakopoulos et al., 2008; Rakopoulos 

and Giakoumis, 2006; Caton, 2000a). They have been completed on the exergy 

analysis application to SI engine (Shapiro and Van Gerpen, 1989; Gallo and 

Milanez, 1992; Rakopoulos, 1993; Alasfour, 1997; Caton, 1999a; Caton, 2000b; 

Caton, 2002; Kopac and Kokturk, 2005; Sezer and Bilgin, 2008). Combustion 

process has been usually simulated in greatest part SI engine studies using easy 

experimental relations (Shapiro and Van Gerpen, 1989; Gallo and Milanez, 

1992; Caton, 1999a; Caton, 2000b), and researches carried out for combustion 

models with detail (Caton, 2002; Rakopoulos and Giakoumis, 2006; Sezer and 

Bilgin, 2008). 

2.4 Artificial Neural Networks (ANNs)  

ANNs have been used to solve an abundant variety of engineering and science 

problems. For a specific application, a well-trained artificial neural network can 

be used for prediction model in which the neural system inspired for a data 

processing system. The predictive capability of an ANN outputs or results are 

based on analytical data or training on experimental and then validation 
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through independent data. Moreover, an ANN has the capability for improving 

its performance by relearn, in case new data is accessible (Graupe, 2007). 

An ANN model can adapt multi-input variables to predict multi-output 

variables. It has the capability to learn the system that can be modelled the 

process relationships without knowledge. Therefore, it is different from 

conventional modelling. A well trained an ANN is ordinarily much faster than 

mathematical models or conventional simulation programs for prediction. This 

reason is long iterative calculation that it required to solve differential 

equations. However, the selection of a suitable topology of neural network is 

appreciable in terms of accuracy and simplicity of the model (Togun and Baysec, 

2010).  

This method has been used to diferents automotive engines, in the forecasting 

of engine parameters for defferents working conditions, recently (Parlak et al., 

2006; Yang wang et al., 2002; Lucas et al., 2001; Nasr et al., 2003; Gölcü et al., 

2005; Arcaklioğlu and Çelikten, 2005; Thompson et al., 2000; Sayin et al., 

2007; Krijnsen et al., 1999; Kiani et al., 2010). 

Relationship between the exhaust gases temperature and fuel consumption 

using ANN approach has been studied in an internal combustion (Parlak et al., 

2006). The ANN approach has been used for analysing the effect of cetane 

number on exhausts emissions of the engine (Yang wang et al., 2002). An ANN 

model is used to forecast particulate emission of the diesel engine (Lucas et al., 

2001) and gasoline consumption and the intake valve timing on engine 

performance (Nasr et al., 2003) and fuel economy effects (Gölcü et al., 2005). 

Many studies have been carried out to predict the internal combustion engines 

performance and exhaust emission parameters (Arcaklioğlu and Çelikten, 2005; 
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Thompson et al., 2000; Sayin et al., 2007; Krijnsen et al., 1999; Kiani et al., 

2010).  

2.5 Particle Swarm Optimisation (PSO) 

PSO is a population-base probabilistic search algorithm based upon the social 

behaviour of bird‟s simulation within a flock. The initial diligent of the particle 

swarm concept was explicitly simulating the elegant and unpredictable bird 

flock choreography. The aims of finding patterns that supervise the birds to fly 

synchronously capability and to instantaneous change direction and regroup 

into an optimal shape. From the first objective, the concept unfolded into an 

efficient and easy optimisation algorithm (Engelbrecht, 2007). The first 

published about this concept was in 1995 (Kennedy and Eberhart, 1995), it has 

been abundant used to solve a comprehensive range global optimisation 

problems. 

The particle swarm optimisation has advantages compare to other optimisation 

techniques like as genetic algorithms, as follows (del Valle et al., 2008): 

 It is easier to implement and fewer parameters have to be adjusted. 

 In particle swarm optimisation, every particle remembers its personal 

(own previous) best value and the global (neighbourhood) best; 

therefore, it has a more effective memory capability than other methods. 

 It is more efficient in taking care of the swarm diversity (more alike to 

ideal communicably social interaction). 

The optimisation of an internal combustion engine is very challenging 

obligation that described by computational and experimental of synergic survey. 

Moreover, improving and increasing efficiency performance parameters and the 
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closing limitation pollutants exhaust emissions have continuously stimulated in 

the researches, in all of different application fields (Ganapathy et al., 2009; 

Saerens et al., 2009; Gumus et al., 2009; Atashkari et al., 2007).  

2.6 Summary 

In this chapter, have been presented organisation, importance and benefit the 

engine models, specifically QD model for the performance of engine analysis 

and support to improvements. The most engine studies have been used based 

on the FLT analysis; however, it is not capable of presenting an appropriate 

comprehension in operation of engine. Therefore, the application of the SLT 

(exergy analysis) has been augmented in ICEs. ANN is explained to predict 

engine performance and thermodynamic parameters and exhaust emissions of 

the exergy based SI engine model. Moreover, a well-trained ANN is typically 

much faster than mathematical models or conventional simulation programs for 

prediction; therefore, it is acceptable to speed up running for the optimisation 

process. In addition, particle swarm optimisation has advantages compare to 

other optimisation techniques like as genetic algorithms for optimisation 

process were discussed.  
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Chapter 3 

Definitions and General Relations in Spark Ignition (SI) 

Engines 

 

In this chapter, classic general concepts and relations for SI engines are 

presented. In addition, performance characteristics, review of thermodynamics, 

combustion, and the heat transfer and friction processes of SI engines are 

discussed. 

3.1 Introduction 

The internal combustion engine (ICE) is a heat engine that converts fuel-

based chemical energy into mechanical energy. Chemical energy ( fuel) is the 

first converted to thermal energy (combustion) with air inside the engine. This 

energy goes up the temperature and pressure of the gases in the engine and 

then expands in the cylinder against the mechanical mechanisms (piston, 

connecting rod, crankshaft, etc) of the engine by the high-pressure gases. The 

expansion (power) is converted by the engine‟s mechanical mechanisms for 

driving crankshaft, which is the engine‟s output. The crankshaft is connected 

to a transmission power train, in order for transmission the mechanical energy 

to the requested final use. 

Most internal combustion engines are reciprocating engines; therefore, they 

have pistons, reciprocate back and forth in cylinders internal to the engine. 

This chapter concentrates upon the thermodynamic study of the four-stroke 

spark ignition (SI) engine type. In this engine, the combustion process in each 
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cycle is initiated by the use of a spark plug. 

3.2 Four Stroke Spark Ignition (SI) Engine 

Most ICEs have piston or reciprocating movement. In 1862, Beau de Rochas 

suggested the following strokes for an engine with a reciprocating piston. Even 

today, most SI engines follow this pattern (Figure 3.1). 

1. Intake stroke: the ignitable mixture enters into the cylinders. 

2. Compression stroke: the temperature and pressure of the mixture are 

increased. 

3. Expansion stroke: at the end of the compression stroke after sparking, 

the mixture is aflame and both its temperature and pressure are 

increased suddenly. Then, at the expansion stroke, the cylinder moves 

downwards and the temperature and pressure decrease. 

4. Exhaust stroke: combustion products are moved out of the cylinder. 

3.3 Definitions  

3.3.1 Displacement Volume  

According to definition, the displacement volume is equal to the volume of part 

of the cylinder encircled between top dead centre (TDC) and bottom dead centre 

(BDC) (Figure 3.2). This volume can be calculated through the following 

relation: 

2

4
dV b L


  

(3-1) 

In this relation, b is the bore and L is the stroke. 
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Figure 3.1 Fuel and air mix burn in the cylinder during the four strokes of the 

piston in a fuel injection, SI engine (Haworth and Tahry, 1998). 

3.3.2 Dead volume  

The dead volume is equal to a part of the cylinder‟s volume that is encircled 

between the head of the cylinder and TDC (Figure 3.2). This volume can be 

calculated through the following relation: 

2

4
cV b c


  

(3-2) 

c is the distance between the cylinder head and TDC.  
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Figure 3.2 Schematic of the geometry of cylinder, piston and piston rod.  

3.3.3 The Minimum and Maximum Volume 

The clearance volume (the minimum volume) is equal to the combustion 

chamber volume when the piston is at TDC and the maximum volume in the 

cylinder is equal to the combustion chamber volume when the piston is at BDC. 

These volumes can be calculated though the following relation: 

2

min
4

cV V b c


   
(3-3) 

2

max (1 )
4

d cV V V b c


     (3-4) 

3.3.4 Compression Ratio 

According to definition, the compression ratio is equal to the ratio of the 

maximum volume to the minimum volume. This ratio can be calculated through 

the following relation: 

min

max

V

V
CR   

(3-5) 

 



Page | 24  
 

3.3.5 Mean Piston Speed 

According to definition, the average piston speed is equal to the mean piston 

speed during the time when the crankshaft moves once. This speed can be 

calculated through the following relation: 

.
2

60
p

S N
U   

(3-6) 

N is the engine speed in revolutions per minute (r/min) and S is the engine 

stroke. 

3.3.6 Cylinder Volume 

With regard to the movement of a piston, the volume of a combustion chamber 

is constantly changing and its rate of charge depends upon the position of the 

piston and consequently the crankshaft angle (Figure 3.2). To calculate this 

volume at any crank angle, the following relation can be used (Ferguson and 

Kirkpatrick, 2001): 





































  2

2

1)1(
2

1
1 Sin

a

L
Cos

a

L
CRVV c  

(3-7) 

L and a are the connecting rod length and the crank radius, respectively. The 

crank radius is equal to the half stroke, (
2

S
a  ). 

3.3.7 Derivation of the Surface Area of the Piston Cylinder 

For studying the effect of heat transfer in the cylinder of piston, the exposed 

cylinder‟s surface area for the combustion chamber area has to be determined 

by (Ferguson and Kirkpatrick, 2001): 
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 2

2
ch p by b b L a s


     A = A + A  (3-8) 

1
2 2 2 2cos ( sin )s a L a     

(3-9) 

Ach and Ap are the cylinder head surface area and the piston head area, 

respectively, and y is the instantaneous stroke. 

2

21 cos sin
2

ch p

bS L L
A A A

a a


 

 
  

        
   

 (3-10) 

For flat head pistons (valve in block or L head engine), 
2

4
p

b
A


 . 

3.3.8 Indicated Work 

Indicated work is the net work done on a piston. According to the definition, it 

is equal to the area enclosed on the indicated work diagram of pressure in terms 

of volume (Figure 3.3). As is clear in Figure 1.4, the intake stroke 1-2, 

compression stroke 2-3, ignition 3-4, expansion and power stroke 4-6 and 

exhaust stroke 6-1. Due to friction losses, the pressure of the intake stroke will 

be a little less than atmospheric pressure (point 2). A spark is made at point 3. 

Due to the time difference between spark and full ignition of fuel, the spark 

should be made before TDC. Only in this case is it possible to get a high pressure 

at the primary expansion and power stroke (Pulkrabek, 2004). 

i
cycle

W PdV  . (3-11) 
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3.3.9 Brake Work  

Brake work is work that is accessible on engine shafts and is equal to the 

difference of indicated work and consumed work for overcoming all friction and 

internal consumptions of the engine (such as water pump, oil pump, etc)  

 

 

Figure 3.3 Schematic of PV diagram for SI engine (Dynomation 5, 2008).  

3.3.10 Friction Work 

Part of the indicated work is used to overcome friction in different parts of the 

engine. It is also consumed in engine peripherals and the remainder is 

consumed in the form of brake work. The friction work (Wf) includes the 

necessary work for pumping (Wp), necessary work to overcome the resistance 

resulting from rubbing friction work (Wrf), and necessary actions in accessory 

work (Wa). 
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prfaf WWWW   (3-12) 

The following relations exist between indicated work (Wi), brake work (Wb) and 

friction work (Wf): 

i b fW W W   (3-13) 

3.3.11 Mean Effective Pressure (MEP) 

According to definition, the mean effective pressure (MEP) is a pressure that if 

applied during the power stroke, does the same amount of work performed in 

the real state on the piston. The MEP is equal to the ratio of engine work done to 

the displacement volume. If we consider that the production work of the engine 

is equal to indicated work, the indicated mean effective pressure (IMEP) will be 

obtained and if we consider that the production work is equal to brake work, the 

brake mean effective pressure (BMEP) will be obtained. Therefore, we have: 

i

d

W
IMEP

V
  (3-14) 

b

d

W
BMEP

V
  (3-15) 

3.3.12 Mechanical Efficiency 

The ratio of brake power (Pb) to indicated power (Pi) is called mechanical 

efficiency: 

b
m

i

P

P
  . (3-16) 

3.3.13 Thermal Efficiency 

The ratio of power to the energy resulting from the fuel combustion is called 

thermal efficiency. If the power is considered to be equal to indicated power, the 
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indicated thermal efficiency (ηth,i) and if the power considered to be equal to 

brake power, the brake thermal efficiency (ηth,b) will be obtained: 

,
i

th i

f

P

m LHV

   (3-17) 

,
b

th b

f

P

m LHV

 

 

(3-18) 

LHV=Lower heating value of fuel (kJ/kg). 

3.3.14 Volumetric Efficiency 

According to definition, the volumetric efficiency of an engine is equal to the 

ratio of actual mass of inlet air into the cylinder (ma) at the intake stroke to the 

theoretical mass air (mt) that occupies the displacement volume. The density of 

theoretical air (ρa,t) is determined with regard to the temperature and pressure 

of the atmosphere (Ferguson, 1986): 

,

a a
v

t a t d

m m

m V



   (3-19) 

The volumetric efficiency is used only for four stroke engines that have a 

separate intake stroke in a cycle. 

3.3.15 Specific Fuel Consumption (SFC) 

The SFC is the mass discharge ratio of fuel to engine production power. The SFC 

is a comparative parameter, which shows to what extent an engine can convert 

the potential energy in fuel into work. Therefore, the SFC can be an alternative 

for thermal efficiency. In addition, if the brake power is taken into consideration 

with the engine power, the brake specific fuel consumption (BSFC) and if the 
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indicated power is taken into consideration, the indicated specific fuel 

consumption (ISFC) will be obtained.  

f

b

m
BSFC

P
  (3-20) 

f

i

m
ISFC

P
  (3-21) 

3.4 Stoichiometry 

The air and fuel mixture in a piston cylinder get the reactants of combustion. If 

all the fuel assumed that at temperatures less than 1000K and it consumed 

during the reaction, then the chemical reaction can be written (Ferguson, 1986): 

 2 2 1 2 2 2 3 2 4 2 5 6 20.21 0.79a b c dC H O N O N v CO v H O v N v O v CO v H        ε  

 

 , , a, b, c, d and v's are equivalence ratio, the molar fuel/air ratio, fuel 

components and fuel components, respectively. In addition, the molar fuel/air 

ratio is (for 21%v oxygen and 79%v nitrogen): 

0.21

4 2

b c
a



 

ε  
(3-22) 

3.4.1 Equivalence Ratio 

The equivalence ratio ( ) is the fuel air ratio in the actual state (FA)act. to 

stoichiometric state (FA)sto. This ratio can be calculated through the following 

relation: 

 
.

.

( )act

sto

FA

FA
   (3-23) 
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If   1 we have a lean mixture, if   1 the mixture is rich, and for   =1, the 

mixture is stoichiometeric. 

3-5 Equilibrium Combustion Products 

If the temperature is less than 1000K, the final products are in a single zone 

with six species including CO, O2,CO2, H2O, N2 and H2, depending upon the 

reaction temperature and FA ratio with exact concentrations. At high FA ratios, 

there is not sufficient oxygen; therefore, all of the carbon in the fuel converts to 

carbon dioxide, resulting in the carbon monoxide formation. If the temperature 

is greater than 1000K, the final products are in two-zone with ten species, 

therefore, during the combustion process dissociation reactions result is 

including other species (e.g. OH, NO, H and O). In an ICE, NO formed during 

the combustion time when the reaction temperatures are greater than 2000K. 

The NO decomposition rate is extremely slow at temperatures lees than 2000K, 

therefore, the NO concentrations "freeze" at lower temperatures at 

concentrations above the equilibrium values (Ferguson and Kirkpatrick, 2001). 

3.6 The Determination of the Combustion Products at Low 

Temperature (T< 1000K)  

The moles of CO per moles of air (v5) is: 

2

1 1 1 1

5

4

2

b b ac
v

a

  
  (3-24) 

a1=1-K, b1=    0.42 2 0.42 1a c K a        ε ε , c1=  0.42 1a K  ε , K=

 2 3exp 2.743 1.761/ 1.611/ .2803/t t t   , and t=T/1000 (T is the temperature of 
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combustion [K]). Based upon the equivalence ratio, the solutions for the molar 

coefficients are (Table 3.1). 

Table 3.1 the products molar coefficients solutions (Ferguson, 1986). 

Products Moles of 

product  

1   1 >  

CO2 
1v  aε  a 5ε - v  

H2O v2 bε/2  0   5.42 2a c v  ε  

N2 v3 0 .79 (1 )   0 .79 (1 )   

O2 
4v  0  .21 1   0 

CO v5 0 v5 

H2 
6v  0   50.42 1 v    

3.7 The Fuel Heating Value and Determination of inQ  

The higher heating value (HHV) means that all the water products will be 

liquid. In addition, the lower heating value (LHV) means all the water products 

will be vapour. In table 3.2, the HHV for each fuel, along with the AF ratio for 

stoichiometric combustion is summarised. 

In order to determine the energy input (Qin (J)), the fuel mass of entering in the 

cylinder has to be determined. The energy input (Qin), can be calculated as: 

in fQ HVm  (3-25) 
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Table 3.2 Fuel Properties (Heywood, 1998; Turns; 1996, Ferguson, 1986). 

“Fuel Chemical 

formula  

HHV  

[kJ/kg] [kg air/kg 

fuel] 

Air/Fuel ratio 

stoichiometric 

Fuel/Air 

stoichiometric” 

“Methane  CH4  55,500  17.2  0.05814” 

“Propane C3H8  50,300 15.6 0.06410” 

“Octane  C8H18  47,900 15.1 0.06623” 

“Methanol  CH3OH  22,700  6.5 0.15385” 

“Ethanol  C2H5OH  29,700 8.99  0.11123” 

“Hydrogen H2  141,600 27.2 0.03677” 

“Gasoline  C8H15  47,300 14.6 0.06849” 

“Diesel  C12.5H22.2  44,800 14.5 0.06897” 

3.8 Chemical Equilibrium 

The combustion products will be defined assuming that the reaction 

temperature does not reach greater than 1000K. At these higher temperatures, 

the products dissociation occurs. Only the carbon dioxide dissociation and 

diatomic nitrogen considered (Stone, 1999). The corresponding reactions are: 

2 2

1

2
CO CO O   

2 2 2N O NO   

The reaction can proceed in both directions. The chemical equilibrium constant 

(K), is determined to describe the reaction behaviour. In addition, as K 

increases, equilibrium for the reaction moves to the right and more products are 
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produced. The K for the reverse reaction to the left is the K reciprocal for the 

forward reaction. Whereas, the equilibrium constant can be related to the 

partial pressure of reactants and products, therefore, for the following reaction, 

K is equivalent to: 

. . . .a kmolsA b kmolsB c kmolsC d kmolsD    

.

.

c d

C D

a b

A B

P P
K

P P
  

(3-26) 

K is a function of temperature and will have units of pressure to the power (c+d-

a-d) that a, b, c and d are molar coefficients. 

The partial pressure (Pi) of a component is determined as 

A

a
P P

a b c d

 
  

   
 (3-27) 

where P is the system pressure. 

3.8.1 Dissociation of Carbon Dioxide 

The carbon dioxide would be dissociated into carbon monoxide and oxygen. If x 

is the number of moles carbon dioxide, therefore, the reaction can be written as: 

2 2 2

1
1 (1 )

2 2

x
CO O CO x CO xCO O       

The partial pressures can be defined as: 

2

1

(1 )
2

CO

x
P P

x
x x




  

 
(3-28) 
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(3-29) 
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(1 )
2

O

x

P P
x

x x



  

 (3-30) 

The K can be determined by: 

2

2

1/2( ).( )

CO

CO O

P
K

P P


 

 

1/2

1/2

1
1 2

( / 2)

x
x

K
x x P

 
 

  
 
 

 

 

(3-31) 

Therefore, once K is defined, x can be determined. The K is a function of 

temperature. Moreover, the temperature increases, so K increases as well. In 

addition, the equilibrium constant can be related to the Gibbs function of the 

components. 

0

ln
G

K
RT


   (3-32) 

T and R are the temperature and universal gas constant of the reaction, 

respectively. 

The Gibbs function can be defined as: 

o o o o o o o

products reactents C D A BG g g cg dg ag bg        
(3-33) 
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The K has been tabulated for several reactions at various temperatures 

(Ferguson and Kirkpatrick, 2001). These values are determined with the use of 

as the above relations, by statistical thermodynamics. 

3.8.2 Dissociation of Diatomic Nitrogen 

The molar value for the dissociation of diatomic nitrogen to nitrous oxide (NO) 

is determined according to the previous procedure. The actual reaction can be 

written as: 

 2 2 2 21 1 1 (1 ) 2N O x N x O xNO       

The partial pressures are: 

2

1

4
N

x
P P

 
  
 

 
(3-34) 

2

1

4
O

x
P P

 
  
 

 
(3-35) 

2

4
NO

x
P P

 
  
 

 
(3-36) 

The equilibrium constant can be defined as: 

2
2

1

x
K

x

 
   

 (3-37) 

x can be determined from: 

1/ 2

1/ 22

K
x

K



 (3-38) 
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3.9 The Basic Otto Cycle 

The Basic Otto Cycle includes; compression, which is reversible and adiabatic 

(1-2); heat addition from fuel (2-3), expansion, which is reversible and adiabatic 

(3-4), and heat rejection to the cylinder walls (4-1) (Figure 3.4). Figure 3.4 

shows the pressure variation during compression and expansion schematically. 

The compression occurs from -180 degrees (BDC) to 0 degrees (TDC) when the 

piston compresses the air fuel mixture with upward motion. In this cycle model, 

the heat input occurs entirely at TDC. Therefore, the gases expand and the 

piston moves to downward, and produces work from 0 degrees to +180 degrees. 

In this cycle model, the heat rejection occurs entirely at BDC (Ferguson, 1986). 

 

Figure 3.4 Basic Otto Cycle (Ferguson, 1986). 

The compression ratio is equal to the expansion ratio and can be determined as: 

max 1

min 2

v

V V
CR r

V V
    (3-39) 

 

For this cycle model, the thermal efficiency can be calculated by:  
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th k

v

T V

T V r






 
      

 
. (3-40) 

k is the specific heat ratio (
p

v

C
k

C
 ). 

