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Abstract 

    The Internal Combustion Engines (ICEs) have played a significant role in transportation system 

to date and are expected to retain a significant market share through to 2050, according to the U.S. 

Energy Information Administration. Improving the efficiency of the ICEs is one of the most 

promising and cost-effective approaches to increasing highways vehicle’s fuel economy. The tools 

to address critical barriers to commercializing higher efficiency, lower emissions, advanced ICEs 

for passenger and commercial vehicles are increasingly important in the rapidly evolving 

automotive sector. 

    In this research, a model based optimization strategy is developed for trade-off analysis of parts 

in Spark Ignition Internal Combustion Engines (SI-ICE). The trade-off analysis tool has been used 

as a complement to engine mapping to determine the operating region of an engine where a new 

part could lead to improvements in fuel efficiency, performance, and emissions.  

    To build the engine models, a Design of Experiment (DoE) was developed for performing the 

engine tests. For each spark plug set, the engine tests were conducted twice with an acceptable 

control of the parameters that affect engine outputs. The engine torque, Break Specific Fuel 

Consumption (BSFC) and break specific NOx emission were considered as the engine responses. 

Engine models were built according to the two-stage modeling strategy by means of black box 

modeling techniques. The accuracies of the models were 96%, 95% and 92% for the engine torque, 

BSFC and NOx outputs respectively.  

    For the optimization part, determination of the optimal spark timing for each spark plug was 

formulated as a multi-objective optimization problem searching for compromises among opposing 

objectives, i.e. engine torque, emission and fuel consumption. The optimization outputs were in 

form of Pareto fronts, enabling the selection of the best solutions in terms of different objectives 

by considering the higher level information.  

    The resulted Pareto fronts of the two spark plugs were compared at different operating points of 

the Ford Coyote engine and results showed that the two plugs are comparable. The marginal 

difference was at low load and low speed condition, where the newly designed spark plug was 

better than the conventional design.   
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1. Chapter 1: Introduction 

    Ignition system in a Spark Ignition (SI) engine is the primary means of controlling the 

combustion initiation, which significantly affects engine outputs in terms of emission, fuel 

consumption, and performance. Spark plugs are the components in the ignition system that are in 

direct contact with the combustible mixture, so their design is a critical task for engine system 

developers. In this thesis, a new-design spark plug is evaluated and compared to a current design.   

    The Internal Combustion Engines (ICE) has been playing a significant role in the development 

of mobility and transportation for our societies in the past century. Since its introduction, steady 

progress has been made to improve their efficiency in order to get more benefit from chemical 

energy stored in fossil fuels. Since the enforcement of the environmental legislations in 1970s, 

more serious attempts have been made to cut down the emissions of ICEs.  

    The requirements of the stringent emission legislations and the customer needs for a better 

performance of the ICEs were the driving forces for introducing a new paradigm for controlling 

the ICEs. The paradigm shift from pure mechanical control to electronic control of ICEs took place 

in the late 1960s and was commercialized during the 1970s [1]. Optimization has always been a 

part of the continuous improvement of ICEs, where a variety of optimization techniques have been 

applied to engine design and control. Today, in spite of emerging battery electric vehicles to the 

world automotive market, ICEs are expected to retain a significant market share through to 2050, 

according to the prediction of the Annual Energy Outlook 2019 issued by the U.S. Energy 

Information Administration [2].      

 

Figure 1.1: History and prediction of light duty vehicle sales by fuel type (left) and battery 

powered vehicles (right) [2]  

1.1. Objectives of Engine Management Systems 

    The Engine Management System (EMS) is a sophisticated and comprehensive mechatronic 

system that serves as the brain of ICEs. With the allocated sensors and actuators and with the aim 

of the smart control functions embedded in the Engine Control Unit (ECU), it is possible to meet 
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the main objectives of the ICEs including emissions, fuel consumption, performance, driveability 

and component protection. Because of the harmful effects of emissions and greenhouse gases on 

the environment, very stringent standards are defined to control the emission and fuel consumption 

of vehicles. Meeting these standards requires a great deal of research and development on methods 

for improving ICE subsystems in terms of hardware design, control and a complete integration of 

the two.  