3.10 Finite Heat Release 

Figure 3.5 shows heat release model. In this model, the peak pressure will not 

be greater than the Otto Cycle that it has a "delta" function heat release. In 

addition, the heat input (Qin) entered to the cylinder over the finite crank angle 

duration (Ferguson and Kirkpatrick, 2001). 

 

Figure 3.5 Heat release model (Ferguson and Kirkpatrick, 2001). 

 

3.11 Finite Heat Release and Derivation of Pressure in the Crank 

Angle  

For a small crank angle change (d ), the differential first law is: 

Q W dU    (3-41) 
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With replacing the definitions as Q heat release, W PdV   and vdU mC dT

, the results is: 

vQ PdV mC dT    (3-42) 

PV=mRT is the ideal gas equation, therefore: 

1
( )mdT PdV VdP

R
   (3-43) 

( )vC
dU PdV VdP

R
   (3-44) 

Then, the first law the basis on crank angle is as follow: 

( )vC
Q PdV PdV VdP

R
     (3-45) 

1 v vC CQ dV dP
P V

d R d R d  

  
   
 

 (3-46) 

p vR C C   and 
p

v

C
k

C
  to determine 

1

1

vC

R k



, thus, the equation changes to: 

1

1 1

Q dP k dV
V P

d k d k d  


 

 
 (3-47) 

1dP k Q P dV
k

d V d V d  

 
   (3-49) 

The burnt rate in SI engine can be modelled by the Wiebe function. The Wiebe 

function for calculation of the burn fraction (xb) is typically used in the heat 

release model. This function is: 
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1

( ) 1 exp

m

s
bx a

 




  
    

   

 (3-50) 

( )bx   is the heat released fraction, θs is the start of heat release,  is the the 

heat release duration (length of burn), a is the Wiebe efficiency factor (typically 

is equal 5), and m is the Wiebe shape factor (typically is equal 2). 

The parameters a and m are adjustable parameters used to fit experimental 

data. Values of a=5 and m=2 have been reported to fit well with experimental 

data (Heywood, 1988). 

At the beginning of the combustion, the burn fraction is zero and at the end of 

the combustion, it is almost one. 

The heat release the basis on the crank angle becomes:  

b
in

xQ
Q

d 





 (3-51) 

With considering the Wiebe function the derivative of burn fraction is: 

(1 )( 1)
m

b b sx x m a  

  

    
  

   
 (3-52) 

When s  , therefore, 0bx  . Then, 
Q

d


 and

dV

d
 are determined, and the 

pressure as a crank angle function can be defined. 

3.12 Heat Transfer in Finite Heat Release  

In spark ignition engines, the heat transfer from the combustion product occurs 

by convection and radiation. However, the radiation may account for up to 10% 
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of the heat transfer. The reduction of radiation is due to made up of carbon-

macroscopic particles by fuel. Therefore, the heat loss to the wall is determined 

by Newtonian model: 

 g WQ hA T T   (3-53) 

In this relation, h is the heat transfer coefficient, A is the exposed surface area of 

the combustion chamber, Tg is the cylinder gas temperature and TW is the 

cylinder wall temperature. 

3.12.1 Coefficient Correlations of Heat Transfer  

Annand and Woschni developed two correlations for calculation of the heat 

transfer coefficients. These correlations in this are discussed. Annand developed 

the correlation according to definitions as below (Annand, 1963): 

haNu Re  (3-54) 

Re
g p

g

U b


  (3-55) 

8.035.0  a , 0.6 0.9c    

Thus, the total rate of convection heat flux based on Annand correlation is 

determined as follows: 

 Re
gn c

gcv w

k
q a T T

b

 
  

 
 (3-56) 

In this correlation, h is the heat transfer co-efficient, b is the bore, kg is the 

average thermal conductivity of gases inside a cylinder, g  is the average 
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density of gases inside a cylinder, 
g  is the average dynamic viscosity, pU  is the 

mean piston speed, and a and c are variables. 

Annand has suggested the following relation for the calculation of radiation heat 

flux: 

 4wg
n

r TTcq    (3-57) 

88 1037.51049.3   c  

 

 

In this relation   is the Stefan–Boltzmann constant. 

In order to get the total rate of heat transfer after collecting the heat flux of 

convection and radiation, they are multiplied by the surface area. It is 

considered the surface only as the cylinder area. 

Woschni suggested modified values for the gas velocity increases in the cylinder 

for the combustion period. Annand assumed a constant gas velocity equal to the 

mean piston speed. (Woschni, 1971) defines the average gas velocity in the 

cylinder (v) for a 4-stroke engine without swirl: 

1 2 ( )d r
p m

r r

V T
v c U c P P

PV
    (3-58) 

1 2
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1 2
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c c
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(3-59) 
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Pm is the motoring pressure. Pr, Tr and Vr Parameters are evaluated at any 

reference condition, such as inlet valve closure. 

The Woschni‟s heat transfer co-efficient is: 

0.2 0.8 0.55 0.83.26.h b P T v   (3-60) 

3.13 Residual Mass Fraction 

All the fuel is consumed in the combustion in an ideal engine. However, in 

actual engine, this does not occurred and the amount of fuel will be left 

unburned. For this reason, the cycle initial and exhaust temperatures will not 

return to their initial value. Therefore, by assuming the above definitions the 

residual mass fraction is determined by (Ferguson, 1986): 

4

4

1 e

e

PT
f

r T P
  (3-61) 

In this relation, T4 and P4 are the temperature, and pressure at the end of 

expansion stroke, respectively, r is the compression ratio, Te is the exhaust 

temperature, and Pe is the exhaust pressure. 

The exhaust pressure and temperature must be known for calculation the 

residual mass fraction. The intake pressure is typically twice of the exhaust 

pressure, Pi = 2Pe. By assuming the final mass in the cylinder that expands in 

isentropic process to the exhaust pressure, the exhaust temperature can be 

determined as: 

1

4

4

k

k
e

e

P
T T

P



 
  

 
 (3-62) 
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The residual mass fraction and exhaust temperature are calculated form the 

FLT by iteration. 

3.14 Friction Mean Effective Pressure (FMEP) 

The friction process in an IC engine is categorised into three main components: 

(1) mechanical friction, (2) pumping work, and (3) accessory work. The first 

category includes the friction of internal moving parts such as the crankshaft, 

piston, rings and valve train. The pumping work is the work required to move 

the fuel air mixture into and out of an engine. The accessory work includes the 

oil pump, water pump and no charging alternator friction. 

The preceding component analyses can be combined to get an overall engine 

FMEP model. The FMEP components are shown as a function of engine speed 

in Figure (3.6). The friction from piston rings and skirts is the largest 

component. 

 

Figure 3.6 FMEP versus engine speed (Ferguson and Kirkpatrick, 2001). 
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The data for total motored FMEP for some four stroke cycle, four cylinder SI 

engines between 845 and 2000 cm3 displacement, at wide open throttle (WOT) 

as a function of engine speed are well correlated by a relation as (Barnes-Moss, 

1975; Abd Alla, 2002): 

2( ) 0.97 0.15( ) 0.05( )
1000 1000

N N
FMEP bar   

 (3-62) 

In this correlation, N is engine speed in RPM. 

3.15 Summary 

In this chapter, basic concepts and equations relating to the engine operation 

parameters have been discussed. In addition, by combining the equations 

together, the other equations are obtained. Whereas, these parameters can be 

used for engine design and characterisation, then, they can be applied for 

studying and research such as engine modelling. Therefore, these are presented 

as general and technical equations for the FLT analysis on SI engines.  
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Chapter 4 

The Bi-fuel SI Engine Model  

 

In this chapter, a four-stroke bi-fuel spark ignition (SI) engine is modelled. The 

purpose of the present study is to analyse the performance and emission 

characteristics of a bi-fuel spark ignition engine. 

The engine model is developed in a two-zone model, while considering the 

chemical synthesis of fuel, including 10 chemical species. A computer code is 

developed in MATLAB software to solve the equations for the prediction of 

temperature and pressure of the mixture in each stage. In addition, it has the 

ability to simulate turbulent combustion and compared to computational fluid 

dynamic (CFD) models it is computationally faster and efficient. The selective 

outputs are cylinder temperature and pressure, heat transfer, brake work , brake 

thermal and volumetric efficiency, brake torque, brake power (BP), brake 

specific fuel consumption (BSFC), brake mean effective pressure (BMEP), 

concentration of CO2, brake specific CO (BSCO) and brake specific NOx 

(BSNOx). In this research, the effect of engine speed, equivalence ratio on 

engine performance parameters are analysed in gasoline and CNG fuels. In 

addition, the model is validated by experimental data using the results obtained 

from bi-fuel engine tests. Therefore, this engine model is capable to predict, 

analyse and useful for optimisation of the engine performance parameters.  
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4.1 Introduction 

Using an alternative fuel was a major consideration of this work, in place of 

gasoline and diesel fuels now used for many years (Rezapour and Ebrahimi, 

2007). In addition, the Kyoto Protocol calls for reductions in greenhouse gas 

emissions between 2008 and 2012 to levels that are 5.2% below 1990 levels in 

38 industrialised countries (Cho and He, 2007). CO2 is a greenhouse gas 

component of the exhaust gases from SI engines. Moreover, the use of fuel with 

higher hydrogen to carbon ratio (H/C) can reduce CO2 emissions from engines 

and improving economy of fuel. Therefore, the most important alternative for 

gasoline is natural gas, which comprises more than 88 percent methane. This 

gas is used in CNG and liquid natural gas (LNG) forms in vehicles. CNG is 

cheaper and cleaner than gasoline, but it reduces the engine power produced 

(Rezapour and Ebrahimi, 2007). With regard to the climatic situation of some 

countries, and considering the existence of broad networks of gas distribution, 

natural gas can be a suitable alternative to conventional fuels. The bi-fuel 

vehicle in some countries, along with the implementation of strategies for the 

gasification of vehicles, has been identified, i.e. workshop conversion of vehicle 

in move (short-term approach), factory production of bi-fuel engines (midterm 

approach) designing and producing base CNG engine (long-term approach) 

(Rezapour and Ebrahimi, 2007). 

Therefore, developing bi-fuel engines (gasoline and CNG) in the short and 

middle term is a strategy for achieving this important aim. A major support for 

better achievement of this subject is applied studies for analysis and 

improvement the engine performance (Rezapour et al., 2010). 
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4.2 Thermodynamics and Mathematical Modelling 

The engine model developed herein is a quasi-dimensional, two zones 

combustion model that solves the differential equations related to compression, 

combustion and expansion. Intake and exhaust processes computationally are 

calculated using an approximation method. In this model, the combustion 

chamber is divided into two zones including of an unburned mixture (zone 1) 

and burned mixture (zone 2). The distance between the two zones is the flame 

front. The flame is propagated turbulently, and it expanded in the combustion 

chamber over a spherical flame front. With regard to the above assumptions, 

and using the mass and energy conversion laws, an engine model is developed. 

in out

dE dQ dW
mh mh

d d d  
      (4-1) 

in out

dm dm dm

d d d  
  

 
(4-2) 

Equations (4-1) and (4-2) can be combined as: 

( )

in out

d mu dQ dV d m dm
p h h

d d d d d    
      (4-3) 

4.3 Thermodynamic Properties 

It is necessary to have the gases thermodynamic properties inside the cylinder 

due to make cyclic computation, therefore, the establishment of mathematical 

relations to determine these properties with precision is most important. In this 

section, some relations are presented for some of the ideal gases, which have a 

high application in engineering. These equations have been obtained by 
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adapting them with the base quantities curve that have been gathered from 

different tables. In addition, the efforts are made to introduce the necessary 

relations for the calculation of these properties. These are specific heat capacity 

at constant volume ( vC ), specific heat capacity at constant pressure ( pC ), 

specific enthalpy (h), specific entropy (s), and specific internal energy (u). 

4.3.1 Air and Combustion Products Data 

The thermodynamic properties are provided using the relations proposed by the 

following expressions (Gordon and McBride, 1971), which are curve-fitted to 

tabulated JANAF thermo-chemical tables (JANAF, 1971). 

, 2 3 4

1 2 3 4 5

P i

i i i i i

C
U U T U T U T U T

R
    

 
(4-4)

 

2 3 42 3 4 5 6
1

2 3 4 5

i i i i i i
i

h U U U U U
U T T T T

RT T
     

 
(4-5) 

2 3 43 4 5
1 2 7n

2 3 4

i i i i
i i i

s U U U
U T U T T T T U

R
     

 
(4-6) 

where, Cp is the specific heat measured at a constant pressure, h is the specific 

enthalpy and s is the specific entropy. The coefficients 1iU to 7iU  are determined 

over two various temperature ranges (Kee and Rupley, 1991): 1. 300T1000 K 

and 2. 1000T5000 K. 

4.3.2 Fuel Data 

Heywood has described the fuels thermodynamic properties (in vapour phase) 

using curves, which a little differ from relations (4-4), (4-5), and (4-6). 
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(4-9) 

For calculating the coefficients, the data are used from the some references 

(Heywood, 1998; Ferguson, 1986; Stone, 1999; Turns, 1999). 

The following relation is suggested for getting specific enthalpies and heats for 

various species, with  referring to the property and x being the fraction of burnt 

mass (Moran and Shapiro, 2003). 

1

.
N

mixture k k

k

x 


  (4-10) 

4.4 COMBUSTION MODEL 

The combustion model is the two-zone model that divides the combustion 

chamber into unburned and burned zone. These zones distinct by a turbulent 

flame front that is solved numerically. Therefore, the combustion parameters 

such as burnt mass fraction (x=m/mb) combined into the model consist laminar 

and turbulent flame speed.  

4.4.1 ADIABATIC FLAME TEMPERATURE  

The adiabatic flame temperature is the maximum temperature that the products 

of combustion will reach in the limiting case of no heat loss to the surroundings 

during the combustion process. The adiabatic flame temperature reaches its 
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maximum value when complete combustion happens with the theoretical value 

of air. Recalling the definition of enthalpy [13], this can be stated as:  

( , ) ( , )react i prod adH T p H T p  (4-11) 

where, subscript react denotes to reactants and prod denotes to products, Tad is 

the adiabatic flame temperature, and Ti is the initial flame temperature.  

4.4.2 Flame Speed and Burning Rate Model 

Ignition is treated as an abrupt discontinuity between the compression and 

burnt stages occurring at a specified crank angle with instantaneous conversion 

of a specified mass fraction x of the reactants to products (0 x 1). This 

produces an unburned zone and burned zone, each assumed to be homogeneous 

and hence characterised by a single state. Figure (4-1) shows a schematic of a 

two zone thermodynamic system during the combustion process. Subscripts b 

and u denote to the burnt gas and unburned gas respectively. 

 

Figure 4.1 Schematic of two-zone combustion thermodynamic model       

(Lounici et al., 2011). 
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The laminar flame with gasoline and CNG (methane) fuels has been used from 

the relations presented (Metghalchi and Keck, 1980). The relations for these 

fuels are: 

 0.77

,0

0 0

1 2.0u
L L

T P
u u x

T P

 
   

    
   

 (4-12) 

P is the pressure, Tu is the unburned zone temperature, T0=298 and P0=1 (atm) 

are the reference temperature and pressure,  ,  and 
,0Lu  are constants, and 

bx  is the mole fraction of the residual gas in the unburned mixture. These 

constants are defined as follows for gasoline fuels: 

2

,0

2.18 0.8( 1)

0.16 0.22( 1)

0.305 0.549( 1.21)Lu

 

 



  

   

  

 

The flame speed of the natural gas and air mixture has been calculated by using 

the relations presented (Gu et al., 2000). This relation is:  

,0

0 0

u u
L L

T P
u u

T P

 
   

    
   

 (4-13) 

γ and κ depend upon  . They have determined the quantities with an 

insignificant error (0.014%) for different quantities as shown in equation (4-14). 

4.4.2.1 Turbulent Flame Speed 

There are different methods for the calculation of the turbulent flame speed. In 

the engine model, the Damkoler method (Verhelst, 2005) has been used to 

calculate the turbulent flame speed (equations 4-15 and 4-16). 
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 (4-14) 

t Lu u u   (4-15) 

360
0.75 (1 0.5 )

45
p

u u
 

    (4-16) 

In the above relations, θ is the crank angle at the end of the compression stroke, 

equal to 360 degrees. In addition, up is the engine piston speed. 

In order to calculation of burnt mass amount during the combustion, it can be 

determined using the relation as follow: 

. . .(1 ) / 6b t
f u L

L

dm u
A u N

d u



   

(4-17) 

24f fA R  
(4-18) 

1

3
3

( )
4

b
f

V
R


  

(4-19) 

where, N is engine speed in rad/sec, ρu is unburned mass density (gr/m3), Af is 

the flame front area (m2), and Rf is radius of flame (m). 

4.4.3 Chemical Synthetic and Equilibrium Concentration 

Under the atmospheric air composition assumption (21%v Oxygen and 79%V 

Nitrogen), and conditioned 3, the species including O, H, OH and NO are 
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important due to dissociation (Ferguson and Kirkpatrick, 2001). Therefore, the 

combustion reaction becomes: 

2 2 1 2 2 2 3 2 4 2 5

6 2 7 8 9 10

0.21 0.79 ...

...

yC H O N O N x CO x H O x N x O x CO

x H x H x O x OH x NO

          

    

 

(4-20) 

x1 to x10 represent the products mole fractions. In addition, with two additional 

mole fractions in the products including N and Ar, which they (Olikara and 

Borman, 1975) are made preparation content user specified air quality, and 

Depcik improved the Olikara and Borman model (Depcik, 2000): 

4.5 Mass in a Control Volume 

The mass in a control volume is determined by (Chan & Zhu, 1999): 

For 360IVC CA    (intake) 

( )

u

V
m




  (4-21) 

IVC is the inlet valve closing. 

For IVCEVO   (valve closed) 

 exp ( ) /IVC b IVCm m C     
 (4-22) 

EVO is the exhaust valve opening. 

For EVOCA  360 (blow down and exhaust) 
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b

V
m



 )(
  (4-23) 

The cylinder volume is known at any crank angle. 

4.6 Thermal Properties 

The unburned and burnt mixture zones are separate open systems. 

Therefore, the specific internal energy, u, and specific volume, v, are 

expressed as: 

(1 )b u

U
u x u x u

m
     (4-24) 

(1 )b u

V
v xv x

m
   

 
(4-25) 

By the assumption that the burnt and unburned gases pressures are 

equal, vb and vu are Tb, Tu, and p function. Thus: 

 d

dp

p

v

d

dT

T

v

d

dv bb

b

bb









  (4-26) 

u u u u

u

dv dT dp

d T d p d

 

  

 
 
   

(4-27) 

Back replacement the logarithmic differentials from the Depcik model (Depcik, 

2000) on equations (4-23) and (4-25), by: 

b b b b b b

b b

dv v nv dT v nv dp

d T nT d p np d  

 
 

 
 (4-28) 

u u u u u u

u u

dv v nv dT v nv dp

d T nT d p np d  

 
 

   
(4-29) 
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Likewise, the both the burnt and unburned gases internal energies, under like 

pressure condition and containing the logarithmic differentials, can be 

presented as: 

b

b b b b b b
p b

b b b

du pv nv dT nv nv dp
c v

d T nT d nT np d  

     
      

     
 (4-30) 

u

u u u u u u
p u

u u u

du pv nv dT nv nv dp
c v

d T nT d nT np d  

     
      

       
(4-31) 

4.7 Heat Transfer Model 

In terms of heat loss, heat transfer model is expressed (Ferguson, 1986). 

loss b u
Q QQdQ

d  

 
   (4-32) 

where, 

 






,, phi

wibbib
TTAhQ  (4-33) 

 






,, phi

wiuuiu
TTAhQ

 
(4-34) 

where, Abi and Aui are the burned and unburned gases areas in heat transfer 

model in contact at temperature Twi with the combustion chamber component, 

x being the mass fraction burned and subscripts h, p and ℓ denoting to cylinder 

head, piston crown and linear, respectively. The following relations are 

(Ferguson, 1986): 

0.5

bi iA A x  (4-35) 
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0.5(1 )ui iA A x   (4-36) 

2

2b
Ah


 (Hemispherical cylinder head)

 
(4-37) 

4

2b
Ap


 (Flat piston crown)

 
(4-38) 

b

V
A

)(4 
 (Linear surface area exposed to gases) and i hA A A 

 
(4-39) 

The heat transfer rate is calculated from the following equation (Woschni, 

1967): 

.
0.2 0.8 0.55 0.8( . . . ).( )w wQ A c B P T u T T    (4-40) 

In this equation, the speed u is determined by: 

1 2

.
( )

.

r

m

r r

p

V T
P P

P V
u c u c    (4-41) 

where, 2p LNu   

Parameters Pr, Tr, and Vr are evaluated at any reference condition, such as inlet 

valve closure. In addition, Aw, Pm, L and N are cylinder wall area, motoring 

pressure, piston stroke, and engine revolution, respectively. The values for c1 

and c2 suggested by Woschni are listed in Table 4.1. 

4.8 Burned and Unburned Zone Parameters 

By solving the equations of energy conversion for each stage, the pressure and 

temperature rate changes can be calculated (Ferguson, 1986): 
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Table 4.1 Woschni‟s formula parameters (Woschni, 1971) 

Gas exchange c1= 6.18 c2= 0 

Compression c1= 2.28 c2=0 

 Combustion and expansion c1= 2.28 c2= 3.24E-3 
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Figure 4.2 Solution procedure of the quasi-dimensional combustion model. 
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(4-50) 

Equations (4-42)-(4-50) are functions that have been solved using a Runge-

Kutta method. A detailed solution procedure of the quasi-dimensional 

combustion model is shown in Figure 4.2. 

4.9 Intake and Exhaust Processes 

Intake and exhaust processes computationally are calculated using an 

approximation method (Bayraktar, 2003). In this method, pressure loss is 

determined during the intake process by the Bernoulli equation for one-

dimensional incompressible flow. In addition, intake pressure and temperature, 

exhaust pressure and temperature, and volumetric efficiency are determined as: 

0i ip p p    (4-48) 

0( ) / (1 )i eT T T fT f    
 (4-49) 

0(1.05 1.25)ep p
 (4-50) 

1/3/ ( / )e b b eT T p p
 (4-51) 

0 00[ ( 1)]( )[ ( )]
i e

r r p p T T T f T
edv

     
 (4-52) 

pi,  pi, Ti, pe, Te, Tb, Pb, , edf  , and v  
are intake pressure, pressure loss 

(manifold), intake temperature, exhaust pressure and temperature, burned 

temperature and pressure, mole fraction, charge up efficiency and volumetric 

efficiency, respectively. 
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Therefore, simulation and modelling of pressure, temperature, work and heat 

transfer is possible for the bi-fuel four stroke SI engine running on gasoline and 

CNG fuels. 

4.10 Total Friction Work for SI Engines 

The total friction work consists of three major components. These components 

are pumping work, rubbing friction work, and accessory work. Data at WOT for 

several 4 stroke cycle, 4 cylinder SI engines, for providing total motored friction 

mean effective pressure (FMEP), as an engine speed function are adequately 

correlated by a relation as (Branes, 1975, Abd Alla, 2002): 

( ) 0.97 0.15( ) 0.05( )
1000 1000

N N
FMEP bar   

 (4-53) 

4.11. Experimental Apparatus 

The engine specification is defined in Table 4.2 and it operates at 1500-6000 

rpm. Emissions and performance parameters of the bi-fuel engine are measured 

in full load (WOT) conditions over a wide range of engine speeds according to 

testing procedures. The test facilities consist of: 

 Four cylinders SI engine; 

 Eddy current dynamometer, Schenck WS230; 

 Exhaust gas analyser, Pierburg (HGA 400) 5 Gas Analyzer; 

 Air fuel ratio device, Lambda Sensor Horiba (Mexa-700); 

 CNG mass flow meters, Fisher Rosemount; 

 Gasoline mass flow meters, Maxmeter 214-410; 

 Cylinder pressure device, Indimeter 619; 
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 Data acquisition system, Ricardo; 

 Water and oil temperatures control, Engine Master Software; 

 CNG storage. 

The engine and dynamometer specifications are listed in Tables 4.2 and 4.3. In 

addition, the layout of the test rig is shown in Figure 4.2.The test engine is 

converted from a gasoline engine into a bi-fuel (CNG and gasoline) engine and 

equipped with an appropriate bi-fuelling system. Due to achieve the requested 

data, sensors were mounted in proper positions. Applied sensors include of 

angle encoder, lambda, air mass flow meter, intake manifold temperature, oil 

temperature and pressure, fuels temperature and pressure, exhaust manifold 

temperature, and outlet water temperature. Data were collected simultaneously 

from sensors and transfer to a data acquisition system. In addition, data for 

engine torque, brake power and exhaust gases was recorded, which included the 

concentration of NOx, total unburned hydrocarbons (THC), O2, CO and CO2 in 

exhaust emissions. The properties and compositions of CNG and gasoline used 

in the tests were defined from Research Institute of Petroleum Industry of Iran 

(RIPI). Natural gas composition and properties are shown in Tables 4.4 and 4.5. 

Gasoline composition and properties are shown in Tables 4.6 and 4.7. In this 

model, CNG and gasoline have been considered with a composition of CH4 and 

C7H14, respectively according to the composition and properties of CNG and 

gasoline in the research (Rezapour et al., 2010). 
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Figure 4.3 The layout of the test rig. 

Table 4.2 Engine specifications. 

Engine type Four stroke, bi-fuel spark 

ignition 

Induction Naturally aspirated 

Number of cylinders 4 cylinder – In line 

Bore (mm) 83 

Stroke (mm) 81.4 

Connecting rod (mm) 150.2 

Displacement Volume (cm3) 1761 

Compression ratio 9.25 

Maximum power 68.65 kW @ 6000 rpm 

Maximum torque 143 Nm @ 2500 rpm 

Inlet valve opening (IVO) 32o bTDC 

Inlet valve closing (IVC) 64o aBDC 

Exhaust valve opening (EVO) 59o bTDC 

Exhaust valve closing (EVC) 17o aBDC 
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Table 4.3 Schenck dynamometer specifications. 

Dynamometer type Schenck WS230 

Maximum torque 750 (Nm) 

Maximum speed 10000 (rpm) 

Maximum power 230 (kW) 

Torsional spring 593 (Nm/rad*1000) 

Weight 485 (kg) 

Inertia (kg/m3) 0.53 (kg/m3) 

 

Table 4.5 Thermodynamic properties of natural gas (RIPI). 

Stoichiometric ratio 16.5 

Octane number 130.0 

Higher heating value(MJ/kg) 50.79 

Lower heating value(MJ/kg) 45.71 

Molecular weight(kg/kmol) 18.10 
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Table 4.4 Natural gas composition (RIPI). 

Volumetric (%) Symbol Component 

88.1 CH4 Methane 

4.2 C2H6 Ethane 

1.36 C3H8 Propane 

0.3 C4H10 Butane 

0.28 C4H10 Iso-Butane 

0.06 C5H12 Pentane 

0.09 C5H12 Iso-Pentane 

0.03 C6H14 Hexane 

0.3 CO2 Carbon dioxide 

5.2 N2 Nitrogen 

 

Table 4.6 Thermodynamic properties of gasoline (RIPI). 

Stoichiometric ratio 14.19 

Octane number 95.8 

Higher heating value(MJ/kg) 45.03 

Lower heating value(MJ/kg) 42.21 

Molecular weight(kg/kmol) 106.22 
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Table 4.7 Gasoline composition (RIPI). 

Mass Fraction*100 Symbol Component 

85.65 C Carbon 

12.94 H Hydrogen 

1.39 O Oxygen 

0.0003 S Sulphur 

 

4.12 Validation of the Model 

To ensure the certainty of model validation, experimental results have been 

used. For a comparison, model and experimental results such as brake power 

(BP), brake torque, brake specific NOx and brake specific CO (Figure 4.4 t0 

Figure 4.11) are measurable and considered. The results obviously have a good 

correspondence (average 8% error). Therefore, the model is valid for predicting 

the performance and emission of the bi-fuel engine. Differences between 

theoretical (model) and experimental results provide evidence to consider an 

assumption series for simplification of the model, which is impossible due to 

modelling with consideration of all real conditions of the engine, such as 

friction. 
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Figure 4.4 Comparison of brake power results (gasoline). 

 

 

Figure 4.5 Comparison of brake power results (CNG). 
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Figure 4.6 Comparison of brake torque results (gasoline). 

 

 

Figure 4.7 Comparison of brake torque results (CNG). 
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Figure 4.8 Comparison of BSNOx results (gasoline) 

 

Figure 4.9 Comparison of BSNOx results (CNG) 
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Figure 4.10 Comparison of BSCO results (gasoline) 

 

Figure 4.11 Comparison of BSCO results (CNG) 
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transfer, thermal and volumetric efficiency, brake power, brake mean effective 

pressure, brake specific fuel consumption, equivalence ratio, BSNOx, BSCO and 

CO2 concentration in exhaust gases. The model is used to predict the 

performance and emissions of gasoline and CNG engines. The engine 

performances and emissions for both of fuels are analysed and discussed. 

4.13.1 Cylinder Pressure, Work Done and Heat Transfer 

Figures 4.12 t0 4.14 show cylinder pressure, work done, and heat transfer for 

gasoline and CNG fuels, respectively. In these predictions, N=3000 (r/min), and 

spark timing is 35.bTDC. It is clear that the thermodynamic parameters for CNG 

engines are less than gasoline. In addition, the engine performance in a specific 

engine has a high dependency upon the physical condition and mixture in the 

cylinder. 

 

Figure 4.12 Comparison of cylinder pressure for gasoline and CNG fuels in 

various crank positions. 
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Figure 4.13 Comparison of work done for gasoline and CNG fuels in various 

crank positions. 

 

Figure 4.14 Comparison of heat transfer for gasoline and CNG fuels in various 

crank positions. 
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less than gasoline (Max. 11%). This reduction in volumetric efficiency is due to 

two main reasons. 

Firstly, gasoline has a latent heat of vaporisation; as a result, it produces a 

cooling effect on the intake charge. Therefore, the density of charge has 

increased, and volumetric efficiency rises. CNG fuel is in a gaseous form at 

ambient temperature and the effect of cooling at the time of evaporation will not 

take place. 

Secondly, CNG fuel occupies a large volume in the inlet mixture. These are the 

main reasons for a decrease in volumetric efficiency when an engine is CNG 

fuelled. Figure 4.16 shows the brake thermal efficiency of the CNG engine is less 

(Max. 4.5%) than brake thermal efficiency of the gasoline engine. This occurred 

due to reducing work done in the CNG engine although the heating value of 

CNG fuel is higher than gasoline. 

 

Figure 4.15 Comparison of volumetric efficiency for gasoline and CNG fuels at 

various engine speeds. 
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Figure 4.16 Comparison of brake thermal efficiency for gasoline and CNG fuels 

at various engine speeds. 

4.13.3 Brake Power (BP) 
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enables the designer to use a greater compression ratio and improve the engine 

performance. 
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Figure 4.17 Comparison of brake power for gasoline and CNG fuels at various 

engine speeds. 

4.13.4 Brake Mean Effective Pressure (BMEP) 

In Figure 4.18, the BMEP by CNG and gasoline fuels in the engine are 

compared. For naturally aspirated engines, the maximum of the BMEP lies 

between 850 to 1050 kPa in the engine speeds (Duan, 1996). The engine BMEP 

in the CNG state is less than (Max. 17%) gasoline. This reduction is due to two 

main reasons that will be discussed. Firstly, the flame speed of CNG is less than 

gasoline (Duan, 1996; Heywood, 1998). The advance of engine spark in CNG 

state is greater. This will cause early ignition and means that more negative 

work is done as compared to gasoline. Secondly, the volumetric efficiency that 

plays one of the most important roles and in CNG engine is less than gasoline. 

For these reasons, the BMEP of CNG engine is less than gasoline. 

4.13.5 Brake Specific Fuel Consumption (BSFC) 

The BSFC for fuels under study is compared in Figure 4.19. It is obvious that the 

BSFC for a CNG engine is less than (Max. 9%) for gasoline. The main reason is 

high heating value of natural gas compared to gasoline. 
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Figure 4.18 Comparison of BMEP for gasoline and CNG fuels at various engine 

speeds. 

 

Figure 4.19 Comparison of BSFC for gasoline and CNG fuels at various engine 

speeds. 
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maximum NOx emission rate occurs for all engine speeds at  =0.8, and with 

rich and lean mixtures the NOx emission rate decreases (Figure 4.21). However, 

this model represent CO has a minimum emission rate at lean mixture (  0.8) 

and for   0.8 an increase in the emission rate has been observed (Figure 4.22). 

 

Figure 4.20 Comparison of BP variations in various equivalence ratios 

(gasoline). 

 

Figure 4.21 Comparison of NOx mole fraction at various equivalence ratios 

(gasoline). 
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Figure 4.22 Comparison of CO mole fraction at various equivalence ratios 

(gasoline). 

4.13.7 Brake Specific Nitrogen Oxide (BSNOx) 

Figure 4.23 shows BSNOx for both CNG and gasoline fuels. It is clear that 
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Figure 4.23 Comparison of BSNOx for gasoline and CNG fuels at various engine 

speeds. 
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gr/km (Rezapour and Ebrahimi, 2007). With the assumption of mean travel 

through a distance of each vehicle, about 30000km (that almost are taxi), 

annual rate reduction of CO2 and CO for each CNG engine will be about 860 

and 240 kg/year, respectively. 

 

Figure 4.24 Comparison of CO2 concentrations for gasoline and CNG fuels at 

various engine speeds. 

 

Figure 4.25 Comparison of BSCO for gasoline and CNG fuels at various engine 

speeds. 
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4.14 Summary 

In this chapter, an open cycle thermodynamic model of the bi-fuel spark 

ignition engine was developed for the prediction of the engine thermodynamics 

characteristics, performance, and the rate of CO2, BSCO and BSNOx emissions. 

The results of the model were compared to experimental data and the validity of 

the model was confirmed. The prevailing alternative fuel, including CNG, was 

compared to gasoline. 

CNG with regard to the gaseous form specification has advantages and 

disadvantages when compared with gasoline. Natural gas forms a more 

homogenous mixture in comparison to gasoline. It is cheaper than gasoline and 

produces the least rate of CO2 and BSCO. Gasoline produces more power and 

less BSNOx when compared with natural gas. However, three-way catalytic 

converters are part of vehicle emissions control systems and can treat NOx 

reduction efficiently. Moreover, natural gas contains very little sulphide oxide 

and for this reason has a lower destructive effect upon catalytic converters 

compared to gasoline 

The volumetric efficiency plays one of the most important roles amongst engine 

parameters. Gasoline has a latent heat of vaporisation; as a result, it produces a 

cooling effect on intake charge. Therefore, the density of charge increases and 

volumetric efficiency rises. As the CNG fuel is in gaseous form in ambient 

temperature, the effect of cooling at the time of evaporation will not take place. 

The thermal efficiency of a CNG engine is less than gasoline. This occurred 

because reducing work done in the CNG engine although the heating value of 

CNG fuel is higher than gasoline. 
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Using CNG, in an engine, which is designed with a gasoline base, will reduce the 

engine power. In order to remove this problem it is possible to use turbo 

charging and the designing of a modified intake manifold, or to increase the 

compression ratio of the engine. Because natural gas has a greater octane 

number compared to gasoline. 

The BSFC of an engine at CNG state was calculated to be less than that of 

gasoline. The main reason is a greater heating value of natural gas compared to 

gasoline. Gasoline as compared with CNG produces the greatest rate of CO and 

CO2. Moreover, a rich mixture produces more CO in comparison with a 

stoichiometric mixture. Another parameter affecting the production of CO is the 

C/H ratio of fuel.  

Fuels with a low flame speed need a greater spark advance. This item and the 

reduction of volumetric efficiency will reduce the brake mean effective pressure 

and will enhance the maximum pressure and temperature in a cylinder. 

However, the volumetric efficiency plays one of the major important roles 

between the other engine parameters. 

In order to obtain an engine with less pollution and better performance, engines 

should be designed specifically for each type of fuel. Therefore, in the bi-fuel 

engine, the optimality of the performance parameters should be ignored. 
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Chapter 5 

Exergy Based Bi-fuel SI Engine Model 

The purpose of this chapter is to characterise the exergy (availability) analysis in 

bi-fuel spark ignition engines. To meet this objective, the thermodynamic model 

in chapter four is developed. This model is developed based upon the second 

law, and exergy analysis terms. These terms are including thermo-mechanical 

availability, chemical availability, heat transfer availability, work availability, 

and the irreversible processes that are source of availability destroyed. Finally, 

in this chapter the effect of equivalence ratio, ignition time and engine of speed 

upon the terms of availability, the FLT and the SLT efficiency are presented and 

are discussed. 

5.1 Introduction 

Environmental laws and restrictions upon global energy resources have made 

many countries evaluate their policies related to environment and energy, and 

then apply approaches to address the loss and environmental protection in 

order to energy and the environment security. One of these approaches is the 

application of the second law of thermodynamics (SLT). The first law of 

thermodynamics (FLT) refers to the fact that energy can be transformed, i.e. 

changed from one form to another form; however, it cannot be created or 

destroyed. However, the SLT deals with the quality of energy, and in particular 

with energy quality loss in each process by producing entropy and lost 

opportunities to do work. It is worth noting that the best method for the analysis 

of this law is the exergy calculation. Whereas, the temperature, pressure and 

other necessary thermodynamic properties of the gases inside the combustion 
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chamber and the released heat flux are obtained using the simulation and 

modelling implemented for the bi-fuel engine, therefore, it is possible to 

calculate the SLT parameters and apply the availability analysis. In addition, the 

application of availability analysis focuses upon the identification of engine 

processes that result in destruction and availability loss, quantification of 

irreversibility and loss. Therefore, it can then find some measures to improve 

the performance of the engine. 

Early work, for ICEs (Primus et al., 1984; Flynn et al., 1984) on the global 

engine operation assessment using the SLT analysis was complied energy and 

exergy destroyed determination by detailed (Rakopoulos and Kyritsis, 2001; 

Rakopoulos, 1993; Rakopoulos et al., 1993). The SLT controversy has been 

applied to assessment concepts of modern engine (Flynn et al., 1984) to survey 

the operating parameters influence on efficiency (Kopac et al., 2001; 

Rakopoulos, 1993). The overall exergy and energy balance are considered in the 

period of engine cycle theoretically (Bedran and Beratta, 1985; Beratta and 

Keck, 1983). A review research about exergy and energy analysis was published 

and developed (Caton, 2000a; Rakopoulos and Giakoumis, 2006). They have 

been completed on the exergy analysis application to SI engine (Shapiro and 

Van Gerpen, 1989; Gallo and Milanez, 1992; Rakopoulos, 1993; Alasfour, 1997; 

Caton, 1999a; Caton, 2000b; Caton, 2002; Kopac and Kokturk, 2005; Sezer and 

Bilgin, 2008). A develop model for energy analysis.  

5.2 A Develop Model for Exergy Analysis 

In a system, the exergy is the maximum useful work, which it can be carried out 

through the system‟s composite and the same composite of the environment. 

Therefore, the use of the SLT in internal combustion engine analysis has been 
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intensified. Exergy analysis is a method of thermodynamic analysis based on the 

second law of thermodynamics. Exergy analysis affords a true measure that actual 

performance how approaches nearly to the ideal. It recognises more clearly 

thermodynamic losses the causes and locations than energy analysis. Therefore, 

it can support in modifying and optimising engine performances. In other words, 

exergy is the available energy that it can be used. 

In chapter four, a simulated bi-fuel SI engine model was presented. The 

mentioned model was based on the first law of thermodynamics or energy 

analysis. In section 5.3, this simulated bi-fuel SI engine model is developed 

based on the second law of thermodynamics or exergy (availability) analysis. 

Therefore, the terms of availability will be able to be determined. 

5.3 Availability (Exergy) Analysis 

In thermal systems, an exergy analysis, it is conventionally to divide the 

system‟s availability consists in two main parts: the chemical availability and the 

thermo-mechanical availability. In a system, the thermo-mechanical availability 

(Atm) denotes the maximum useful mechanical work educe able with the 

environment when the system reaches in thermal and mechanical equilibrium 

that its mass not allowed to react chemically or move with the surrounding 

atmosphere. As well in a system, the chemical availability (Afch) denotes the 

maximum useful work, which can be yielded because of variations among the 

system‟s components partial pressure at the restricted dead state and the same 

components partial pressures in the surrounding atmosphere. The thermo-

mechanical exergy can be written as: 
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     0 0 0 0 0tmA U U p V V T S S       (5-1) 

The subscript “0” refers to the reference of standard the surrounding 

atmosphere state; U0, V0, and S0 are the internal energy, volume, and entropy of 

the system at the restricted dead state, respectively. 

When temperature, mechanical and chemical equilibrium are in place between a 

system and its environment, there is no availability potential in the system. The 

temperature equilibrium is possible when the temperature of the system is 

equal to that of the environment, and mechanical equilibrium will possible be 

when there is no pressure between devices doing the work and surrounding 

environment. The chemical equilibrium is obtained when there is no device of 

doing the work that can produce the work by reaction with the surroundings 

environment. In addition, for work that can be obtained through a reversible 

chemical reaction, some researchers have presented a more general definition of 

chemical availability. It can be considered as the capacity for doing the work due 

to the partial pressure difference of the contents inside a cylinder (when a 

temperature and mechanical equilibrium with the environment is established) 

with the partial pressure of the same contents in the atmosphere. 

For many researchers, this part of the chemical availability is not considered in 

calculations, in particular when a study is conducted on the performance of 

internal combustion engines. Equation (5-2) expressed this statement as 

follows:  

0 0 0 0 0tm i io

i

A U PV T S G U PV T S m          (5-2) 
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0G  is the Gibbs free energy function and im  is the elemental mass i that are 

calculated in the dead state. If the system is in the limited dead state, it will be 

permitted to move in the environment. However, if it has no chemical reaction 

with the environment, then for an ideal gas combination, the chemical 

availability is defined as follows: 

  0

o i
fch i io i i i o

i i i

y
A m T R m Ln

y
 

 
    

 
   (5-3) 

In equation (5-3), o

i  is the chemical potential of ith element the real dead state, 

iy  is the mole fraction of mole element of i at the limited dead state, and o

iy  is 

the element mole fraction of i in the mixture at the real dead state. This 

chemical reversibility is an amount of the maximum of work when the system 

comes to a chemical equilibrium state with the environment. The total thermo-

mechanical availability plus chemical is obtained by summing equations (5-2) 

and (5-3), and will be in the form of equation (5-4): 

0 0

o

tm fch i i

i

A A A U PV T S m        (5-4) 

Equation (5-4) based upon mole fraction has the form of equation (5-5): 

0 0

o

tm fch i i

i

A A A U PV T S N y         (5-5) 

Where, N and y are the number of moles (kmol) and molar fraction, 

respectively. 

Therefore, the chemical availability can be defined as: 
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( )o

fch tm i io i

i

A A A N y       (5-6) 

The species chemical potential in an ideal gas mixture following the ideal gas 

state‟s equation that is equal to the Gibbs function. In the mixture, the molar 

specific Gibbs function is calculated at the species‟ mixture partial pressure and 

temperature: 

( , ) ( , ) ( ) ( , )i i i i i i i ig T p g T y p h T Ts T y p      (5-7) 

( ) ( )o i
i i i

o

y p
h T T s T R n

p


  
    

   
 (5-8) 

( )o

is T  is the species‟ molar specific entropy of ith element at the mixture 

temperature based on the state of standard (at one atmosphere pressure).  

In a system, the chemical availability can be analysed into the reactive 

availability and the diffusion availability. The reactive availability can be 

analysed into the reduction availability and the oxidation availability. Therefore, 

the equation (5.9) can be written: 

fch dif react dif oxi reductA A A A A A      (5-9) 

The various zones composition consisted in the modelling should be chosen to 

attention. For example, the unburned zone is simulated based on the six species 

including: (1) CO2, (2) H2O, (3) N2, (4) O2, (5) CO and (6) H2. In addition, the 

burned zone is simulated based on the ten combustion products in 

thermodynamic equilibrium including: (1) CO2, (2) H2O, (3) N2, (4) O2, (5) CO, 

(6) H2, (7) (H) (8) O, (9) OH, (10) NO 

 Diffusion availability 
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For the calculation of the system‟s diffusion availability, that it is dependence 

into species of system, it can be evaluated from equation (5-8) for species of 

environment (i= 1, 2, 3, and 4): 

1,2,34

0 ( )i
dif i o

i i

y
A NRT y n

y
   (5-10) 

 Reactive availability 

In other hand, the reactive availability can be analysed to reduction availability 

and oxidation availability terms. The oxidation term is concerned to the species 

of system, like, H2, H and CO for the model that can be burned to 

accomplishment when the reduction term depends species like N, O and OH 

that can be decrease to species of environment. For combustible species, the 

oxidation availability and the reduction availability can be evaluated from 

equations (5-11) and (5-12), respectively: 

 
5,6,7

o

oxi i io i

i

A N y     (5-11) 

 
8,9,10

o

reduct i io i

i

A N y     (5-12) 

In the restricted state, the chemical availability of fuel is determined for a 

combustible substance by (Moran, 1982; Moran and Shapiro, 2003): 

0 0 0 0( , ) ( , ) o

fch f fa T p g T p    (5-13) 

o

f  is potential of fuel chemical in the dead state. Accordingly the equations    

(5-8) and (5-13), are made equations (5-14) and (5-15) that can be written: 
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5,6,7

0 0 0( , ) o

oxi i i i i

i

A N y g T p RT ny     (5-14) 

 
5,6,7

0 0 0( , )oxi i ich i

i

A N y a T p RT ny 
 

(5-15) 

Compared to the diffusion availability, the reactive availability is very big value, 

thus, the diffusion availability can be ignored (Chavannavar, 2005). In this 

thesis, the chemical availability of fuel is contemplated in the combustion 

release; therefore, the system‟s immediate availabilities are known to calculate 

the destruction of availability.  