1.2. Engine Calibration 

    Engine calibration is generally defined as the tuning of the engine control parameters in order 

to have the best performance. There are several calibration tasks associated with different control 

functions of the ECU to meet specific objectives. For example, meeting the emission limits in 

gasoline engines requires an appropriate tuning of injection and ignition functions as well as other 

engine subsystems like the Variable Valve Timing (VVT) and catalyst heating functions. The 

performance requirements are also a matter of the injection and ignition tunings and adjustments 

of other variables that affect the combustion phenomena like efficient air-fuel mixing process. The 

more stringent the legislations, the more complex hardware and control strategies are required for 

ICEs. This means that for the state-of-the-art engines, the number of the sub-systems dedicated to 

meeting the objectives are more than the conventional ICEs. An example of an advanced EMS is 

depicted in Figure 1.2 with some of its main functions and subsystems included relating to air 

system, exhaust system, toque demand, ignition control and so on. More details on the EMS 

structure and principles of operation is provided in [3].  

    

  

Figure 1.2: Engine management system in SI engines [3] 
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    Apart from the engineering knowledge required for optimizing the individual control functions, 

there are challenges in managing the interactions of these functions. The contradicting behaviours 

of EMS objectives put emphasis on engine calibration for meeting all standards simultaneously. A 

common issue in this regard is the performance-emission trade-off, namely increased emissions 

versus increased engine torque and vice versa. The other example in this context is the different 

reactions of the emission formation processes to thermodynamic states of the combustion, where 

for instance the elevated combustion temperature reduces soot emission but dramatically increases 

NOx. Such contradicting issues become even more challenging with the increased number of 

parameters to be tuned, which is a case for modern engines. So the conventional calibration 

methods can be further improved for the ICEs, considering today’s standard requirements. 

1.3. Engine Modeling 

    Because of the increasing complexity of a modern ICE, which needs numerous parameters to 

be tuned as part of the engine calibration process, the Original Equipment Manufacturers (OEM) 

are not encouraged to do all the required engine tests to determine the behaviour of the engines. 

Alternatively, engine modeling approaches are recently applied for optimizing the calibration 

processes to reduce the time and cost of engine development. Depending on the type of engine 

subsystem under study, a specific engine modeling technique may be applied. These techniques 

range from the physical mean value or discrete engine modeling approaches to the so called black 

box modeling methods. Notwithstanding the modeling approach, engine models should provide 

an accurate representation of the plant dynamics within its entire operating range. Moreover, the 

engine models should be computationally efficient and fast enough for control oriented problems. 

The predictive ability of the engine model is also an important issue for determination of the engine 

behaviour where the engine tests are not conducted or are not possible to do because of the 

probable failure of the engine. An example for this case can be a very advanced ignition timing 

that could cause a severe knocking condition or a very high engine speed, resulting in mechanical 

failures of prototype engines.   

1.4. Calibration Optimization 

    The optimization of the engine calibration is very much dependent on its dynamic behaviour. 

This behaviour can be characterized by either testing the real engine or by developing accurate and 

reliable engine models. The former is the conventional approach of optimization which is very 

time and cost intensive. The latter is the so called model based calibration which uses an engine 

model instead of engine testing. Figure 1.3 illustrates the model based and conventional calibration 

methods using dynamometer testing for ICEs. In model based calibration, the calibration engineer 

and the engine dynamometer testing activities are replaced by optimization algorithms applied to 

an engine model. For the model based method, which is commonly used in today’s competitive 

automotive market, once the engine model is built, optimization techniques are used to derive an 

engine map (commonly static). Depending on the optimization problem, which can be single 

objective, multi objective, point by point optimization or sum optimization in a driving cycle, 

different optimization techniques may be applied. Common approaches include conventional 

gradient based methods, or heuristic algorithms like genetic algorithms and particle swarm. Once 

the engine map is determined, verification tests can be done on an engine dynamometer to refine 

the engine calibration.  
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Figure 1.3: Conventional versus model based engine calibration [1] 

1.5. Engine Component Evaluation 

    Today’s automotive industry has evolved considerably from its early days when almost all the 

components were developed by the OEMs. Now, vendors and suppliers produce the parts and 

actively engage in research and development to provide state-of-the-art solutions to automakers. 

Integration of newly developed technologies into major car systems like powertrain, suspension, 

body, chassis etc. is within the scope of responsibility of the OEMs and requires a mutual 

cooperation between the OEMs and part suppliers. Without a proper integration of modified or 

newly-designed parts into the engines, it is not possible to evaluate the performance of a new part. 