In addition, the fuel chemical availability can be stated for the typeC H   gas 

and liquid hydrocarbon fuels, respectively, according to the equations (5-16) 

and (5-17) (Bejan, 2006; Rakopoulos and Giakoumis, 2006): 

0.0698
1.033 0.0169

fcha

LHV



 
  

    
(for gas) (5-16) 

0.042
1.04224 0.011925

fcha

LHV



 
  

 
(For liquid)

 
(5-17) 

In equations (5-16) and (5-17), LHV is the lower heating value of the fuel. 

In terms of the crank position (degree), the exergy equation can be expressed as 

follows: 

           0 0

o

i i

i

A U PV T S m           (5-18) 

Equation (5-18) is used when all intake and exhaust valves are closed. If one of 

the valves or both valves are open, the enthalpy will be added to the equation: 
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         0

o

i i

i

A H T S m         (5-19) 

In addition, for a closed system, the availability balance equation can be 

expressed for any process as equation (5-20) (Caton, 1999a; 2000a; 2000b, 

Sezer and Bilgin, 2008): 

2 1 Q W destA A A A A A     
 

(5-20)

 

A  is the total availability variation at the system, 1A  is the total availability at 

the beginning of the process, 2A  is the total availability at the process ends, QA  

is the heat transfer availability, WA  is the work availability, and destA  is the 

destruction of availability source of irreversibility processes. 

5.3.1 Availability Balance  

For the open system type, the equation of availability balance for a customary 

control volume is explained based on heat transfers, work transfers, and 

experimenting mass from inside control volume boundaries. 

The rate term of heat transfer availability is stated by equation (5-21): 

01
QdA T dQ

d T d 

 
  
 

 (5-21)

 

This term described the heat-transferred part from inside of the system‟s 

boundaries that has the temperature, which is available for production of the 

work. 

The rate term of work transfer availability is presented by equation (5-22): 
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0
wdA dW dV

p
d d d  

 
  
 

 (5-22) 

This term express work done rate of the system (
dW

d
or

dV
p

d
) minus work done 

rate of surroundings ( 0

dV
p

d
) that is not available for production of work. 

The rate term of availability for exergy burned of the fuel is presented by 

equation (5-23): 

fch f b
fch

dA m dx
a

d m d 
  (5-23) 

where, mf and m are the fuel and total masses in the cylinder, respectively. 

The rate term of availability destroyed is stated by equations (5-24) and (5-25) 

(Rakopolus et al., 2008; Sezer and Bilgin, 2008): 

0
comb combdI dS

T
d d 

  (5-24) 

0

( ) ( )comb b b u udI d m s d m s
T

d d d  

    
     

    
 (5-25) 

Scomb is the entropy rate generation during combustion irreversibility that it is 

determined based on entropy balance in a two zone combustion model. mu and 

mb are the mass, su and sb are specific entropy of unburned and burned gases in 

the cylinder, respectively.
 

Therefore, the following equation of availability balance is expressed a crank 

angle (CA) basis (Sezer and Bilgin, 2008; Rakopolus et al., 2008): 
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0
01

f b comb
fch

mT dx dIdA dQ dW dV
P a

d T d d d m d d     

   
       

  
 (5-26) 

Moreover, the heat transfer process is source of the entropy generation, 

accordingly the equation (5-27). uQ and bQ  are the heat loss rates from the 

unburned and burned zones: 

b u
Q

b u

Q Q
S

T T
   (5-27) 

Therefore, the total destruction of availability contemplated in this research 

includes of the combustion irreversibility and heat transfer irreversibility that it 

expressed by equation (5-28): 

total comb QI I I 
 

(5-28) 

The efficiency is determined based on the perspective of the FLT and SLT. The 

FLT and SLT efficiencies have been determined as equations (5-29) and (5-30), 

respectively: 

( )out
I

in f LHV

Energy work W

Energy m Q
  

 (5-29) 

( )out W
II

in f fch

Exergy work A

Exergy m a
  

 (5-30)
 

5.4 Numerical Application 

The various differential equations of the engine model using the FLT analysis 

are solved simultaneously during compression, combustion and expansion 

phases. The engine geometric characteristics, operation parameters and the 
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fuels specification are given such as the input data to the QD dimensional 

model. The thermodynamic properties and composition in the cylinder are 

computed during the simulation by programming in MATLAB software i.e., 

equilibrium combustion products and fuel air residual gas (Rezapour et al., 

2010). In this model, exergetic analysis is executed simultaneously, concerns the 

cylinder content‟s thermodynamic condition. 

5.5 Results and Discussion 

Figures 5.1a and 5.1b show the main availability (exergy) terms, during the 

interrogated the engine cycle part for the conditions presented in these Figures 

for CNG and gasoline fuels. As shown in these Figures, the thermo-mechanical 

availability (Atm) grows up slowly during the compression stroke and before the 

combustion starting, so that the chemical availability of the fuel (Afch) abides 

constant. The total availability (Atotal) variation represents the variation of 

thermo-mechanical availability‟s behaviour. With the beginning of the 

combustion, at 35 bTDC, the fuel chemical availability reduces instantaneously 

because of heat conversion. With the end of the combustion, at 25 aTDc the 

expansion stroke proceeds, while the piston attains BDC. During this cycle, 

reduces in Atm and Atotal proceeds because of heat and work from the system or 

the availability transfers, so that irreversibility remains at nearly level that is 

constant. 

The results obviously show that the value of availability terms in CNG fuelled 

engines are less than gasoline fuelled. The main reason is occupied large volume 

in the inlet mixture when the engine is CNG fuelled, although heating value of 

CNG fuel is higher than gasoline. 
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Figure 5.1a Main availability terms in CA, ϕ=0.9; r=9.25; θs=35 bTDC; N=3000 

r/min, ∆θb =60 CAD, CNG mode. 

 

Figure 5.1b Main availability terms in CA, ϕ=0.9; r=9.25; θs=35 bTDC; N=3000 

r/min, ∆θb =60 CAD, gasoline mode. 

Figure 5.2 shows the cumulative availability terms, during the interrogated the 

engine cycle‟s part for the conditions presented in this figure for the CNG mode. 

The Figure shows thermo-mechanical, chemical, heat transfer, work, total 

availabilities, and the availability destroyed. In addition, Figure 5.2 clearly 

shows that during compression, increased thermo-mechanical availability 
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concerns with the work‟s availability (AW) and it shows an isochronous 

difference compare with thermo-mechanical availability with a negative mark. 

There is insignificant difference in irreversibility (AI) because of a meaningless 

the heat transfer availability (AQ) during the compression stroke before the 

combustion starting. 

 

Figure 5.2 Cumulative availability terms in CA, ϕ=0.9; r=9.25; θs=35 bTDC; 

N=3000 r/min, ∆θb =60 CAD, CNG mode. 

Figure 5.3 shows the equivalence ratio‟s effects (ϕ) on availability terms in the 

compression, combustion, and expansion periods. In this Figure shows the 

equivalence ratio effects on the thermo-mechanical availability after the 

beginning of the combustion. 

There are closer differences in Figure 5.3a among the curves of thermo-

mechanical availability for ϕ=0.85, 0.9 and 0.95, so that a lean mixture gives 

significantly minor value, specifically in expansion period. The differences can 

be described that the excess fuel cannot be converted to work by increased fuel  
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Figure 5.3a Effects of equivalence ratio on thermo mechanical availability   

(CNG mode). 

 

Figure 5.3b Effects of equivalence ratio on chemical availability (CNG mode). 

 

Figure 5.3c Effects of equivalence ratio on total availability (CNG mode)  
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availability contribution for the rich mixture, because of insufficient oxygen. 

Moreover, the decreased pressure and temperature of cylinder apparent for the 

lean mixture gives the minimum thermo-mechanical availability values because 

of deficiency of the fuel and major irreversibility. The fuel air mixtures richness 

grows up chemical availability that shows in Figure 5.3b. However, if excess fuel 

were more than requirement, it cannot be transformed to useful work 

efficiently. The main supplying to differences in total availability, presented in 

Figure 5.3c, which it is contributed using the chemical availability of the fuel in 

compression periods, so that the chemical availability of the fuel and thermo-

mechanical availabilities denote to it in the cycle‟s rest. 

Figure 5.4 shows the engine speed effects on availability terms in the cycle‟s part 

period. The speed engine grow up has not affected the thermo-mechanical 

availability peak values (Figure 5.4a). 

The values of the fuel chemical availability in Figure 5.4b have not changed in 

the engine speed for the same fuel‟s value supplied to the cylinder. 

The sharp defernce occurs in chemical availability in the combustion process 

and the slopes of the lines no change with increasing the engine speed due to the 

constant of combustion duration. The variations in total availability in Figure 

5.4c reveal the combination of thermo-mechanical and fuel availability. 

Figure 5.5 shows the effects of the ignition or spark advance (θs) on availability 

terms in the compression, combustion and expansion periods. Thermo-

mechanical availability grows up in spark advance that shows in Figure 5.5a. 
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Figure 5.4a Effects of speed on thermo mechanical availability (CNG mode). 

 

Figure 5.4b Effects of speed on chemical availability (CNG mode). 

 

Figure 5.4c Effects of speed on total availability (CNG mode). 
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When ignition time is decreased (spark advance), thermo-mechanical 

availability reduces because of the decrease in temperature and pressure. There 

is no effect on the fuel chemical availability in compression and expansion 

period that shows in Figure 5.5b. However, the fuel chemical availability 

changed in the combustion process. 

Total availability variations in Figure 5.5c represent the combination of the 

chemical availability of the fuel and thermo-mechanical availability that reaches 

the maximum at 20 bTDC at the end of combustion compared to other values.  

 

Figure 5.5a Effects of ignition time on thermo-mechanical availability           

(CNG mode). 

 

Figure 5.5b Effects of ignition time on chemical availability (CNG mode). 
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Figure 5.6 shows the deference of the FLT efficiency (ηI) and the SLT efficiency 

(ηII) based on equivalence ratio, ignition time or spark advance (SA) and engine 

speed. The FLT and the SLT efficiencies reduce with growing up equivalence 

ratio that shows in Figure 5.6a. The richness FA mixture results to increases the 

FLT and the SLT  

 

Figure 5.5c Effects of ignition time on total availability (CNG mode).

 

Figure 5.6a Effects of equivalence ratio on the FLT and SLT efficiencies. 

efficiencies. However, the richness of the fuel air mixture has negative effects on 

the efficiencies.  
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The ignition time effects on the FLT and the SLT efficiencies shows in figure 

5.6b. In this figure is clear that the FLT and the SLT efficiencies have the 

maximum value in 25 bTDC. 

 

Figure 5.6b The effects of ignition (spark) time on the FLT and SLT efficiencies. 

The difference of the FLT and the SLT efficiencies with engine speed are 

presented in Figure 5.6c. The efficiencies have maximum value in the engine 

speed about 3000 r/min. 

 

Figure 5.6c The effects of engine speed on the FLT and SLT efficiencies. 
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5.6 Summary 

An exergy based SI engine model (EBSIEM) for evaluating of the bi fuel SI 

engine performance was created in this chapter. The ignition time (spark 

advance) equivalence ratio, and engine speed effects on availability terms such 

as the thermo-mechanical availability, the chemical availability of the fuel and 

the total availability have been surveyed analytically. 

A parametric availability analysis presented to better realise on the engine 

performance parameters effects based upon the FLT and the SLT analysis. It 

authorise the revealing of significance of work potential lost during the cycle. 

Availability (SLT) analysis is more realistic way than the FLT analysis, and it 

perfects for developing the engine performance to several possible ways. 

The results of exergy (availability) analysis showed that differences of 

operational parameters that had affected the availability transfers, 

irreversibilities and efficiencies. For example, grow up in equivalence ratio 

causes and increased in irreversibilities, so that it reduces the FLT and the SLT 

efficiencies. The irreversibilities had minimum values for the specified engine 

speed; equivalence ratio and optimal ignition time (spark advance), when the 

total availability in the engine cycle reached a maximum. 
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Chapter 6 

Artificial Neural Network (ANN) Exergy Based SI Engine 

Model (EBSIEM) (ANN-EBSIEM) 

 

The brain of each human being contains a vast number of neural cells. These 

cells are placed beside each other in a very complex and mixed array. The 

existence of some of the specific capabilities in the brain such as parallel 

processing, learning, nonlinear mapping and generalisation, not accessible by 

digital computers, suggest the hypothesis for constructing artificial models of 

the known parts of the brain. These models are recognised as artificial neural 

networks (ANNs). At present, ANNs are used to solve an abundant variety of 

engineering and science problems. For a specific application, a well-trained 

artificial neural network can be used for prediction model in which the neural 

system inspired for a data processing system (Graupe, 2007). 

This chapter presents (i) a brief description of the methods underlying Artificial 

Neural Network modelling, (ii) the basic building blocks of an Artificial Neural 

Network, and finally (iii) deals with ANN modelling of the exergy based SI 

engine model to predict total availability (Atotal), brake specific CO (BSCO), 

brake specific NOx (BSNOx), and torque. In this thesis, the ANN model is used 

as an emulator to speed up for execution of optimisation processes. 

6.1 Introduction 

The smallest member of a neural system is a neuron. The neural system of 

mammalians usually consists of about ten million neurons, and in respect of 
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humans, these systems act very quickly in response to the stimulations of the 

environment. This characteristic results from the specific structure of natural 

neural systems. In these systems, neural cells are placed beside each other in 

such a way that they can take part with each other in a specific type of parallel 

processing, coordinating with each other and enhance the final speed of system 

noticeably. 

Figure 6.1 shows a kinetic neuron. Every neuron is made up of three main parts: 

the soma, the axon and the dendrite. In addition, in each neural cell usually has 

around six thousands small nodules known as synaptic knobs, of which 80 to 90 

percent are located on the dendrites (Haykin, 1994). 

 

 

Figure 6.1The structure of a natural neuron (Haykin, 1994). 

These knobs are in fact the ends of neural branching; which takes originate from 

various other neurons and serve as the stimulating inputs of neuron. Each 

synapse is the point of contact between two neurons, one pre-synaptic 

(stimulating) and one post-synaptic (being stimulated). 
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Neuron soma at resting status, i.e. in a state in which it does not receive any 

stimulation, has a potential of about 65 milli-volts. Other environmental 

neurons can input additional positive potential through synapses, stimulating 

that neuron, or an additional negative potential, controlling it. When the total of 

these potentials moves beyond a certain level, called the threshold of 

stimulation, one specific potential is entered into the environment through an 

axon to make other neurons stimulate or be controlled (Anderson, 1997). 

6.2 Artificial Neural System 

Each artificial neural cell is a physical model of natural neuron physiology. In 

fact, similar to the natural neurons, an artificial neuron includes a physical 

element, which has some inputs (applied in different intensities) and one 

output, which is determined in the form of a nonlinear function based on inputs. 

Figure 6.2 shows a model of an artificial neural cell. 

 

Figure 6.2 A model of an artificial neural cell (Demuth et al., 2008). 

In Figure 6.2, pi is the ith element of the input vector and a is the output of the 

artificial neural cell. The weights Wi,j are the learning and changeable 

parameters in the network which specify the rate of intensity of application of 

the inputs pi. They are termed as weights being allocated to inputs. 
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Whenever the total of the inputs of given weights go beyond a specific threshold 

level, the neuron is stimulated and emits a certain potential in its output. This 

action can be expressed as follows: 

  







 



R

i

iji btpWfa
1

,  (6-1) 

b is the threshold level (bias), pi is the ith element of the input, Wi,j is the weight 

allocated to pi, R is the total number of input elements, a is the output of the 

neuron, and f is a non-linear function (Figure 6.3 shows three samples ). 

 

Figure 6.3 Some examples of non-linear neuron functions  

(Demuth et al., 2008). 

In the three functions, the logarithmic sigmoid is closer to the situation of 

natural neurons. However, this point should not be ignored that the use of 

parameters, which have further similarity with the condition of natural cells, 

will not necessarily lead to better responses. 

6.3 Main Specification of an Artificial Neural Network 

With regard to the structure of a neural cell, the following definition can be 

expressed: 
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An Artificial Neural Network is a set of artificial neural cells with a specific 

array, which are in connection with each other for a specific purpose. The main 

specification of an Artificial Neural Network include; the topology of the 

network (method of establishing connection among cells), the local features of 

each of the cells, and a law of learning that specifies the method of training and 

actions of the network. 

In an Artificial Neural Network, most of the time, the important point is how we 

should adjust the weights allocated to inputs to have the required actions 

implemented by the network. The method of adjusting weights is called the law 

of learning because, by employing this law and adjusting the weights based on 

them, the network trains the method.  

6.4 Classification of Artificial Neural Networks 

Artificial Neural Networks are divided into two main categories from the point 

of view of learning. 

A. Supervised 

B. Unsupervised 

The first type is applied to networks that have two fully separate stages of 

training and operation. That is to say, at the stage of adjusting weights (training) 

no real input is applied to the network and, in fact, training is done separately. 

On the other hand, when a network has learned the method of its operation and 

entered the stage of operation, no change is made on the weights (Looney, 

1997). 
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The second type is applied to networks that have two stages of training and 

practice concurrently. That is to say, the real input is applied to the network 

from the beginning and the network receives input constantly (if necessary, 

changing the weights and thus adjusting itself in the direction of a better 

response) (Looney, 1997). 

Artificial Neural Networks can be divided into three classes from the point of 

view of the linking structure among their layers: 

A. Global recurrent neural networks (e.g. Hopfield neural networks); 

B. Locally recurrent neural networks (e.g. Cellular neural networks); 

C. Non-recurrent neural networks (e.g. Perception neural networks) 

One specific type of non-recurrent neural network is the feed forward neural 

network. In this type of neural network, the output of the previous layer is only 

in connection with their front layers inputs through weight connections. 

In this thesis, the multi-layer perception (MLP) feed forward neural network 

has been used for prediction of nonlinear behaviour of system by data. The 

schematic structure of a feed forward neural network is presented in Figure 6.4. 

 

Figure 6.4 A schematic feed forward neural network. 
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6.5 Back-propagation Learning Law 

In this section, the back propagation algorithm learning law is studied. This 

algorithm is an iterative gradient algorithm that has been designed to minimise 

the average square of error between the real output of a feed forward neural 

network and an ideal output. The necessity of implementing this continues 

algorithm is derivation of the non-linear performance function of neurons. To 

study the above algorithm, consider the structure of a three-layer neural 

network (Figure 6.5). 

),( jiwk shows the respective weight element for the kth layer from neuron i and 

input j. p is the input vector to the network with dimension Rx1. 

 

 

Figure 6.5 Structure of a feed forward three-layer neural network in its neural 

cell (Demuth et al., 2008). 

Sk, k=1, 2, 3 number of neurons in the kth layer of the network 
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fk, k=1,2, 3 a derivative nonlinear function that is the same in each layer 

ak (j) jth neuron output from kth layer, k=1, 2, 3 

bk (j) level of applied threshold to ith neuron in the kth layer, k=1, 2, 3 

Figure 6.6 shows the above neural network in its matrix form.  

Figure 6.6 The structure of a three-layer neural network in its Matrix form 

(Demuth et al., 2008). 

 

The output of a neural network includes: 

 32333 * bawfaa   (6-2) 

in which 

 21222 * bawfa   (6-3) 

and 

 1111 * bPWfa   (6-4) 

Consider the neuron ith equation and layer k+1th, where 1( , )kw i j shows the 

weight element from the k+1th layer related to neuron ith and input jth. 
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As a result, we have: 
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The vector display of equations 6-2 to 6-6 has the form 

 111   kkk nfa 
(6-7) 

111 *   kkkk baWn 
(6-8) 

 1111 *   kkkkk baWfa  (6-9) 

Wk+1, ak and bk+1 are represented by: 
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In addition, with regard to the previous relations, we have: 

  111 *   kkkkk bnfWn  (6-10) 

In other words, the above relations show a recurrence relation. 

The summary of the forward sweep equations include: 
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 (6-11) 

p is the input vector to the network, M is the number of network layers and bk+1 

is the vector of applied biases on a neuron of layer k+1. 

6.6 Error Equations 

In the back propagation algorithm, error equations are defined based upon the 

standard error function between reference inputs and outputs of a neural 

network. The training parameters of a network (weights and biases) are changed 

such that the value of this standard function is minimised. Here the standard 

function has been defined in the following form: 

   
1

* *
2

T

q q q qF E t a t a   
  

 (6-12) 

M

qq aa  , is the output of layer Mth for input qth. tq (which the neural network 

should reach) is input qth of the applied reference (target) on the network and E, 

an expected value, is a voluntarily statistical function, and the T sign means 

transpose. 

Since E equation is a probability equation, so for changing this error function to 

a certain function, we define the error function in the following form.  

   qq

T

qq atatF  **
2

1ˆ  (6-13) 

As observed in equation 6-13, the error has effect in instantaneously.  
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By using the gradient calculation of standard function in ratio with the learning 

parameters, we correct the above parameters such that the standard functions 

to be minimised are: 
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We define the sensitivity of a standard function in the neuron ith input from 

layer kth as follows.  
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By using the derivative rule, we calculate the standard function sensitivity with 

the learning parameter of weight Wk (i, j). 
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Thus, we calculate the sensitivity of the standard function in comparison with 

the bias learning parameter bk(i). 
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By calculating the recurrence relation between k  and 1k , we have: 
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By using the derivative rule, 
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Then 
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)(ˆ kk nF is equal to: 
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1

1

kS
is a coefficient for the set up of equality. 
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To complete the discussion it is necessary to obtain M , in which M is the 

output layer of the neural network. 
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In addition, in its vector form: 

  )(*)(ˆ
qq

MMM atnF   (6-25) 

Therefore, it can be said that the back propagation algorithm can be 

implemented in two stages. 

1. Forward calculations: 
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N is the number of applied inputs to neural network. 

2- Back propagation calculation: 
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 is the learning rate of the neural network. 

6.7 Disadvantages of Neural Networks 

Despite advantages that neural networks have in comparison with prevailing 

systems, they have also certain disadvantages that researchers are trying to 

minimise (Wang et al, 2006). These include: 

 No specific rule or commands for designing the network for an optional 

application; 

 For issues of modelling it is not merely possible to learn the physics of an 

issue by using a neural network. In other words, making connections 

between parameters or the structure of networks and process parameters 

is usually impossible; 

 The accuracy of results depends to a great extent upon the size of the 

training set; 

 Training of a network might be difficult or even impossible; 

 Forecasting future performance of a network (generalisation) is not easy. 

6.8 Back Propagation Networks in MATLAB 

Back propagation (BP) networks are multilayer networks with a nonlinear 

function and Widrow-Hoff learning rule. An input and target vector are used for 



Page | 117  
 

estimating a function by finding a relationship between input and output and 

then classifying inputs based on a method being specified by a designer (Nasr et 

al, 2003). A BP network with bias, a sigmoid layer, and a linear output layer, are 

able to estimate any function with limited non-continuing points. 

BP is the standard of an algorithm with descending gradient in which network 

weights are moving in line with minimising the performance function. 

The phrase back propagation refers to the mechanism of a BP network in 

calculating the gradient in the multilayer nonlinear networks. There are 

different algorithms, all of which are based upon the standard algorithm of BP, 

such as conjugate gradient, and Newton methods. The toolbox of neural 

networks in MATLAB presents these different methods. In this section, we 

discuss using these methods, together with their advantages and disadvantages. 

The main purpose of this section is to describe the quality of BP training 

functions in the MATLAB‟s toolbox for training neural networks and for solving 

a specific problem. There are four stages: 

1. Preparing training data; 

2. Creating network; 

3. Training network; 

4. Simulation of network with new data 

6.8.1 Architecture of Back Propagation Networks 

In this section, the BP architecture is considered (in feed forward multilayer 

networks). 
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Multilayer networks mainly use the Logsig transfer function. This function 

produces [0,1] output in response to   ,  input (Figure 6.7). 

Sometimes, the tansig transfer function is used in multilayer networks (Figure 

6.8). 

 

Figure 6.7 Logsig transfer function (Demuth et al., 2008). 

 

Figure 6.8 Tansig transfer function (Demuth et al., 2008). 

In some cases, also the linear transfer function is used in BP networks (Figure 

6.9). 
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Figure 6.9 Purelin transfer function (Demuth et al., 2008). 

If the last layer of a multilayer network has sigmoid neurons, the output of the 

network is limited to a small bound, whereas if it includes linear neurons, the 

output can take any quantity.  

In BP learning algorithms, this issue is very important that we could calculate 

the derivatives of used transfer function. Any of mentioned transfer derivatives 

has a corresponding derivative function under the names of dtansig, diagsig and 

dpurelin. 

The three functions are prevailing in BP networks, but in any condition, if 

desired, it is possible to use other transfer functions.  

6.9 Feed-forward Neural Networks 

Feed-forward networks are almost with one or some hidden layers of sigmoid 

neuron and use one linear ending layer. The multilayer network of neurons with 

a nonlinear transfer function permits the network to have the ability to learn 

linear and non-linear relationships between inputs and outputs. The linear 

output layer gives this network the possibility to have outputs outside the limits 

of +1 and -1. Of course, if we need to output, for example, in the range [0,1], we 
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can use the logsig function in the output layer. In the Figure 6.10, a two-layer 

network of tansig/purelin is shown.  

This network can be used for estimating every linear or non-linear function with 

a limited number of discontinuities. 

 

Figure 6.10 The scheme of a two-layer network (Demuth et al., 2008). 

6.9.1 Creation of a Feed-forward Network at MATLAB 

The first stage in designing a feed-forward network is the creation objective 

function of the network (Newff). The Newff function in MATLAB creates a 

feed-forward network. This function has five inputs and returns the prepared 

network as the output. The first input parameter is p (a matrix) and this matrix 

includes R (vector of input samples). The second parameter is t (matrix). This 

matrix consists of S (vector of output samples). In this section, the neural 

network uses input and output vectors to adjust the input and output 

dimensions of the network. The third parameter is a vector, which is used to 

determine the number of hidden layers and neurons being used in the network 

(dimensions of output layers are determined by the dimensions of the t matrix). 

The fourth parameter is a cellular array that includes the transfer functions 
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being used in each layer, and the final parameter is the name of the training 

function in use. 

For example, the following command creates a two-layer network with eleven 

neurons in its hidden layer, using „tansig‟, „purelin‟ functions, for hidden and 

output layers, and training method „traingd‟. 

    ;'','','tan',11,, traingdpurelinsigtpnewffnet   

If the specification of functions in use in layers and/or the method of training 

are omitted in the above command, the default values of „tansig‟ and „purelin‟ 

are selected for the hidden layer and output, and the training method „trainlm‟. 

6.9.2 The Value of Primary Output to the Weights of Neural Network 

Before training a feed-forward network, the primary quantities of weights and 

biases should be determined. The Newff function gives quantities to weights 

automatically, but it is possible that these can be set manually. This task is done 

with the „init‟ command. This function receives a network as input and returns a 

network with determined weights and biases as output. 

 ;netinitnet   

6.9.3 Simulation of a Neural Network 

The Sim function simulates a network. This function is defined network(net), 

receives an input vector (p)as input, and returns a network as output. 

a=sim(net, p) 
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6.9.4 Training a Neural Network 

After giving values to weights and biases, the network training follows. The 

network can be used for estimating functions, model identification, or model 

classification. The process of training requires a series of examples of expected 

behaviour from the network, which includes the input of p (network) and output 

t (target). During the process of training, weights and biases are regulated to 

make the network perform function minimisation. The pre-defined performance 

function for a feed-forward network is the mean square error (mse): 

    
 

 
             
 

   

 
 

 
      
 

   

 (6-26) 

a(i) and t(i) are the output of the neural network and output of the target (which 

the neural network should reach). 

All these functions use performance function gradient for adjusting weights and 

biases to minimise the performance function (mse). As it was explained earlier, 

this gradient is determined by using a back propagation method. 

6.10 BP Learning Algorithms 

There are different learning algorithms for BP. In the simplest ones, the method 

of BP learning, the weights and the biases are updated in the direction in which 

the performance function reduces, i.e. in the direction opposite to its gradient. 

One repetition stage of this algorithm can be written as follows: 

kkkk gXX 1  (6-27) 
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Xk is the present vector of weights or biases, kg  is the present gradient, and k  

is the learning rate. Two different methods have been implemented for this 

algorithm; the incremental method and the batch method. In the incremental 

method, weights and biases are updated after every input whereas in the batch 

method, after applying all inputs, operations are updated. 

6-10-1 Faster and More Efficient Training Methods 

The two training methods „traingd‟ and „traingdm‟ sometimes act slowly. 

Therefore, algorithms are introduced that have a higher efficiency and are faster 

than the two previous algorithms by several thousands. However, all training 

algorithms act in-group form and the training function is used for their 

education. 

These faster algorithms are divided into two main categories. The first category 

uses explorative techniques, which are based on the efficiency analysis of 

standard algorithm.  

The second category uses techniques of numerical optimisation (Kalogirou, 

2000). Three numerical optimization techniques, in particular, are as follows: 

1. Conjugate gradient, which includes the „traincgf‟, „trancgb‟ and „trainscg‟ 

functions; 

2. Quasi-Newton, which includes the „traincgf‟ and „trainoss‟ functions; 

3. Levenberg-Marquardt (LM) method, which is shown with the „trainLM‟ 

function. 
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6.10.1.1 Training Using Levenberg-Marquardt Algorithm 

This method is tries to reduce calculations by using the estimation of Hessian 

matrix. When the performance function is in the form of the sum of squares 

(which is prevalent in feed-forward networks), the Hessian matrix can be 

estimated in the following method: 

JJH T  (6-28) 

In addition, the gradient is calculated in the following form: 

T

eJg   (6-29) 

J is the Jacobian Matrix, which includes the first derivatives from the network 

errors in comparison with weights and biases, and e is the vector of network 

errors. The Jacobian matrix can be calculated through techniques of BP 

standard and the complexity of its calculations is much less than the 

calculations of Hessian matrix. The Levenberg-Marquardt (LM) algorithm uses 

the following estimation for the evaluation of the Hessian Matrix: 

  eJIJJxx TT

kk

1

1



    (6-30) 

When the numerical rate of   is zero, this function is converted into a Newton 

method for the estimation of the Hessian matrix. When   is large, this is 

converted into the conjugate gradient method with a small step. As we know, 

the Newton method is a more precise method (as compared with conjugate 

gradient). Therefore, this   is reduced after each successful step (successful 

means a reduction of the performance function) and it is increased only when 



Page | 125  
 

the tested step might increase the performance function. Thus, the performance 

function is reduced in each iteration. 

Training parameters for „trainlm‟ include: „epoch‟, „show‟, „goal‟, „time‟ , „min-

grad‟, „max-fail‟, „mu‟, „mu-dec’, „mu-inc‟, „mu-max‟, „mem-reduce‟. The 

parameter „mu‟ is the starting value of  . This quantity is reduced in each step 

that the performance function in „mu-dec‟ is reduced and whenever it increases, 

it is multiplied by „mu-inc‟. Whenever   is greater than „mu-max‟, the algorithm 

is stopped. The „mem-reduct‟ parameter controls the rate of memory.  

The LM algorithm is the fastest method in MATLAB and has a very high 

efficiency for an average network (with some one hundred effective parameters) 

(Yücesu et al, 2007). Therefore, in this research, this method has been used for 

training of neural network. 

6.10.1.2 Reduction of Memory in Levenberg-Marquardt Algorithm 

The main problem in the Levenberg-Marquardt method is that it needs to keep 

large matrices in memory and this requires great memory. The size of the 

Jacobian matrix is nQ  in which Q is the number of training sets and n is the 

number of weights and biases in the network. 

If we divide the Jacobian matrix into two sub-matrices, the following method 

can be used to calculate the Hessian Matrix: 

  2211

2

1

21 JJJJ
J

J
JJJJH TTTTT 








  (6-31) 

Therefore, there is no need to have the Jacobian matrix fully in the memory, 

because the Hessian matrix is calculated by using a series of mathematical 
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sentences of which each includes only a part of the Jacobian. Therefore, in both 

following stages, the necessary Jacobian is calculated and then cleared. 

When we use the training function „trainlm‟, the „reduce-mem‟ parameter is 

used to determine how many rows of the Jacobian matrix in each sub-matrix are 

calculated. 

If „reduce-mem‟ is set on 1, in that case, the Jacobian matrix is calculated fully. 

If it is set on 2, in each stage, a half of this matrix will be calculated and there 

will be a save in memory.  

On the issue of prediction the function with network parameters (number of 

biases and weights) less than 100, the LM algorithm mainly shows a higher 

efficiency and has a high speed. Of course, its high precision is excellent, since in 

most cases the algorithm reaches the minimum error. On the contrary, on issues 

to identify a model, LM does not exhibit good efficiency at all. The memory 

required for this algorithm is high and, of course, by using „reduce-mem‟ it is 

possible to reduce memory and this issue will cause an increase of running time. 

6.11 Improvement of the Generality of Network 

One of the existing problems in training neural networks is over fitting. By over 

fitting it mean that after training, the error network on the training set is 

minimised to the highest rate. However, by presenting new data to the network 

as input, the error will be very high. In fact, network finds a full dominancy over 

training data (minimum error), but it cannot show a proper reaction in lieu of 

new data. Idiomatically, it can be said that the network does not have sufficient 

generalisation. 
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One method for improving the generalisation of a network is to use the network 

with proper dimensions, which creates sufficient over-fitting on training data at 

the highest level. The use of a network with a larger dimensions and with more 

effective parameters (number of biases and weights) can make a network have 

the capability to learn more complex functions and increase the over-fitting in 

lieu of this issue. Therefore, by selecting the proper dimensions for a network, it 

will not have over-fitting capability on training data. 

Unfortunately, the selection of the proper dimensions is a very difficult task. 

Two solutions are considered for the increase of generality of the network in the 

(Matlab) neural networks toolbox; regularisation and early termination 

(Demuth et al., 2008). 

It is necessary to pay attention to this point in case the parameters‟ affect upon 

the network is much less, than the number of the members of the training set.  

6.11.1 Regularisation 

The first method for improving generalisation is regularisation. This includes 

the correction of efficiency functions. These functions are concerned regularly as 

the set of mean squares of network errors in the training set. For regularisation, 

there are two methods: modified performance function and automated 

regularisation (Demuth et al., 2008). 

6.11.1.1 Modified Performance Function 

The usual performance function in feed-forward networks is the set of error 

squares: 
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In order to improve generalisation, it is possible to correct the performance by 

adding one term including the average of the total of mean squares weights 

(msw) and biases: 

 mswmsemserey   1  (6-33) 

  is the ratio of efficiency and msw is obtained from equation 6-34: 
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This performance function permits the network to have smaller weights and 

biases, and softens the reaction of the network to data. 

The main problem in this method is finding the best optimum value for  . If the 

parameter to be selected is very big, the problem of over-fitting will arise. If the 

parameter to be selected is smaller than the limited level, the network will not 

have ability for adaptation. 

6.11.1.2 Automated Regularisation 

Determining efficiency parameters in an automated manner is ideal. One way to 

reach this process is the working framework of Bayesian. In this framework, 

weights and biases of a network are assumed random quantities with a specific 

distribution. The regularisation parameters are connected with an unknown 

variance of these distributions. Therefore, efficiency parameters can be 

estimated by using statistical techniques. Regularising Bayesian has been 

implemented in the „trainbr‟ training function (Demuth et al., 2008). 



Page | 129  
 

6.11.1.3 Early stopping  

Another method for improving generalisation is early stopping. In this 

technique, existing data are divided into three sub-sets: 

 A set of training comprising 60% of total data; 

 A set of validation comprising 20% of the total data; 

 A set for testing comprising 20% of total data 

The first set will be training, which is monitored for the calculation of the 

gradient and the error of the validating set during training. The error of the 

validating set should decrease during the process of training like the error of 

training set. When the network tries to implement over adaptation with data, 

the error of the validating set begins to increase. When the validating error for a 

specific number of iterations is increased, training is stopped and the values of 

weights and biases are confirmed when this error was in its minimum level 

(Demuth et al., 2008). 

The third sub-set is the set of test data, which has no role during training but is 

used for comparing the performance of different models. In addition, it is useful 

for plotting the error of the test set during training. If the error reaches its 

minimum level in the test set with different iterations in comparison to 

validation sets, this means that a proper classification has not been achieved. 

Early stopping can be used with each learning function. 

Both methods of regularisation and early stopping can guarantee the 

generalisation of the network if they are employed properly. When the Bayesian 

regularisation method is used, it is of key importance that the network to be 

trained does achieve convergence. The set of mean squares error, the set of 
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squares weights, and the number of active parameters (when a network is 

convergent) will become fixed. 

6.12 Pre-processing and Post-processing 

Training neural networks in the form of the application of a series of pre-

processing on inputs and targets can have a higher efficiency. 

Before training, it is usually better to normalize the inputs and the goal so that 

they are placed in a specific limit. The „mapminmax‟ function can be used for 

data normalization. This function regulates data within the limits [-1, 1]. The 

code related to using this function is as follows: 

                      

                      

                      

In the above, the input and output of the network target are p and t. The 

normalized inputs and goals, which lie in [-1, 1], are placed in pn and tn. In ps 

and ts, the largest and smallest members of p and t are placed. After training the 

network, these quantities are used for making necessary changes in new inputs, 

which are given to the network. In fact, ps and ts, like weights and biases, will be 

a part of a neural network (Demuth et al., 2008). 

After training the network, the „mapminmax‟ function is used in the following 

form to return the results to their original form. In the following code, these 

operations have been done: 
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If „mapminmax‟ is used for performing pre-processing on the set of training 

data , then in every place, which  a new input (pnew) to be applied on network, 

this input should be pre-processed. In the following code segments, we have 

applied a set of new inputs to a network, which has been trained. 

                                  

                      

                                   

6.13 Mean and Standard Deviation 

Another way of scaling the inputs of a neural network is by using mean and 

standard deviation of the set of training data. This routine has been 

implemented in the „mapstd‟ function. This function normalises inputs and 

targets, such that their mean comes to zero and their standard deviation 

becomes unity. The following code shows the use of this function: 

                   

                   

                      

                

                          

In the above, the inputs and outputs of the target of network lie in p and t. The 

normalized inputs and objectives are placed in pn and tn and in ps and ts; the 

mean and standard deviation of p and t are included. After training the network, 

these quantities are used to create necessary changes in new inputs, which are 

given to the network. In fact, ps and ts, like weights and biases are part of neural 

network. 



Page | 132  
 

For simulation of network with new data (pnew) the following code is used: 

                               

                      

                                

6.14 Post-training Analysis 

The efficiency of a trained network can be measured to some extent by using the 

errors of the training, validating and test sets, but it is usually better to study the 

details of the response of a network more precisely. The „postreg‟ routine 

(trend) has been designed for these analyses. 

              

                     

The network output and vector of targets are „postreg‟ parameters. This function 

returns three parameters as output. The first two, m and b, are slope and width 

from the origin of the best linear regression connected with the network output. 

If the outputs of a neural network are to be equal to the target, m will be equal to 

one and b will be zero. The third „postreg‟ return is the correlation coefficient 

between outputs of neural network and targets. If this figure is equal to one, a 

full proportional has been created between outputs and targets (Demuth et al., 

2008). 

6.15 SI Engine Modelling Using a Multi-layer Perception (MLP) 

Artificial Neural Network (ANN) 

In this research, the multi layer perception (MLP) ANN is used for SI engine 

modelling. As it is mentioned, one of the applications of artificial neural 
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networks is the modelling and study of system performance. Usually in systems 

modelling a neural network is trained with 80% of the data and then 20% of the 

data is used to validation of the model. In order to evaluate the accuracy of a 

neural network in engine modelling, the method of mean square error (mse), 

relative error, and (in the training of the neural network) the method of back 

propagation algorithm have been used. 

6.15.1 General form of Multi-layer Perception Artificial Neural 

Network for Engine Modelling 

Usually, neural networks are used for system modelling in the form of multi-

input, multi-output (MIMO). This work has some disadvantages as follows: 

 t is impossible to training the artificial neural network for one of the 

outputs in order to reach a better response for that output independently; 

 Due to an increase of the number of outputs, it is necessary to increase 

the number of hidden layers and number of neurons considerably. This 

issue will make network training more difficult and will need greater time 

for training with a higher relative error. 

Therefore, in this thesis, the neural network model is used in the form of MIMO 

(Figure 6.11) as follows: 

For each engine output, one independent neural network is considered. This can 

bring about the following advantages: 

 The ability for independent training of a neural network for each output 

independently in order to reach an ideal result for that output; 

 The network dimension, i.e. the number of hidden layers and number of 

neurons, is decreased considerably and this will make the neural network 
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training easier and consequently less time will be spent on training and 

the relative error decreases. 

 

Figure 6.11 Regular methods for engine modelling in form of MIMO. 

Inputs: 

1. Independent input: engine speed (N) (rpm) 1500 < N < 6000 with a step 

of 500 rpm; 

2. Control input: ignition timing (IGT) (degree CA), 15 < IGT < 35 with a 

step of 5 degree CA; 

3. Control input: equivalence ratio 0.8 < ϕ < 1 with a step of 0.05. 

Outputs: 

1. The total exergy (availability) in engine cycle (-180 to 180) (J. degree 

CA); 

2. Brake specific CO (BSCO) (gr/kWhr); 

3. Brake specific NOx (BSNOx) (gr/kWhr); 

4. Brake torque of engine (Nm). 

The blocks of a general ANN bi-fuel engine model are shown in Figures 6.12 and 

6.13. 
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Figure 6.12 Engine modelling by using neural networks for CNG. 

 

Figure 6.13 Engine modelling by using neural networks for gasoline. 

Therefore, it is necessary to select eight neural networks (equal to the number of 

model outputs) for modelling the bi-fuel engine and train each of these 

separately. 

6.16 Method of Selection and Training of Artificial Neural Networks 

After reading exergy based SI engine model (EBSIEM) results from excel file 

(read_excel.m), we can enter the training stage. The name of this program is 

„train_ANN.m‟ and its general specifications are as follows: 
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 Separation of input and output data based on group and points 

methods for training and validation of neural network performance. We 

can select one of the methods for the training of neural network 

optimally. 

 The best response for the ANN engine model after studying is a hidden 

layer with 11 neurons and in that 11 performance functions of the type of 

„f1=tansig‟ (for each neuron) is considered and since every neural 

network has only one output. Therefore, in the output layer of each 

network has only one neuron, which selected its performing function of 

the type of „f2=purelin‟. All eight neural networks have such a structure. 

Therefore, there are 12 neurons in each neural network (Figure 6.14). 

 By combining four neural networks for engine modelling of a CNG 

fuelled engine, the ANN model will require 48 neurons, and for a bi-fuel 

(CNG and gasoline), there will be a need for 96 neurons. 

 

Figure 6.14 Structure of each neural network. 

 The primary value of weights and biases of all neurons of neural 

networks are selected randomly with a smooth distribution lying between 

[0, 1]. 
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 For training all neural networks, the Levenbergh-Marquardt method 

(trainlm) is used, and each neural network is trained separately. At the 

end, the training of data related to weights and biases of respective 

neural networks are saved for reuse in a file. 

 At each stage, only one of the eight neural networks related to one of the 

outputs of the ANN engine model is trained and evaluated. In total, eight 

neural networks will need eight stages of training. 

 The method of training of neural networks in this research is designed as 

follows:  

The Neural network is trained to reach a suitable performance in one loop 

with an iteration of at most 50. The network is trained with the data related 

to training in each iteration of the loop. When the performance of network 

based on performance function, the minimum mean square error is 

acceptable, before the end of 50 times of iteration loop, the training of 

network is ended. Otherwise, after 50 iterations, the training of the network 

is terminated and the program is moved out of the training loop. In this 

innovative method, the values selected quantity for weights and biases of 

network are based on the minimum of the observed value for performance 

function in iteration loop. 

 Following the end of training for each of the outputs, the performance of 

the artificial neural network related to that specific output is validated 

using 20% of the data, which did not have any role at the time of network 

training. This validation is performed based on relative error, mean 

square error (mse), and correlation coefficient. 

The flowchart of the neural network (NN) training is as Figure 6.15. 
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6.17 Manner of Performance of Training Program of ANN (Group 

Selection) 

Consider the implementation of the program for the following: 

 CNG fuel; 

 Atotal engine model output; 

 Type of training group 

1. The ANN model training is performed (ANN-Training-For-CNG.m) CNG. In 

the beginning, the necessary information for each type of training (groups) and 

engine model output (Atotal) is inserted (at this stage only one of the four 

respective outputs can be selected) (Figure 6.16). 

2. In the implementation of this program, „groups‟ training is selected. 

3. In groups training, of 12 existing groups of engine model data (for each group 

1500 < N < 6000 with a step of 500rpm), nine groups are selected for training 

and three groups for validation. The method of selection of training groups and 

validation can be made randomly (Figure 6.17).  