A significant step in this integration is the engine calibration when a new part is introduced. It is 

worth noting that a modified engine part may be able to improve the engine performance in a 

specific operating range while worsening it in other regions. Hence, a new part needs to be 

evaluated in the whole operating domain of an engine under a map that is specifically optimized 

for its operation. Adding a new part and evaluating its performance complemented on engine 

calibration makes this evaluation a complex engineering task. One tool that could be used in here 

is multi-objective optimization combined with a priori knowledge to enable a quantitative as well 

as a qualitative evaluation of the impact of a new part on the engine performance. Multi-objective 

optimization is a tool that is used in this research for evaluating the comparative benefits of a new 

spark plug produced by NanoSpark. Figure 1.4 and Table 1.1 show the specifications of the spark 

plug designed by NanoSpark company and how it compares with the current OEM spark plug.  
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Figure 1.4: NanoSpark versus OEM spark plug 

Table 1.1: Specifications of NanoSpark and OEM spark plugs 

Spark Plug 

Manufacturer 

Ground 

Electrode 

Reach 

(in) 

Gap 

(in) 

Centre 

 Electrode 

Motorcraft J-Leg 1.15 ± 0.005 0.051 ± 0.002 Platinum Tip 

NanoSpark 5-Tabs 1.10 ± 0.005 0.051 ± 0.002 Copper Core 

    As reported in the literature, Bosch has developed a 4-Tabs spark plug, called as SUPER 4 

spark plug with the following features:  

- Four ground electrodes arranged symmetrically around the centre electrode 

- A centre electrode plated with silver 

- A pre-set electrode gap that requires no adjustment during the lifetime operation of the plug     

    With this design, the wear on the ground electrodes is uniform because the probability of spark 

jump to all the electrodes is the same. The silver-plated centre electrode provides a good heat 

dissipation rate and prevents auto-ignition. It is also claimed that the efficiency of this spark plug 

design in up to 40% higher than the conventional J-leg design because the thin ground electrodes 

absorb less energy from the ignition spark than the electrodes on conventional spark plugs. In 

terms of ignition probability, the SUPER 4 design is able to ignite very lean mixtures as illustrated 

in Figure 1.5. According to the laboratory tests, the SUPER 4 spark plug could ignite mixtures as 

lean as lambda = 1.55, while more than half of the ignition attempts failed at this level of leanness 

for the conventional spark plug [3].    

 

Figure 1.5: Bosch SUPER 4 spark plug design and its performance compared to conventional   

J-leg spark plug; 1: Conventional spark plug, 2: SUPER 4 spark plug [3]  
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1.6. Thesis Motivation and Objectives 

    NanoSpark Incorporation is a Canadian start-up that works in the area of ignition systems and 

developed a new spark plug to be used in Spark Ignition Internal Combustion Engines (SI-ICE). 

The main objective of this research is to apply multi objective optimization for evaluating the 

performance of this newly designed NanoSpark spark plug. The performance of the new spark 

plug is compared to that of existing OEM spark plugs. The performance parameters considered 

include the engine torque, fuel consumption and emissions. In addition, detailed analysis of the 

combustion process is done by studying the in-cylinder pressure of the engine. In order to optimize 

the engine emissions and performance for both new and old spark plugs, the behavior of the engine 

is modeled. The new Gen3 2018 Ford Coyote engine is used in this research. 

1.7. Thesis Outline 

    The rest of the thesis contains the following: 

- Chapter 2 covers the working principles of engine management systems and focuses on two 

significant control functions: ignition and injection systems. Different injection and ignition 

systems, which have been implemented for SI engines within last two decades are presented 

and compared. The importance of Air to Fuel Ratio (AFR) and ignition timing in SI engines 

is discussed. The control structure of AFR and ignition control systems is reviewed.   
 

- Chapter 3 presents a review of evolutionary optimization algorithms and previous research 

on ICE map optimization.    
 

- Chapter 4 is dedicated to the modeling of engines for control and optimization purposes. 

Mean value engine models, discrete event engine models and black box statistical modeling 

methods are reviewed.  
 

- Chapter 5 contains the design of experiment for engine dynamometer tests. It is the objective 

of this research to keep the number of engine tests as low as possible while achieving an 

accurate and reliable engine model for the whole operating range of the engine. The second 

part of this chapter covers details of the experimental setup used in this research. It covers 

the Ford Coyote engine specifications, the engine dynamometer, the combustion analyzer, 

the measurement and control facilities as well as their communications with engine 

dynamometer automation software and other facilities. 
 

- Chapter 6 discusses the initial test results, how the tests were performed, engine test data 

correction, and the steps for modeling the engine outputs. Engine modeling using the 

experimental data, choosing the best engine model and its verification via engine 

dynamometer tests are also parts of this chapter.    
 