4. After the end of the training stage with 20 data groups related to training of 

neural network (i.e. 80% of total data) and determining proper weights and 

biases for the network, the neural network is simulated with the same 20 groups 

of data used in training. The response of the ANN model and engine model is 

showing good fit with the training data (Figure 6.18). 
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Figure 6.15 Flowchart of the neural network (NN) training. 

END 

Is NN performance function 

at this stage smaller than 
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the pervious stage? 

C 
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mean error square, correlation coefficient. 
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5. At this stage, by using 20% of the remaining data that have not participated in 

the training, the neural network is simulated. With regard to the results, the 

response of the neural network and the engine model response of the system to 

the validation data are showing good fit, i.e. the neural network can predict the 

behaviour of the engine model to different inputs. 

6. One of the suitable parameters for evaluating the ANN model is to get the 

relative error between the response of the development QD thermodynamic 

model engine (exergy based SI engine model=EBSIEM) and this model based 

upon the results (Figure 6.19), defined as follows: 

 

Figure 6.16 Necessary data entered for the training type (group) and the model 

output. 

                                            

 

(6-35) 

                 
                          

           
 

 

                 
              

           
      

(6-36) 

The maximum value of the relative error for the torque output in CNG fuel and 

with the „groups‟ training is less than 0.8% which shows very suitable 

performance of the model (Figure 6.20). 
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Figure 6.17 Method of selection of training data and validation for the group 

training of neural network. 

 

Figure 6.18 Response of trained neural network to training data for group 

training. 
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Figure 6.19 Studying of performance ANN model. 

 

Figure 6.20 Relative error of the response of trained neural network with the 

method of points training to validation data when the output of engine model is 

availability. 
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selected as the mean error square. The mse value after each iteration of network 

training is observed and at the end of 50 iterations, optimal weights and biases 

for the neural network based on minimum mse value are selected (Figure 6.21). 

       
 

 
                             

 

   

 

 
                 
 

   

 

 

(6-37) 

The iteration value k=1, 2, …, 50 shows the stages of iteration loop. The relative 

rate of mse is equal to: 

           
 

 
  

                        

           
 

  

   

 

 

(6-38) 

 

Figure 6.21 The mse (mean square error)value of the neural network response at 

the end of each training stage (50 iterations) when the output is total availability 

and the method of training is group. 
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At the stage x=27, the minimum value of mse (min) = 1.7 e-8 is obtained and the 

values of weights and biases of trained network at this stage is saved for reuse. 

8. With the obtained weights and biases at the seventh stage, for the trained 

neural network, the general response of the ANN model and development QD 

thermodynamic model (exergy based SI engine model=EBSIEM) in all data are 

observed that it can be predict the behaviour of bi-fuel SI engine well.  

9. At the validation stage for the model of engine neural network, it is necessary 

to compare and evaluate the results of the ANN model with the results of 

development QD thermodynamic model (exergy based SI engine 

model=EBSIEM). There are different methods for validation of the model and 

in the continuation of this discussion; this job is carried out with some existing 

and efficient methods. 

 Error square mean standard (mse) 

This method basically selection of weights and biases of neural network has 

been performed based on the minimum mse value. 

 Correlation Coefficient 

The correlation coefficient is obtained between the output values of 

development QD thermodynamic model (exergy based SI engine 

model=EBSIEM) and output of the ANN model and is shown with the R. The 

rate of R > 0.95 shows the suitable response of model. However, the correlation 

coefficient is a general index and cannot be solely an enough index for 

evaluation. The relationship between correlation coefficient and the QD 

thermodynamic model (engine model) and ANN model output is as follows: 
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(6-39) 

Y (QD model) is the output values of the development QD thermodynamic 

model (exergy based SI engine model=EBSIEM), [Y (ANN Model)] is the output 

of the ANN model and Y (QD Model) is the average of output n related to 

EBSIEM. 

 Displaying the Linear Relationship Between the Outputs of 

EBSIEM and ANN model 

This analysis shows a one-to-one relation between the output of the EBSIEM 

(target t), and output of the neural network model (Y) with a linear relation 

based on two quantities of line slope (m) and width from origin (b) as follows: 

        

 

(6-40) 

It is clear that if the value of m=1 and b=0, Y=t, i.e. EBSIEM and ANN model 

are fully fitting with each other. To the extent that m is closer to one and b to 

zero, to the same extent, the response of model is more suitable.  

With using the command [m, b, R] = postreg (a, t), the coefficients of m, b and 

R between EBSIEM response (t) and ANN model (a) are obtained: 

a=sim(net, p); 

[m, b, R]=postreg(a, t)  
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6.18 Manner of Performance of Training Program of ANN (Points 

Selection) 

Consider the implementation of program for the following condition: 

 CNG fuel; 

 Atotal engine model output; 

 Type of training, points. 

1. The training program of CNG is performed (ANN-Training-For-CNG.m). At 

the start of the program, necessary data for training type (points) and output of 

engine model (Atotal) are entered (Figure 6.22). 

 

Figure 6.22 Necessary data entered for the type of training and the model 

output. 

2. Since in the running of this program, a points training is selected, a shape like 

this is observed.  

In the points selection of data, 80% of data taken from the engine model, are 

selected for the training of the neural network (blue in Figure 6.23) and 20% of 

the remaining data is used for evaluating the neural network (red in Figure 

6.23). The method of selection of training points and evaluations are random. 
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Figure 6.23 Method of selection of training data and validation for the points 

training of neural network. 

3. After the end of training stage of neural network (with 80% of total data) and 

determining the proper weights and biases for network, the neural network is 

simulated with the same-trained data. It is observed in the following figure, the 

response of neural network and real (engine model) response of system to train 

data are fitting with each other (Figure 6.24). 

4. At this stage, by using 20% of remaining data, which did not contribute in the 

training of neural network, the neural network is simulated. In the following 

figure, the relative error value for the availability output and based on the 20% 

of used data in the validation of neural network is shown (Figure 6.24).  

20 40 60 80 100 120

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1.1

Sampels

A
v
a
ila

b
ili

ty
 (

M
J
*d

e
g
 C

A
)

training and Validating Data for Groups Approach

 

 

Training Data

Validating Data



Page | 150  
 

Figure 6.24 Response of trained neural network to training data for points 

training 

The maximum relative error value for availability in CNG fuel and with points 

training is less than 0.05%, which shows the proper performance of the ANN 

model (Figure 6.25).  

5- The mse value after each network training network and in each stage of 50 

times iteration loop has been shown in Figure 6.26. The optimal weights and 

biases for neural network are selected based on minimum value of mse. 

At the stage of x=46, the minimum value of mse (min) = 1.708 e-10 is obtained 

and the values of weights and biases of trained network at this stage is saved for 

reuse.  
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Figure 6.25 Relative error of the response of trained neural network with the 

method of points training to validation data when the output of engine model is 

availability. 

6-19 Comparison the Performance of Trained Neural Networks  

In order to make a general study of the behaviour and performance of all models 
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Figure 6.26 The mse (mean square error) value of the neural network response 

at the end of each training stage (in the 50 times iteration loops) when the 

output is availability and the method of training is points. 

The results observed in Table 6.1 shows the ideal performance of all models 

based upon group training. In addition, the results observed in Table 6.2 shows 

the ideal performance of all models based upon points training, too. However, 

with comparison ANN model results based upon group training and points 

training, the points training is much better. Therefore, in this thesis is used this 

method for selection data to train of ANN model. Moreover, these results will be 

generalised for gasoline fuel, too. 
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Table 6.1 A study of the performance of neural networks 1 to 4 (Atotal, BSCO, 

BSNOX, brake torque), the engine is CNG fuel and the method of training is 

group. 

Type of group training 

A study of the model performance with the obtained results for all data     

       (training +validation) 100% 

Mean error 

square (mse) 

Maximum of 

relative error 

(%) 

Correlation 

coefficient 

Width of 

origin  

Line 

slope 

ANN 

Model  

Output 

1.038x10
-5

 5.75 0.9999 0.0036 0.9997 Atotal 

8.083x10
-4

 23.4 0.9998 0.0120 0.9974 BSCO 

2.152x10
-4

 8.29 0.9977 0.0025 1.0028 BSNOX 

1.332x10
-7

 1.370 1.0000 5.51x10
-4 

1.0013 Torque 

 

6-20 Summary  

This chapter presents an efficient approach for the prediction of total 

availability, brake specific CO, brake specific NOx and brake torque for a bi-fuel 

engine (CNG + gasoline) using ANN. The database used for NN training is based 

upon the development of QD thermodynamic bi-fuel SI engine model (exergy 

based SI engine model=EBSIEM) results. The Levenberg-Marquardt (LM) was 

fast method and had very high efficiency for an average network therefore this 

algorithm is used for training (trainlm). In addition, with comparison the ANN 

model results based upon group training and points training, the points training 

was much better. Therefore, in this thesis is used this method for selection data 

to train of the ANN model. The proposed ANN model showed perfect agreement 
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with the EBSIEM. In the other words, the proposed ANN model for total 

availability, BSCO, BSNOX and brake torque had good correlation coefficients 

(1.0000, 0.9999, 1.0000 and 1.0000), in addition, this model for total 

availability, BSCO, BSNOX and brake torque had maximum relative error 

percentage of 0.407, 2.55, 0.517 and 0.0208, respectively, too. 

Table 6.2 A study of the performance of neural networks 1 to 4 (Atotal, BSCO, 

BSNOX, brake torque), the engine is CNG fuel and the method of training is 

points. 

Type of points training 

A study of the model performance with the obtained results for all data            

(training +validation) 100% 

Mean error 

square (mse) 

Maximum of 

relative error 

(%) 

Correlation 

coefficient 

Width of 

origin  

Line 

slope 

ANN 

Model  

Output 

9.7912x10
-8

 0.407 1.0000 2.87 x10
-4

 0.9997 Atotal 

4.1242x10
-4

 2.55 0.9999 0.0075 0.9924 BSCO 

2.642x10
-6

 0.517 1.0000 -8.107x10
-4

 1.0002 BSNOX 

9.004x10
-12

 0.0208 1.0000 5.5129 x10
-4

 0.9999 Torque 
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Chapter 7 

CPSO Exergy Based SI Engine Model 

In order to treat non-linear optimisation problems the evolutionary algorithm is 

explained in this chapter. The original algorithm of particle swarm optimisation 

(PSO) is presented and the greater direct modification of it to handle 

constrained optimisation is explained. In addition, the artificial neural network 

(ANN) model application (that it modelled base on the exergy based SI engine 

model (EBSIEM)) based upon a constrained PSO (CPSO) method is proposed 

and the conclusion are discussed. 

7.1 Introduction 

An important certainty in algorithmic improvement is the algorithmic models 

pattern for solving complicated problems. Vast success has been accomplished 

using the natural intelligence and biological modelling; outcome addressed 

“intelligent systems”. These algorithms of intelligent consist fuzzy systems, 

artificial neural networks (ANNs), artificial immune systems (AIS), evolutionary 

computation (EC), and swarm intelligence (SI) that jointly structure portion of 

the field of artificial intelligence (AI) (Engelbrecht, 2007). 

One of the five main a sub-branch models of AI that is computational 

intelligence (CI). CI can be determined as the study of adaptive mechanisms 

authorising or lightening intelligent behaviour in complex environments. These 

mechanisms include those AI models that demonstrate an ability to learn or 
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accommodate to new status, to generalise, abstract, associate and discover 

(Engelbrecht, 2007; Engelbrecht, 2005).  

SI is regarded such as AIs sub-branch that invented from the colonies 

investigated, or social organism‟s swarms. Researches of the individual‟s social 

behaviour in swarms straight forwarded the algorithms gleaning and extremely 

qualified optimisation design. The relationship, the becoming simulation 

researches, however, none forecast able bird flocks rhythmic movement 

conducted to the algorithm of PSO design. PSO is a probabilistic based upon 

population optimisation attitude that the basis on the bird flocks social 

behaviour has been modelled. The number of population called swarm and a 

member of swarm called particle. In the swarm, every particle demonstrates a 

solution of potential nominee to the optimisation problem. In the swarm, every 

particle in the domain of solution is “flown”, as long as position of every particle 

is accommodated conforming its experience of oneself and its neighbour. 

Therefore, every position of particle is updated using its‟ best position confront 

and the best position of neighbouring that pull it progressively in the direction 

of the optimal solution. Every particle‟s performance is evaluated by a pre-

defined fitness function that is determined conforming the solution of problem‟s 

peculiarity (Fan and Zahara, 2006). Moreover, PSO is shown to be an 

efficacious implement to solve complicated optimisation problems (Nikranjbar 

et al., 2010). 

7.2 Generalised Evolutionary Algorithms (EAs) 

The genetic algorithms (GAs) presented such as the first EAs based method 

(Elbeltagi et al., 2005). In engineering and science, the GA has been applied in 

numerous utilisations. However, beside of advantages, the genetic algorithms 
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almost need long times for processing to unfold the optimal solution. In an 

effort to improve the solution‟s quality and decrease time for processing, 

characteristically to prevent be entrapped in optima of local, other the 

evolutionary algorithms have been introduced. In addition, for improving 

deferent the genetic algorithms, four other methods revealed late improvement 

in the evolutionary algorithms consist by various natural processes that these 

are particle swarm optimisation, mimetic algorithms (MAs), shuffled frog 

leaping (SFL), and ant colony systems (ACS). 

The various algorithms criteria of performance are based upon in logical (Dong 

et al., 2005): 

1. The success ratio, representing the number of trials that required to 

achieve to its determined object value for the objective function; 

2. In all trials, the solution obtained the mean value; 

3. The time of processing achieved the optimal object value. 

7.3 Global Optimisation Using EAs 

In vast optimisation, problems engaged in different scientific search areas. The 

search is analysed the objective function real valued with the global minimiser 

discovery for a solution     , i.e., discovering      as: 

                              (7-1) 

     is a nonempty compact set (Engelbrecht, 2005; Clerc 2005). 

Therefore, for a minimisation problem the global optimal is a set the best 

nominee solutions. The optimal solution provides in algorithm searches using 
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replacing in iterative process for the solution of a present candidate into the best 

solution. 

Optimisation techniques based upon the solution‟s type, which can be classed in 

two principle categories: (1) global search, and (2) local search (Engelbrecht, 

2005). The algorithm of local search techniques is applied the space of search 

enclosing the present solution to generate next solution based on local data. 

While, the algorithms of global search use the entire search space with more 

information exploring based upon locate global optima. 

Optimisation techniques are organised into two principle classes: “probabilistic 

or stochastic” and “deterministic” (Engelbrecht, 2005). The greatest part of the 

techniques of deterministic is containing the heuristics usage, i.e., adding 

penalties (penalty-based methods) or modifying the trajectory (trajectory 

methods) to avoid local minima. In addition, probabilistic methods depend on 

probabilistic arbitrations for defining whether search should isolate from a local 

minimum the neighbourhood (Hu et al., 2004). 

In comparison to adaptive probabilistic the algorithms of search, a technique 

that exploit a potential solutions set is evolutionary computation (EC). In 

addition, it is called detection for the optimal solution and a population by 

competition and collaboration among the population individuals. These 

methods are faster than traditional optimisation methods, and generally find 

optima in complex optimisation problems. The most generally particulate 

population-based EC techniques, such as genetic programming, evolution 

strategies (ES), genetic algorithms (GA), artificial life techniques and 

evolutionary programming, which are revealed because of the nature evolution 

(Hu et al., 2004). 



Page | 159  
 

The particle swarm optimisation is a contemporary member swarm intelligence 

(SI) methods in the broad category for solving global optimisation (GO) 

problems (Engelbrecht, 2005; Clerc, 2005). It was recommended originally like 

the social behaviour simulation that had presented before such as an 

optimisation technique (Kennedy and Eberhart, 1995). 

Particle swarm optimisation is attributed to artificial life, and characteristically 

to swarming theory, and with especially evolution strategies, evolutionary 

computation and genetic algorithms. It can be accomplished and it is 

inexpensive in computation, since that, its CPU speed and memory needs are 

low. Furthermore, its objective function under consideration does not require 

gradient information, however, its advantages and applies just aboriginal math. 

operators. It has been demonstrated to be a capable technique for the greater 

part of GO problems and in a part of instance it does not endure the encounter 

complicates by else evolutionary computation methods (Hu and Eberhart, 

2002; Li and Dam, 2003). 

7.4 Evolutionary Computation and Classical Optimisation 

Evolutionary computation algorithms have presented to be more often capable 

for multimodal, discontinuous, noisy, and non-differentiable problems. 

However, the algorithms of classical optimisation have presented to be and 

rather capable than evolutionary algorithms in quadratic, convex, linear, and 

another characterises problems (Engelbrecht, 2007; Engelbrecht, 2005). 

Classical optimisation (CO) and evolutionary computation (EC) to have 

difference especially in the search surface information and search process 

(Engelbrecht, 2007): 
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7.5 Optimisation Methods 

Optimisation techniques are categorised in the groups based upon the problem 

specialises as follow: (1) unconstrained (2) constrained (3) multi objective (4) 

dynamic methods, and (5) multi solution (Engelbrecht, 2005). 

However, the groups of constrained and unconstrained optimisation techniques 

are described, and the PSO algorithm are explained. Finally, the algorithm of 

PSO usages applied for identification of parameter, exergy-based SI engine 

model (ANN model based on exergy-based SI engine model (EBSIEMO)) and 

optimisation process. 

7.6 Particle Swarm Optimisation (PSO) 

PSO is a new the intelligent optimisation algorithms development, however, it is 

easy in notion and very fast and accurate in computation. PSO has been 

demonstrated to be an efficient algorithm and highly powerful. Moreover, it is 

applicable to many feasible problems (Engelbrecht, 2007; Engelbrecht, 2005; 

clerc, 2005). 

7.6.1 Basic Theoretical of Particle Swarm Optimisation (PSO) 

Particle swarm optimisation is an algorithm of probabilistic search population-

base based on the social behaviour of bird‟s simulation inside a flock. The 

primary diligent of the notion of particle swarm was explicitly simulating the 

elegant and impossible foretell flock of bird choreography. The aims of finding 

models that supervise the birds for synchronously flying capability and to 

instantaneous transformation direction and regroup in the optimum shape. By 

the first target, the notion unfolded in an efficient and the algorithm of easy 

optimisation (Engelbrecht, 2007). The first published about this concept was in 
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1995 (Kennedy and Eberhart, 1995), PSO has been abundant applied for solving 

a comprehensive range problems in global optimisation. 

In particle swarm optimisation, individuals in the population called swarm 

(Engelbrecht, 2007; Engelbrecht, 2005; clerc, 2005), and member of swarm 

called particle, that in search space of multi dimensional, they are “flown”. The 

particle‟s position changes based on the individuals psychological of social 

interest in search space to competition compare to the other individuals 

prosperity. The particle changes within the swarm are attracted the neighbours 

by the knowledge, or experience. The particle‟s search behaviour is disposed by 

the other particles within the swarm (Engelbrecht, 2007). 

7.6.2 Principle (Global Best) Particle Swarm Optimisation 

This starts of algorithm randomly by an initialised particles swarm, and every 

particle describes a feasible solution. The every particle‟s position is adopted 

conforming its own experience and neighbours. If       refers to the     

particle‟s position in the space of search at time step  , therefore, the particle‟s 

position in the next iteration is transformed by summation of a velocity 

        to the present position (Engelbrecht, 2007; Engelbrecht, 2005; clerc, 

2005; Kennedy and Eberhart, 1995), i.e. 

                      (7-2) 

In the search domain, the first population is generated randomly such as: 

                   (7-3) 

The particle‟s velocity   is determined in global best PSO, such as: 
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 (7-4) 

The particle‟s velocity  th in dimension          at step of time   is        is 

       the particle‟s position  th in dimension   at step of time  ,   and    are 

constants of affirmative acceleration applied to measure the social and cognitive 

components contribution.        and               , are sampled random values 

in uniform and in       range. These values randomly present probabilistic parts 

to the algorithm. 

The best position of personal (  ) affiliated by particle   that it is the best 

position        , which the particle has achieved yet. The       is defined at the 

next time step,      based on minimisation problems, such as: 

         
                              

                                 
  (7-5) 

At time step  , the gbest       ), is determined by: 

                         
            

                              
       

(7-6) 

In the swarm    is the number of total particles. The        is determined 

based on equation (7-6) and    is the       and found using the particles in the 

swarm. It can be chosen by the pbest (Engelbrecht, 2007; Engelbrecht, 2005). 

Contemplating of the equation (7-4) that includes of three important terms 

(Engelbrecht, 2007; Engelbrecht, 2005; clerc, 2005): 
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 The previous velocity (       serves a previous moving direction of particle 

as a memory. This term prevents intense change in the direction of particle 

as a momentum; 

 The cognitive component (                    ), is a particle‟s empiric 

knowledge that quantifies performance of particle cognate to the past. This 

term is proportionate to the particle distance from its own best position 

(pbest) ever defined. The consequence is the particles are pulled back to 

their own pbests; 

 The social component (                    ), is a particle‟s performance that 

quantifies in the swarm. Regarding to the data betwwen the particles social 

exchange in the swarm, it is ordinary assigned to velocity equation as the 

social component. 

 

Figure 7.1 The PSO performances in graphical representation for the solution 

domains (two-dimensional). 

The Figure shows imaginary of the searching process description in a two 

dimensional domain. Corresponding to the equations ((7-4) and (7-2)),    and    

respectively, refer to the gbest and pbest. The contribution consequence is the 
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social component, the cognitive component, and the momentum component 

such as three expressions in the equation (7-4). Every present particle‟s position 

is unfolded conforming equation (7-4) that in the solution space presents a 

better position. In this equation, the social and the cognitive components 

contribution in the equation (7-4) are weighted using a probabilistic quantity 

(    , and      . An inertia weight factor is controlled the momentum 

component that plays in the algorithm an important role. The standard or global 

best particle swarm optimisation; algorithm is description in Figure 7.2. 

The algorithm and flow chart presented for standard or global best PSO, which 

it is easy in notion and is simple for programming and accomplishment. 

Consequently, it benefited credibility recently (Fan and Zahara, 2006). 

 

Figure 7.2 The flow chart of standard PSO. 

 



Page | 165  
 

7.6.2.1 Basic PSO Parameters  

Corresponding to Equations (7-2) and (7-4), some parameters influence the 

PSO algorithm operation, for example, the problem dimension , the swarm size 

(particles number), the two coefficients of acceleration (   and    , the weight 

factor of inertia    , the size of neighbourhood, and randomly two values, which 

measure the social components and the cognitive contribution. The maximum 

value‟s velocity is significant, when the clamping of velocity is applied to 

prohibit the particles from the solution domain flying out (Engelbrecht, 2007; 

Engelbrecht, 2005; clerc, 2005). 

The particles number in the swarm surety the swarm abundant initial diversity. 

Therefore, the optimum size of swarm is dependent on the problem; but 

ordinarily in the swarm, 10 to 30 particles is a range of proposed (Engelbrecht, 

2007; Engelbrecht, 2005; clerc, 2005). 

In this algorithm, the constants of acceleration aid twofold intention. Firstly, 

they control the relative effect in the direction of global best and personal best 

positions. Secondly, the coefficients two acceleration combine to an adaptive 

algorithm the step size (Bergh and Engelbrecht, 2006).  

For particle swarm optimisation, the social structure is defined by the 

overlapping neighbourhoods formation that the particles have effect each other 

in the swarm. The PSO performance depends powerfully on the social network 

structure. For PSO dissimilar structures of social network like as Wheel, Ring, 

Star, Pyramid, Von Neumann, and Four clusters have been developed. Figure 

7.3 shows a part of the topologies of network that used in particle swarm 

optimisation (Engelbrecht, 2007; Engelbrecht, 2005). 
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Figure 7.3 Three structures of networks applied in particle swarm optimisation  

(Engelbrecht, 2007; Engelbrecht, 2005). 

The version of global best (        uses the network structure of star that 

promotes powerful exploitation the capability regarding to pulling whole of 

particles to the like pbest. The version of local best        , employs the ring 

structure of network that provides more exploration since the information due 

to each neighbourhood the best position is conveyed to the swarm rest through 

neighbouring particles. The local best and global best versions specific 

parameters of particle swarm optimisation, means exploration and exploitation 

the capabilities, excitement the researchers to suggest the concentrated particle 

swarm optimisation (Parsopoulos and Vrahatis, 2005). 

7.6.3.1 Aspects of Basic PSO Algorithm 

The initialising swarm efficient method is to describe the maximum and range 

minimum of every dimension and the particles among these vectors       

and      .  

                               (7-7) 
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   is a random number that it likely produced between 0 and 1, and    and 

   marked the number of total particles and dimension of the problem in the 

swarm in Equation (7-7), respectively. The pbest position arrangement its 

primary position at the initialisation stage for every particle. In addition, the 

initial velocity is proposed zero to be initialised. 

       (7-8) 

The inertia weight is significant to assure the algorithm‟s convergence, and into 

optimality trade off exploitation and exploration. The value choice for inertia 

weight (   has to be accomplished in connection with the acceleration 

coefficients selection (   and     (Engelbrecht, 2007; Engelbrecht, 2005): 

  
 

 
          (7-9) 

The PSO implementations accomplished use-changing   values dynamically. 

The   ordinary starts with large values that decrease over time. The decreasing 

  can be determined (Engelbrecht, 2007; Engelbrecht, 2005; Clerc, 2005): 

                 
    

  
       (7-10) 

The    is iterations maximum number or the time steps,      is the primary 

weight,       is the final inertia weight at time step   in Equation (7-10). In 

addition,            should be retained. 

The suggested velocity clamping that is used instantaneously before position 

updates is (Engelbrecht, 2007; Engelbrecht, 2005): 
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  (7-11) 

where,    
  is determined by equation (7-4). 

The        is very significant, because it controls the search space by velocities of 

clamping (Engelbrecht, 2007): 

                        (7-12) 

       and        are the maximum and minimum values of the   domain in 

dimension  , and          

7.7 Constrained Global Optimisation 

So much actual optimisation problems are dependence to constraints set 

(Engelbrecht, 2005).  

A real valued objective function in the general constrained optimisation 

problem     , needs to discovering a point      such as: 

                              (7-14) 

dependent to: 

       ,          (7-15) 

       ,              (7-16) 

     is a compact set of non-empty, and    and     are the equality and 

inequality number constraints, respectively (Engelbrecht, 2007; Engelbrecht, 

2005; Clerc, 2005). 

The constraints can be discovered in constrained optimisation problems, as 

below: 



Page | 169  
 

1. Constraints of boundary that define the search space borders; 

2. Constraints of equality dominating that the variables of the problem 

function must be equal to a constant; 

3. Constraints of inequality dominating that the variables function must be 

lower than or equal to a constant. 

7.8 Constrained Particle Swarm Optimisation (CPSO) 

The modification key point on the algorithm of standard particle swarm 

optimisation is pay attention to the constraints. So much methods were 

suggested for handling constraints (Hu and Eberhart, 2002; Dong et al., 2005, 

Parsopoulos and Vrahatis, 2005). These methods are classified to (Engelbrecht, 

2007; Engelbrecht, 2005; Clerc, 2005): 

1. Methods on the basis of the solutions preserving feasibility; 

2. Methods on the basis of penalty functions; 

3. Methods t on the basis of the solutions that accomplish a clear distinction 

between infeasible and feasible; 

4. Hybrid methods. 

The significant straightforward method is the methods the basis of the solutions 

preserving feasibility (Hu and Eberhart, 2002). Every particle searches the total 

search space maintains following achievable solutions to discover for the 

optimum in the feasible space. In addition, whole of the particles are initialised 

as achievable solutions to speed up this process (Engelbrecht, 2007).  

7.8.1 Executing CPSO-exergy Based SI Engine Model Procedure  

To execute the constrained particle swarm optimisation (CPSO)-exergy based SI 

engine model (applied to ANN model as emulator) is developed a computer 

code for the parameter recognition algorithm. To avoid long running time of a 
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trial and error based optimisation algorithm, the ANN model is created as an 

emulator for the exergy based SI engine model. The software‟s overall 

architecture is made characteristically for maximising SI engine cycle total 

availability (exergy) or minimising the inverse of it on constrained PSO purpose 

that it is demonstrated in Figure 7.4. 

Figure 7.4 shows it consists of various modules. The CPSO algorithm is run 

indirect the main module and the total optimisation process is checked. In 

addition, it interacts with objective function that contains the code for 

constraint function and fitness determination module by the total swarm is 

inspected to assure that all constraints are contemplated. 

The program starts with an initialisation step. In this time, swarm consisting the 

design parameters characterised number or the first population, i.e. ignition 

time (spark advance) and equivalence ratio       )  

Based upon the particles minimum and maximum range, are pushed to be 

generated using a constraint function in the feasible domain for feasibility 

checking. In this process merely randomly generated values of     and   pairs 

that gratified the constraints as brake specific CO (BSCO) and brake specific 

NOx (BSNOx), due to Euro 2 emission standard (BSCO4 g/kW.hr and BSNOx7 

g/kW.hr) are accepted. 

In the swarm marked by    , every populated particle, in the main function of 

PSO, the constraint function is requested. The each particle     availability of 

the swarm is defined by the objective function at a specified speed of engine. In 

addition, the each particle‟s fitness is defined using IGT and  at a specified 

speed of engine. For next usage, the fitness vector is served. The first population 
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(        is set for the best particle and each particle     in the swarm is 

attributed as        In this step, the velocities of particle are initialised to zero. 

The main loop is started after the initial step. In the iterations, the particles in 

the swarm marked as    the similar previous step that are checked by constraint 

functions and are attributed a achievability ensign that denotes if they are 

located in the infeasible or the feasible domain. Once more, the fitness function 

by the CPSO main function the returned feasibility-checked particles     that 

are applied. The CPSO to take off the       and the first population        is 

arrangement    . In the main loop of CPSO, swarm position or the current 

velocity and population are unfolded by the equations ((7.4) and (7.2)). In the 

fitness function, updated swarm fitness is defined availability, IGT and . If 

required, the values of fitness are applied using constrained particle swarm 

optimisation to update        and      . 

Regarding the CPSO approach for exergy based SI engine model optimisation 

(EBSIEMO) using the ANN model results as emulator in speed up optimisation 

process for this process, two parameters need to be identified based on the 

objective function (minimising of total availability inverse): 1. Equivalence ratio 

(ϕ) 2. Ignition time (IGT). 
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Figure 7.4 The CPSO exergy-based SI engine model‟s overall architecture.  
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7.9 Results and Discussion 

The results are shown in Figures 7.5-7.9. Figure 7.5 (Global fitness (1/total 

availability) values versus swarm number (CNG mode)) and Figure 7.7 (Global 

best ignition time (IGT) parameter versus swarm number based on maximising 

total availability (CNG mode)) show a rapid convergence of the optimisation 

process. Figure 7.6 shows global best fitness total availability inverse (or 

maximising of total availability) values versus engine speed (CNG mode). Figure 

7.8 shows global best ignition time (IGT) parameter versus engine speed based 

on maximising total availability (CNG mode). In this Figure, IGT is maximum in 

3000 rpm, it is 21◦ bTDC in 1500 rpm, and in other engine speeds is 18◦ bTDC. 

In addition, equivalence ratio (ϕ) is grow up from 0.88 t0 0.94 with increasing 

engine speed from 1500 rpm until 6000rpm (Figure 7.9). 

For comparison of SLT and FLT analysis, this process is implemented based on 

best brake torque. The objective function in this programme (1/ total 

availability) is changed to (1/brake torque) and based on minimising this 

function (maximising brake torque) with using the ANN model results (for CNG 

mode) as emulator, two parameters to be identified based on this objective 

function: 1. Equivalence ratio () 2. Ignition time (IGT).  

The results are shown in Figures 7.10-7.14. Figures 7.10 (Global fitness (1/brake 

torque) values versus swarm number (CNG mode)) and 7.12 (Global best 

ignition time (IGT) parameter versus swarm number based on maximising 

brake torque (CNG mode)) show a rapid convergence of the optimisation 

process. Figure 7.11 shows global best fitness brake torque inverse (or 

maximising of brake torque) values versus engine speed (CNG mode). Figure 
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7.13 shows global best ignition time (IGT) parameter versus engine speed based 

on maximising brake torque (CNG mode). In this Figure, IGT is maximum 

(23.4◦ bTDC) in 6000 rpm, it is 21.3◦ bTDC in 1500 rpm, and in other engine 

speeds increased between these values. In addition, equivalence ration () is 

0.95 in all of the engine speeds (Figure 7.14). 

Based upon the results due to analysing two methods (FLT and SLT) for the 

specified SI engine best performance parameters (i.e. IGT and ), they are close. 

It is worth mentioning that based on availability (exergy) analysis (SLT) since 

availability destruction is a measure of irreversibility, which demonstrate useful 

information to improve the overall efficiency and performance parameter 

specifically for thermodynamic system. Therefore, the results based oupon 

availability analysis is more regarded with higher priority compared to FLT 

analysis. 

 

  

Figure 7.5 Global fitness (1/total availability) versus swarm number               

(CNG mode) 
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Figure 7.6 Global best fitness (1/total availability) versus engine speed          

(CNG mode) 

 

 

Figure 7.7 Global best ignition time (IGT) versus swarm number based on 

maximising total availability (CNG mode) 
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Figure 7.8 Global best ignition time (IGT) versus engine speed 

based on maximising total availability (CNG mode) 

 

 

Figure 7.9 Global best equivalence ratio ()versus engine speed 

based on maximising total availability (CNG mode). 
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Figure 7.10 Global fitness (1/brake torque) versus swarm number  

(CNG mode). 

 

Figure 7.11 Global best fitness brake torque inverse (or maximising of brake 

torque) versus engine speed (CNG mode). 
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Figure 7.12 Global best ignition time (IGT) versus swarm number based on 

maximising brake torque (CNG mode). 

 

Figure 7.13 Global best ignition time (IGT) versus engine speed based on 

maximising brake torque (CNG mode). 
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Figure 7.14 Global best equivalence ratio ()versus engine speed 

based on maximising brake torque (CNG mode). 

7.10 Summary 
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explained in this chapter. The original algorithm of particle swarm optimisation 
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engine performance parameters are discussed. The optimisation results based 

upon two methods obviously show (IGT and ϕ) they are close. However, the 

results based on availability (exergy) analysis (the SLT) due to availability 

destruction that is measure irreversibilities and provides useful information to 

improve the overall efficiency of a thermodynamic system, will be acceptable 

with higher priority compare to the FLT analysis. 
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Chapter 8 

Conclusions and Recommendations 

In this thesis, exergy-based SI engine model optimisation (EBSIEMO) was 

studied and evaluated. A four-stroke bi-fuel spark ignition (SI) engine model 

was developed for optimising engine performance purposed based upon an 

exergy analysis. An artificial neural network (ANN) was modelled based on 

exergy based SI engine model (EBSIEM) results as an emulator to speed up 

executing of the optimisation processes programme. In this optimisation 

programme, constrained particle swarm optimisation (CPSO) was applied to 

identify parameters (equivalence ratio and ignition time (spark timing)) based 

upon exergy and energy analysis (the SLT (maximising “total availability”) and 

the FLT (maximising “brake torque”)). In the optimisation process, the engine 

exhaust gases standard emission were applied including brake specific CO 

(BSCO) and brake specific NOx (BSNOx) as the constraints. Finally, the results 

of optimisation programme were compared and were discussed. 

 

8.1 Conclusions 

The main results based upon the thesis research fields that were the bi fuel SI 

engine model, exergy based SI engine model (EBSIEM), artificial neural 

network (ANN)-EBSIEM, and constrained particle swarm optimisation (CPSO)-

EBSIEM (EBSIEMO), are presented as follows: 

1. A quasi-dimensional (QD) thermodynamic two-zone model for the bi-

fuel spark ignition (SI) engine was developed. The results of the model 
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had a good correspondence with the experimental data (average 8% 

relative error). 

2. This model was capable 0f prediction and analysis of the engine 

thermodynamics characteristics, engine performance parameters and 

engine exhaust emissions. In addition, it is useful for optimisation of the 

engine performance parameters. 

3. In order to attain an engine with better performance and less pollution, 

engines should be designed specifically for each type of fuel. Therefore, in 

the bi-fuel engine, the optimality of the performance parameters should 

be ignored. 

4. The results of exergy analysis were showed that differences of operational 

parameters had significantly affected the availability transfers, 

irreversibilities and efficiencies. 

5. The irreversibilities had minimum values for the specific engine speed; 

equivalence ratio and optimal ignition time (spark timing), when total 

availability in the cycle of the engine was reached maximum. 

6. To avoid long run time of a trial and error based optimisation algorithm, 

the ANN model was created as an emulator for the exergy based SI 

engine model (EBSIEM). 

7. The multi layer perception (MLP) as a well-trained ANN model was 

created for prediction of EBSIEM output (total availability, brake torque, 

BSCO and BSNOx) (ANN- EBSIEM).  

8. The Levenberg-Marquardt (LM) algorithm was an appropriate algorithm 

that was used for the training process of the ANN model.  
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9. With comparison the ANN model results based upon group training and 

points training, the points training was more efficient. Therefore, in this 

thesis was used this method for selection data to train of the ANN model.  

10. The run time of optimisation process using ANN-EBSIEM was (in a 

normal computer) about 1200 seconds (20 minutes). Moreover, this time 

without using ANN-EBSIEM will be about 90000 seconds (25 hours); 

therefore, using this innovative method in the optimisation programme, 

the time was saved at least 88800 seconds (24 hours and 40 minute). 

11. Two parameters (Equivalence ratio (ϕ) and Ignition time (IGT)) were 

identified based upon the objective function (maximising of total 

availability or maximising brake torque with the constraints (Euro 2 

emission standard (BSCO4 g/kW.hr and BSNOx7 g/kW.hr)).  

12. The constrained particle swarm optimisation (CPSO)-EBSIEM 

(EBSIEMO) was capable of optimising the model parameters. 

13. The results of optimisation based upon two methods (availability analysis 

(the SLT) and energy analysis (the FLT)) for analysing best parameters 

(i.e. IGT and ) for the best performance of the specific SI engine, were 

showed that they were close. 

14. The optimisation results based upon availability analysis (the SLT) due to 

analysing availability terms, specifically availability destruction (that 

measured engine irreversibilties) were more regarded with higher 

priority compared to the FLT analysis, and for this reason it were 

provided useful information to improve the engine overall efficiency and 

the engine performance parameters. 
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8.2 Recommendations for Future Work 

The results indicate that the volumetric efficiency and consequently brake 

power and brake torque can be improved by the use of turbocharger in bi-fuel SI 

engine, specifically in CNG mode. The turbo charging can significantly improve 

the engine performance, however, obviously once the engine is turbocharged the 

exhaust emission characteristics should be re-evaluated and new control 

strategy considered. In the other words, replacement turbocharged engine with 

natural aspirated engine must not be negative effects in engine exhaust gases 

emission and engine performance. 

Valves behaviours (valve timing and valves lift) are one of the significant 

parameters that have effects on the operation of engine and exhaust gases 

emission. Duration and timing of Inlet valve opening (IVO) and exhaust valve 

opening (EVO) have effects on brake power, brake torque and NOx emission, 

due to changing volumetric efficiency and thus temperature of cylinder. 

Therefore, the development of EBSIMO (DEBSIMO) for studying the effects of 

valves behaviours in EBSIMO can be significant. 

Furthermore, with a combination of CPSO-ANN-EBSIM, a virtual engine test 

rig, and a real ECU (Moraitis et al., 2009), it will be feasible to identify optimal 

engine parameters based on exergy and energy analysis. This can be used in the 

engine mapping, calibration and control development.  

Finally, the exergy based SI engine model optimisation (EBSIMO) could be 

further enhanced by including the effects of valves behaviour and the use of 

turbocharger. This enhanced model can be utilised to develop rapid calibration 
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strategies and as result, it can significantly reduce the engine mapping and 

calibration cycle. 

 

 



Page | 186  
 

References: 

 

Abd Alla G.H., (2002), “Computer Simulation 0f Four Stroke Spark Ignition 

Engine”, Energy Conversion and Management, Volume 43, Issue 18,    

pp.1043-1061 

 

Agarwal, A., Filipi, Z.S., Assanis, D.N., Baker, D.M., (1998), “Assessment of 

Single and Two-zone Turbulence Formulations for Quasi-dimensional 

modelling of Spark Ignition Engine Combustion”, Combust. Sci. Technol. 136, 

pp.13-39 

 

Alasfour, F.N., (1997), “Butanol A Single Cylinder Engine Study: Availability 

Analysis”, Appl. Therm. Eng. 17, pp.537-549  

 

Alsam, M.U., Masjuki, H.H., Kalam, M.A., Abdessalam, H., Mahlia, T.M.I., 

Amalina, M.A., (2006), “An Experimental Investigation of CNG as an 

Alternative Fuel for a Retrofitted Gasoline Vehicle”, Journal of fuel research, 

Fuel 85, pp. 717-725  

 

Anderson, J.A., “An Introduction to Neural Networks”, Third Printing, A 

Bradford Book, MIT, 1997 

 

Annand, W.J.D., (1963), “Heat Transfer in the Cylinders of Reciprocating 

Internal Combustion Engines”, Proc. I. Mech. E., Vol. 177, No.36, pp.973-90 

 

Annand, W.J.D., (1970-1971), “A New Computation Model of Combustion in the 

Spark Ignition Engine”, Proc Inst Mech. Engrs 185, pp.119-26  

 



Page | 187  
 

Arcaklioğlu, E., and Çelikten, İ., (2005), “A Diesel Engine‟s Performance and 

Exhaust Emissions”, Appl. Energy 80, pp.129-42 

 

Atashkari, K., Nariman-Zadeh, N., Golcu, M., Khalkhali, A., Jamali, A., (2007), 

“Modelling and Multi-objective Optimisation of a Variable Valve-timing Spark 

Ignition Engine Using Polynomial Neural Networks and Evolutionary 

Algorithms”, Energy Convers Manage 48(3), p.1029-41 

 

Bayraktar, H., and Durgun, O., (2003), “Mathematical Modeling of Spark 

Ignition Engine Cycles”, Energy Sources 25, pp.651–666  

 

Bedran, E.C., and Beratta, G.P., (1985), “General Thermodynamic Analysis for 

Engine Combustion Modelling”, SAE Paper No.850205  

 

Bejan, A., “Advance Engineering Thermodynamics”, John Wiley & Sons, 3rd 

Edition, 2006 

 

Benson, R.S., and Whitehouse, N.D., “Internal Combustion Engines”, Oxford, 

Pergamon Press, 1979 

 

Benson, R.S., and Baruah, P.C, (1997), “Performance and Emission Predictions 

for A Multi-cylinder Spark Ignition Engine”, Proc Inst Mech Engrs 191,    

pp.119-26  

 

Beratta, G.P., and Keck, J.C., (1983), “Energy and Entropy Balance in a 

Combustion Chamber”, Combust. Sci. Technol. 30, pp.19-29 

 



Page | 188  
 

Bergh, F. V. D., and Engelbrecht, A. P., (2006), “A Study of Particle Swarm 

Optimization Particle Trajectories”, Information Science, Vol. 176, Issue 8, 

April, pp.937-971 

 

Bozza, F., Gimelli, A., Siano, D., Torella, E., Mastrangelo, G., (2004), “A Quasi-

dimensional Three-zone Model for Performance and Combustion Noise of a 

Twin-spark High-EGR Engine”, SAE Paper No.2004-01-0619  

 

Boulouchos K., Steiner T., and Dimopoulos P., (1994), “Investigation of Flame 

Speed Models for Flame Growth during Premixed Engine Combustion”, Society 

of Automotive Engineers, Paper No. 940476 

 

Branes-Moss, H.W., (1975), “A Designer‟s Viewpoint: in Passenger Car 

Engines”, Conf. Proc. I. Mech. E., London, pp.133-47  

 

Caton, J.A., (1999a), “Results from the Second Law of Thermodynamics for A 

Spark Ignition Engine Using A Cycle Simulation”, In Proc. ASME-ICED Fall 

Technical Conf., 10-16 October, Ann Arbor, MI, pp.35-49  

 

Caton, J.A., (1999b), “On the Destruction of Availability (Exergy) Due to the 

Combustion Process with Specific Application to the Internal Combustion 

Engine”, Energy 25, pp.1097-1117 

 

Caton, J.A., (2000a), “A Review of Investigations Using the Second Law of 

Thermodynamics to Study Internal Combustion Engines”, In SAE World 

Congress, 6-9 March, Detroit, MI, pp.1-15  

 

Caton, J.A., (2000b), “Operation Characteristics of a Spark Ignition Engine 

Using the Second Law of Thermodynamics: Effects of Speed and Load”, In SAE 

World Congress, 6-9 March, Detroit, MI, pp.1-17  



Page | 189  
 

Caton, J.A., (2001), “A Multiple-zone Cycle Simulation for Spark-ignition 

Engines: Thermodynamic Details”, In Proc. ASME-ICED Fall Technical Conf., 

Argonne, IL, pp.1-18, 23-26 September  

 

Caton, J.A., (2002), “A Cycle Simulation Including the Second Law 

Thermodynamics for A Spark Ignition Engine: Implications of the Use of Multi-

zones for Combustion”, In SAE World Congress, 4-7 March, Detroit, MI,     

pp.1-19 

 

Cengel, Yunus A., “Thermodynamic an Engineering Approach”, Fifth Edition, 

McGraw Hill, 2005 

 