- Chapter 7 contains the optimization process of ignition timing and provides the optimization 

results, where the effects of the ignition optimization on the engine emissions, fuel 

consumption, and performance are discussed and verified. Performance of the spark plugs 

will be discussed based on optimization results. The superior regions for NanoSpark and the 

existing OEM spark plug are determined in the engine operating envelope. 
  

- Chapter 8 reports the conclusions and the future work.  
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2. Chapter 2: Working Principals of Engine Management Systems 

    Meeting the performance objectives of engine management systems is a must for automotive 

OEMs to survive in today’s market in terms of customer satisfaction and passing legislations. The 

main objectives pertain to: emissions, fuel consumption, performance, driveability, reliability and 

safety. Engine as the heart of the powertrain must be carefully controlled so that it works in its 

most efficient conditions. This means that the ECU is critically important to meeting the above 

mentioned objectives. There are several functions in the ECU for controlling different phenomena 

required for an efficient engine run, amongst which, injection and ignition timing are of prime 

importance. In a SI engine, injection and ignition strategies are functions of several factors ranging 

from driver’s inputs to those related to emission control, fuel economy, performance and engine 

protection issues like knocking, catalyst overheating etc.   

    In terms of engine control, there are three main control tasks that determine emission, 

performance and fuel economy of a gasoline engine:  

 

1. AFR control aims to provide the right amount of fuel with respect to the air mass per stroke 

in order to keep the AFR in the stoichiometric region. This will guarantee the efficient 

combustion and high efficiency of the Three Way Catalysts (TWC) in a gasoline engine. 

Figure 2.1 shows the importance of AFR in terms of emission control and performance of 

a gasoline engine.  

 

2. Ignition control pertains to the timing of ignition in an engine cycle. The ideal timing of 

ignition would keep the peak pressure of the combustion around 8 to 16 crank angles After 

Top Dead Centre (ATDC) in the power stroke, which will cause the combustion pressure 

to provide Maximum Brake Torque (MBT). Constraints including knock limit and 

emissions must be considered while controlling the ignition timing [4]. Dependency of 

NOx emission and engine efficiency to ignition timing is depicted in Figure 2.2.  

 

3. Exhaust Gas Recirculation (EGR) control means regulation of the amount of burnt gas in 

the air and fuel mixture before the start of the combustion stroke in order to reduce the 

formation of oxide of nitrogen. This can be done either by an internal EGR or an external 

EGR system. The former is more common in gasoline engines and is managed by 

controlling the intake and the exhaust valve timings. The latter is more common in diesel 

engines and has a complex control strategy for opening and closing EGR valves in different 

operating points of an engine [5]. While the EGR in diesel engines is the solution to NOx 

control, the internal EGR in SI engines is the method of increasing the volumetric 

efficiency rather than NOx control, because NOx emission is not a challenge in SI engines. 

Figure 2.3 shows how NOx and soot emissions in a diesel engine vary with respect to EGR 

rate.  

 

    Apart from the three aforementioned main control functions, there are other control loops in an 

ECU to control engine actuators. Among these, throttle position control is a common loop in 

modern engines that use drive-by-wire system instead of a mechanical throttle body. Variable 

valve timing control is another example, which plays an important role in improving the volumetric 

efficiency of SI engines.   
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Figure 2.1: Dependency of performance and emission objectives to AFR [6] 

 

 

 

 

 

Figure 2.2: Dependency of NOx emission and engine efficiency to ignition timing [7] 
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Figure 2.3: Dependency of emissions of a diesel engine to EGR rate [1] 

    Today, there are very demanding requirements for automotive manufacturers related to engine 

calibration such as emission legislations, low fuel consumption, performance and driving comfort. 

All of these requirements pose contradicting constraints and increase the complexity of the 

engines. Before the advent of electronic injection systems, the calibration process of gasoline 

engines was confined to tuning of some screws while the state-of-the-art gasoline engines requires 

a huge number of parameters to be calibrated. Figure 2.4 shows the evolution of sensors and 

actuators added to gasoline engines in order to meet the current challenging objectives of engine 

management systems.  