Chaojun, D., and Zulian, Q., (2006), “Particle Swarm Optimization Algorithm 

Based on the Idea of Simulated Annealing”, IJCSNS International Journal of 

Computer Science and Network Security, Vol. 6, No.10, pp.152-157 

 

Chan, S.H., and Zhu, J., (1999), “Modelling of Engine in Cylinder 

Thermodynamics under High Values of Ignition Retard”, Int. J. Therm. Sci., 

Vol. 40, pp 94-103 

 

Chavannavar, “Parametric Examination of the Destruction of Availability Due to 

Combustion for a Range of Condition and Fuels”, Texas A & M University, 2005 

 

Cho, H.M., and He, B.Q., (2007), “Spark Ignition Natural Gas Engines-A 

Review”, Journal of Energy Conversion and Management 48, pp.608-18 

 

 



Page | 190  
 

Chmela, F., Engelmayer, M., Beran, R., Ludu, A., (2003), “Prediction of the 

Heat Release Rate and NOx emission for Large Open Chamber Gas Engines with 

Spark Ignition”, In Proceeding of the 3rd Gas Engine Conference, Dessau, 

Germany  

 

Clerc, M., “Particle Swarm Optimisation”, ISTE, 2005 

 

Crane, P., Scott, D.S., Rosen, M.A., (1992),  “Comparison of Exergy of 

Emissions from Two Energy Conversion Technologies, Considering Potential 

for Environmental Impact”, International Journal of Hydrogen Energy 17, 

pp.345–350 

 

Dai, W., Newman, C.E., Davis, G.C., (1996), “Predictions of In-cylinder Tumble 

Flow and Combustion in SI Engines with A Quasi-dimensional Model”, SAE 

Paper No.961962, pp.157-168 

 

Demuth, H., Beale, M., Hagan, M., “Neural Network Toolbox for Use with 

MATLAB”, the Math Work, Inc., 2008 

 

Depcik, C., “Open-Ended Thermodynamic Cycle Simulation”, M.S. Thesis, 

University of Michigan, Ann Arbor, 2000 

 

Dong, Y., Tang, J., Xu, B., and Wang, D., (2005), “An Application of Swarm 

Optimization to Nonlinear Programming”, Computers and Mathematics with 

Applications, Vol. 49, Issue 11-12, pp. 1655-1668 

 

Duan, S.Y., (1996), “Using Natural Gas in Engines: Laboratory Experience with 

the use of Natural Gas Fuel in IC Engine”, IMechE Seminar Publication,          

pp. 39-46,  



Page | 191  
 

Dynomation-5TM, “User Guide and Engine Builder‟s Handbook”, Engine 

Simulation, v.5.01.0408, USA, 15 May 2008 

 

Elbeltagi, E., Hegazy, T., and Grierson, D., (2005), “Comparison among Five 

Evolutionary-Based Optimization Algorithms”, Advanced Engineering 

Informatics, Vol. 19, No. 1, pp. 43-53  

 

Engelbrecht, A. P., “Fundamentals of Computational Swarm Intelligence”, John 

Wiley & Sons, 2005 

 

Engelbrecht, A. P., “Computational Intelligence-An Introduction”, 2nd ed., John 

Wiley & Sons, pp. 289-358, 2007 

 

Evan, R.L., and Blaszczyk J.A., (1997), “Comparative Study of The Performance 

and Exhaust Emissions of a Spark Ignition Engine Fuelled by Natural Gas and 

Gasoline”, Proc. Inst. Mech. Engrs., D00295 

 

Fan, S. K. S., and Zahara, E., (2006), “A Hybrid Simplex Search and Particle 

Swarm Optimization for Unconstrained Optimization”, European Journal of 

Operational Research, Vol. 181, Issue 2, pp. 527-548  

 

Ferguson, C.R., “Internal Combustion Engines, Applied Thermo-sciences”, New 

York, John Wiley and Sons, 1986 

 

Ferguson, Colin R., and Kirkpatrick, Allan T., “Internal Combustion Engines: 

Applied Thermo science”, 2nd Ed, John Wiley & Sons, Inc, 2001 

 



Page | 192  
 

Flynn, P.F., Hoag, K.L., Kamel, M.N., Primus, R.J., (1984), “A New Perspective 

on Diesel Engine Evaluation Based on Second Law Analysis”, SAE Paper 

No.840032  

 

Gaggioli, R.A., (1998), “Available Energy and Exergy”, International Journal of 

Applied Thermodynamics 1, pp.1–8 

 

Gallo, W.L.R., and Milanez, L.F., (1992), “Exergetic Analysis of Ethanol and 

Gasoline fuelled Engines”, SAE Paper No.920809, pp.907-915  

 

Ganapathy, T., Murugesan, K., Gakkhar, R.P., (2009), “Performance 

Optimisation of Jatropha Biodiesel Engine Model Using Taguchi Approach”, 

Appl. Energy 86, pp.2476-86 

 

Gölcü, M., Sekmen, Y., Erduranli, P., Salman, Ms., (2005), “Artificial Neural 

Network Based Modelling of Variable Valve-timing in a Spark Ignition Engine”, 

Appl. Energy 81, pp.187-97 

 

Gordon, S., and McBride, B.J., (1971), “Computer Program for Calculation of 

Complex Chemical Equilibrium Composition, Rocket Performance, Incident 

and Reflected Shocks, and Chapman Jouguet Detonations”, NASA publication 

SP-273  

 

Graupe, D., “Principles of Artificial Neural Networks”, p.303, In: Circuits and 

Systems, 2nd ed., USA: World Scientific, Advance Series, 2007 

 

Gu, X. J., Haq, M. Z., Lawes, M., Woolley, R., (2000), “Laminar Burning 

Velocity and Mark stein Lengths of Methane-Air Mixtures”, Combustion and 

Flame 121, pp.41-58 



Page | 193  
 

Gumus, M., Atmaca, M., Yilmaz, T., (2009), “Efficiency of An Otto Engine under 

Alternative Power Optimisation”, Int. J Energy Res 33(8), pp.745-52  

 

Gunnewiek, L.H., and Rosen, M.A., (1998), “Relation Between the Exergy of 

Waste Emissions and Measures of Environmental Impact”, International 

Journal of Environment and Pollution 10(2), pp.261–272 

 

Ham, M.F., and Kostanic I., “Principle of Neurocomputing for Science and 

Engineering”, McGraw Hill International Edition, NY, 2001 

 

Haworth, D.c., and Tahry, S.H.EI., “Remodelling the Internal Combustion 

Engine”, American Institute of Physics, the Industrial Physicist, pp.29-33, 

December 1998 

 

Haykin, S., “Neural Networks: A Comparative Foundation”, New York; 

Macmillan, 1994 

 

He, Q., and Wang, L., (2006), “A Hybrid Particle Swarm Optimization with a 

Feasibility-Based Rule for Constrained Optimization”, Applied Mathematics 

and Computation, Vol. 186, Issue 2, pp. 1407-1422 

 

Heywood, J.B., Higgins, J.M., Watts P.A., Tabaczynski, R.J., (1979), 

“Development and Used of a Cycle Simulation to Predict SI Engine Efficiency 

and NOx emissions”, SAE Paper No. 790291  

 

Heywood, J.B, “Internal Combustion Engines Fundamentals”, New York, 

McGraw Hill, 1998 

 



Page | 194  
 

Horlock, J.H., and Winterbone, D.E., “The Thermodynamics and Gas Dynamic 

of Internal Combustion Engines”, Vol. 2, Oxford, Clarendon Press, 1986 

 

Hu, X., and Eberhart, R. C., (2002), “Solving Constrained Nonlinear 

Optimization Problems with Particle Swarm Optimization”, Proceedings of the 

Sixth World Multiconference on Systemics, Cybernetics and Informatics, 

Orlando, USA, Vol. 5  

 

Hu, X., and Eberhart, R. C., (2002), “Adaptive Particle Swarm Optimization: 

Detection and Response to Dynamic Systems”, IEEE Congress on Evolutionary 

Computation, Vol.2, 12-17, May, pp.1666-1670 

 

Hu, X., Shi, Y., Eberhart, R. C., (2004), “Recent Advances in Particle Swarm”, 

IEEE Congress on Evolutionary Computation, Vol.1, 19-23 June, pp.90-97 

 

Iwasaki, N., Yasuda, K., and Ueno, G., (2006), “Dynamic Parameter Tuning of 

Particle Swarm Optimisation”, IEEJ Transactions on Electrical and Electronic 

Engineering, Vol.1, No.4, Nov, pp.353-363 

 

“JANAF Thermo-Chemical Tables”, United States National Bureau of Standard 

Publication NSRDS-NBS 37, 1971 

 

Jiao, B., Lian, Z., and Gu, X., (2006), “A Dynamic Inertia Weight Particle 

Swarm Optimisation Algorithm”, Chaos, Solutions and Fractals, Vol. 37, Aug, 

Issue 3 

 

Kalogirou, S.A., (2000), “Applications of Artificial Neural Networks for Energy 

System”, Appl. Energy 17, pp.17-35  



Page | 195  
 

Kee, R.J., Rupley, F.M., Miller, J.A., “The Chemkin Thermodynamic Data Base”, 

Sandia Report, SAND 87-8215B, March 1991 

 

Kennedy, J., and Eberhart, R. C., (1995), “Particle Swarm Optimization”, IEEE 

International Conference on Neural Networks, Vol.4, 27, Nov-Dec,        

pp.1942-1948 

 

Kennedy, J., Eberhart, R. C., and Shi, Y., “Swarm Intelligence”, San Francisco, 

Morgan Kaufmann Publishers, 2001 

 

Kopac, M., Kokturk, L., Sahin, Y., (2001), “Principle of Thermal Systems 

Optimisation”, 13th National Thermal Science and technologies Conference, 

Proceeding, pp.183-187  

 

Kopac, M., and Kokturk, L., (2005), “Determination of Optimum Speed of an 

Internal Combustion Engine by Exergy Analysis”, Int. J. Exergy 2, pp.40-45  

 

Krijinsen, H.C., Kooten, W.E.J., Calis, H.P.A., Verbeek, R.P., Bleek, C.M., 

(1999), “Prediction of NOx Emissions from A Transiently Operation Diesel 

Engine Using An Artificial Neural Network”, Chem. Eng Technol. 22 (7),  

pp.601-7 

 

Lapetz, J., McCarthny, D., Greenfield, N., Czapski, R., Geftos, T., Rosson, J., 

(1996), “Development of the Ford QVM CNG Bi-Fuel 4.9L F-Series Pickup 

Truck”, Society of Automotive Engineering, Paper N0.960850 

 

Liu, Y., Qin, Z., Shi, Z., and Lu, J., (2007), “Center Particle Swarm 

Optimization”, Neurocomputing, Vol.70, Issue 4-6, pp.672-79 



Page | 196  
 

Looney, C.G., “Pattern Recognition Using Neural Networks: Theory and 

Algorithms for Engineers and Scientists”, Oxford University Press, New York, 

USA, 1997 

 

Lounici M.S., Loubar K., Balistrou M., Fazerout M., (2011), “Investigation on 

Heat Transfer Evaluation for a More Efficient Two-zone Combustion Model in 

the Case of Natural Gas SI Engine”, Applied Thermal Engineering, 31,             

pp. 319-328 

 

Lucas, A., Durán, A., Carmona, M., Lapuerta, M., (2001), “Modelling Diesel 

Particulate Emissions with Neural Networks”, Fuel 80, pp.339-48  

 

Mattews, R.D., Hall, M.J., Dai, W., Davis, G.C., (1996), “Combustion Modelling 

in SI Engines with Peninsula-fractal Combustion Model”, SAE Paper 

No.960072  

 

Mellita, A., and Kalogiruo, A.S., (2008), “Artificial Intelligence Technique for 

Photovoltaic Applications: A Review”, Prograss in Energy and Combustion 

Science, Vol.34, pp.574-632 

 

Methghalchi, M., and Keck, J.C., (1998), “Laminar Burning Velocity of Propane 

Air Mixture at High Temperature and Pressure”, Combustion and Flame, 

pp.143-154 

 

Midkiff, K.C., Bell, S.R., Rathnam, S., Bhargava, S., (2001), “Fuel Consumption 

Effects on Emissions from a Spark-ignition Engine Operated on Simulated 

Biogas”, ASME J Eng Gas Turbines Power 123, pp.132-8 

 



Page | 197  
 

Moraitis S., Pezouvanis A., Mason B., Ebrahimi M. K., (2009), “Model Base 

Mapping and Calibration Test Rig Using Hardware-in-the-Loop”, Proceedings 

of the Sixth International Conference on Internal Combustion Engines, 

November 17-19, Olympic Hotel, Tehran, Iran. 

 

Najafi, G., Ghobadian, B., Tavakoli, T., Buttsworth, D., Yausf, T., Faizollahnejad, 

M., (2009), “Performance and Exhaust Emissions of A Gasoline Engine with 

Ethanol Blended Gasoline Fuels Using Artificial Neural Network”, Appl. Energy 

86, pp.630-9  

 

Naser, G.E., Badr E.A., Joun, C., (2003), “Back-propagation Neural Networks 

for Modelling Gasoline Consumption”, Energy Convers Manage 44,        

pp.893-905 

 

Nikranjbar A., Ebrahimi M.K., Wood A.S., (2010), “Parameter Identification of a 

Cage Induction Motor Using Particle Swarm Optimization”, Proc. IMechE, Part 

I, Journal of Systems and Control Engineering, 479-491, DOI: 10.1243-

09596518JSCE840 

 

Olikara, C., and Borman, G.L., (1975), “A Computer Program for Calculating 

Properties of Equilibrium Combustion Products with Some Application to I.C. 

Engines”, SAE Paper 750468 

 

Parlak, A., Islamoglu, Y., Yasar, H., Egrisogut, A., (2006), “Application of 

Artificial Neural Network to Predict Specific Fuel Consumption and Exhaust 

Temperature for A Diesel Engine”, Appl. Therm. Eng.; 26, pp.824-8 

 



Page | 198  
 

Parsopoulos, E. K., and Vrahatis, N. M., (2002), “Recent Approaches to Global 

Optimization Problems through Particle Swarm Optimization”, Natural 

Computing 1, pp. 235-306 

 

Parsopoulos, E. K., and Vrahatis, N. M., (2005), “Unified Particle Swarm 

Optimization for Solving Constrained Engineering Optimization Problems,” 

International Conference on Advances in Natural Computation, LNCS 3612, 

China, August, pp.582-591 

 

Peer, E. S., Bergh, F. V. D., Engelbrecht, A. P., (2003), “Using neighbourhoods 

with the guaranteed convergence PSO”, Proceedings of the IEEE Swarm 

Intelligence Symposium (SIS ‘03), Indianapolis, Indiana, USA, pp.235-242 

 

Primus, R.J., Hoag, K.L., Flynn, P.F., and Brandts, M.C., (1984), “An Appraisal 

of Advanced Engine Concepts Using Second Law Technique”, SAE Paper 

No.841287  

 

Rakopoulos, C.D., (1993), “Evaluation of a Spark Ignition Engine Cycle Using 

First and Second Law Analysis Technique”, Energy Convers Mgmt 34,   

pp.1299-1314  

 

Rakopoulos, C.D., and Andritsakis, E.C., (1993), “DI and IDI Diesel Engine 

Combustion Irreversibility Analysis”, Proc. ASMEWAM, AES Vol.266, New 

Orleans, LA, November, pp.17-32  

 

Rakopoulos, C.D., Andritsakis, E.C., Kyritsis, D.C., (1993), “Availability 

Accumulation and Destruction in a DI Diesel Engine with Special Reference to 

the Limited Cooled Case”, Heat Recov Syst CHP 13, pp.261-275  

 



Page | 199  
 

Rakopoulos, C.D., and Giakoumis, E.G., (1997), “Simulation and Exergy 

Analysis of Transient Diesel Engine Operation”, Energy 22, pp.875-885 

 

Rakopoulos, C.D., Giakoumis, E.G., (2006), “Second Law Analyses Applied to 

Internal Combustion Engines Operation”, Prog Energy Combust. Sci. 32,    

pp.2-47  

 

Rakopoulos, C.D., and Kyritsis, D.C., (2001), “Comparative Second Law 

Analysis of Internal Combustion Engine Operation for Methanol, and 

Dodecanese Fuels”, Energy 26, pp.705-722  

 

Rakopoulos, C.D., Michos C.N, Giakoumis E.A, (2008), “Availability Analysis of 

a Syngas Fuelled Spark Ignition Engine Using a Multi-zone Combustion Model”, 

Energy 33, pp.1378-98 

 

Rezapour, K., and Ebrahimi, K.M., (2007), “The Necessity of Using CNG Fuel 

and Gasification of Vehicle in Iran”, Proceeding of 3rd International Energy, 

Exergy and Environment Symposium (IEEES3) 

 

Rezapour, K., Ebrahimi, K.M., Wood A. S., Nikranjbar A., (2010), “Simulation 

and Modelling of Bi-Fuel Engine for Improving the Performance Parameters”, 

SAE Paper No.2010-01-2034 

 

Rosen, M.A., and Dincer, I., (1997), “On Exergy and Environmental Impact”, 

International Journal of Energy Research 21, pp.643–654 

 

Rosen, M.A., and Dincer, I., (2003), “Thermo-economic Analysis of Power Plants: 

an Application to a Coal-fired Electrical Generating Station”, Energy Conversion 

and Management 44(17), pp.2743–2761  



Page | 200  
 

Rosen, M.A., and Etele, J., (2004), “Aerospace Systems and Exergy Analysis: 

Applications and Methodology Development Needs”, International Journal of 

Exergy 1(4), pp.411–425  

 

Rosen, M.A., and Horazak, D.A., (1995), “Energy and Exergy Analyses of PFBC 

Power Plants in: Alvarez Cuenca M, Anthony EJ (eds.)”, Pressurized Fluidized 

Bed Combustion, Chapman and Hall: London, Chapter 11, pp.419–448,  

 

Rosen, M.A., and Scott, D.S., ( 1998), “Comparative Efficiency Assessments 

for a Range of Hydrogen Production Processes”, International Journal of 

Hydrogen Energy 23, pp.653–659 

 

Saerens, B., Vandersteen, J., Persoons, T., Swevers, J., Diehl, M., Van Den Bulk 

E., (2009), “Minimisation of the Fuel Consumption of a Gasoline Engine Using 

Dynamic Optimisation”, Appl. Energy 86, pp.1582-8 

 

Sayin, C., Ertunc H.M., Hosoz, M., Kilicaslani, İ., Canakci, M., (2007), 

“Performance and Exhaust Emission of a Gasoline Engine Using Artificial 

Neural Network”, Appl. Therm. Eng 27, pp.46-54  

 

Sezer, İ., and Bilgin A., (2008), “Mathematical Analysis of Spark Ignition 

Engine Operation Via the Combination of the First and Second Laws of 

Thermodynamics”, Proc. R. Soc. A 464, pp.3107-3128  

 

Shapiro, H.N., and Van Gerpen, J.H., (1989), “Two-zone Combustion Models 

for the Second Law Analysis of Internal Combustion Engines”, SAE Paper 

No.890823, pp.1408-1422 

 



Page | 201  
 

Shi, Y., and Eberhart, R. C., (1998), “Parameter Selection in Particle Swarm 

Optimisation”, Evolutionary Programming VII: Proceedings of the Seventh 

Annual Conference on Evolutionary Programming, New York, pp.591-600 

 

Shi, Y., (2004), “Particle Swarm Optimization” IEEE Neural Networks Society, 

Feb, pp.8-13,  

 

Smith, J.A., and Bartley, G.J.J, (2000), “Stoichiometric Operation of a Gas 

Engine Utilising Synthesis Gas and EGR for NOx Control”, Trans ASME J Eng 

Gas Turbines Power 122, pp.617-23 

 

Stone, R., “Introduction to Internal Combustion Engines”, 3rd Edition, London, 

MacMillan, 1982 

 

Stone, R., “Introduction to Internal Combustion Engines”, Macmillan Press, 

Basing Stoke, Third Edition, 1999 

 

Sun, X., Lutz, A., Vermiglio, E., Arold, M., Wiedmann, T., (1998), “The 

Development of the GM 2.2 CNG Bi-Fuel Passenger Cars”, SAE Paper             

No. 982445 

 

Tallia, K.V., “A Multi-fluid Turbulent Entertainment Combustion Model”, PhD 

dissertation, Drexel University, Philadelphia, USA, 1998  

 

Thompson, G.J., Atkinson, C.M., Clark, N.N., Long, T.W., Hanzevack, E., 

(2000), “Neural Network Modelling of the Emissions and Performance of A 

Heavy Duty Diesel Engine”, P I Mech. Eng D-J Aut 214, pp.111-26 

 



Page | 202  
 

Togun, N.K., and Baysec, S., (2010), “Prediction of Torque and Specific Fuel 

Consumption of a Gasoline Engine by Using Artificial Neural Networks”, Appl. 

Energy 87, pp.349-355  

 

Turns, S.R., “An Introduction to Combustion Concept and Applications”, 

McGraw Hill, New York, 1996 

 

Ursema, R. K., and Vadstrup, P., (2004), “Parameter Identification of Induction 

Motors using Stochastic Optimization Algorithms”, Applied Soft Computing, 

Vol.4, Issue 1, pp.49-64  

 

Valpato, O., Theunissen, F., Mazara, R., (2005), “Engine Management for Multi 

Fuel Plus Compressed Natural Gas Vehicles”, SAE Paper No.2005-01-3777 

 

Verhelst, S., (2005), “A Study of the Combustion in Hydrogen-Fuelled Internal 

Combustion Engines”, PhD thesis, Ghent University, Gent, Belgium  

 

Wang, S.W., Yu, D.L., Gomm, J.B., Page, G.F., Douglas, S.S., (2006), “Adaptive 

Neural Network Model Based Predictive Control for Fuel Ratio of SI Engine”, 

Eng Appl. Artif Intel 19, pp.189-200  

 

Woschni, G., (1967), “A Universally Applicable Equation for the Instantaneous 

Heat Transfer Coefficient in the Internal Combustion Engine”, SAE Paper 

No.670931  

 



Page | 203  
 

Yuanwang, D., Meilin, Z., Dong, X., Xiaobei, C., (2002), “An Analysis for Effect 

of Cetane Number on Exhaust Emissions from Engine with the Neural 

Network”, Fuel 81, pp.1963-70 

 

Yücesu, H.S., Sozen, A., Topgül, T., Arcaklioğlu E., (2007), “Comparative Study 

of Mathematical and Experimental Analysis of Spark Ignition Engine 

Performance Used Ethanol-gasoline Blend Fuel”, Appl. Therm. Eng 27,   

pp.358-68  

 

Zuo, C., and Zhao, K.A., (1997), “Quasi-dimensional Model of SI Natural Gas 

Engines with Pre-chamber”, SAE Paper No. 972994  