     

    Considering the number of the parameters that should be tuned, it is not recommended to do the 

engine calibration by conventional methods at an engine test bench. To address this issue, new 

approaches have been developed, which contain engine modeling techniques and automated 

calibration in order to reduce the number of experimental tests, which diminishes the engine 

development time and cost. By knowing the behaviour of the engine from their representative 

models, the optimization of an engine involves tuning its control parameters in order to minimize 

or maximize the cost functions associated with the objectives. This tuning can be done by 

optimization in an operating point by operating point basis. The idea is to satisfy the objectives at 

every individual operating point of the engine (map).  This approach results in an optimal static 

map of the engine that can be stored in the ECU [8]. 
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Figure 2.4: Evolution of sensors and actuators in a typical gasoline engine [1] 

2.1. Overall Architecture of SI Engine Control Systems 

    Like any plant under control, gasoline engines require the typical components of a control 

system including sensors, actuators and the control unit. There are both feedforward and feedback 

control loops in internal combustion engines. For a gasoline engine, the four most significant 

control loops are: the fuel injection feedforward loop, the AFR feedback loop, the ignition 

feedforward loop and the knock control feedback loop. Some other control loops may exist in a 

gasoline engine like the EGR feedforward loop, idle speed feedback loop, secondary air injection 

feedforward loop (for heating up the catalyst during cold start) and the feedforward control loop 

of the canister purge. [1] , [7]. The block diagram of the control system in a gasoline engine with 

its sensors and actuators is depicted in Figure 2.5. Considering the inherent delays that exist 

between the actuation and measurement tasks in the ICEs, feedforward control loops play 

significant roles especially during transient operations of the engine. As an example, because of 

the wall wetting fuel dynamics, gas mixing in exhaust manifold and the transport time of air from 

intake manifold to the exhaust system, there is a delay between the time of lambda reading 

(measurement) and the time of injection (actuation). The length of this overall delay in the injection 

control system can be in the order of some engine cycles. Hence, feedforward loops with the 

inverse dynamics of the ICEs are implemented in the ECU to compensate for the effects of the 

delays. The inaccuracies of the feedforward loops are corrected by the feedback loops in steady 

state operating conditions of an engine [7].  
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Figure 2.5: Block diagram of control structure in a direct injection gasoline engine [1] 

2.2. Objectives of Engine Management Systems 

    An ICE is a complex plant, which has a multitude of subsystems and elements. The main 

elements are the air path, fuel path and the combustion process, which determine the flow of air, 

flow of fuel to the cylinders and torque production respectively. There are several control loops in 

a modern engine to control these elements in order to meet the objectives of an ICE. From the 

performance point of view, the engine should be able to deliver the appropriate amount of torque 

demanded by the driver, being able to start in harsh conditions like low ambient temperatures, have 

good control of the engine speed at idling condition in the presence of disturbance (unpredicted 

torques of the engine accessories and combustion instabilities) and many other attributes linked to 

performance issues. Emission is one of those significant issues that must follow governmental 

legislations in different jurisdictions. Fuel economy is also important both for customers and the 

environment in relation to operating costs, reduction in greenhouse emissions, and preservation of 

energy resources. Drivability can be interpreted as fun to drive, which is a function of the agility of 

the engine in responding to the demand of the driver. Component protection is also a matter of 

safety and durability of the engine. All of these objectives not only need the state-of-the-art 

hardware of the engine and the proper thermodynamic design, but also require a comprehensive 

control system to bring a perfect match for the multi-objective engine control issues. ECU as the 

brain of the engine, manages different phenomena happening in an engine by the aid of allocated 

sensors and actuators. Since the above mentioned objectives are contradictory, they need a trade-

off approach [1], [7]. Table 2.1 shows different limits of the emission legislations in Europe and 

the United States, which has been met by the history of developments of gasoline engines as 

depicted in Figure 2.6.   
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Table 2.1: Emission legislations in Europe and the United States 

 

 

 

Figure 2.6: Historical development of SI engines [1] 
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2.3. Importance of Injection System 

    One of the most important topics in control of SI engines is the AFR control. This ratio is of 

high significance due to the dependency of the efficiency of TWCs to AFR. In fact, TWC requires 

the mixture to be in the stoichiometric region, which means a specific amount of fuel mass should 

be mixed with the air mass trapped in the cylinder for each engine cycle. Based on the type of the 

fuel used in an ICE, stoichiometry is defined as a condition where the right amount of oxygen or 

air is provided for complete oxidation of the fuel. Considering a typical hydrocarbon fuel 

represented by the formula 𝐶𝑥𝐻𝑦 and assuming that the combustion of the fuel is complete and 

produces 𝐶𝑂2, 𝐻2𝑂 and 𝑁2 only, the 𝐶𝑥 part of the fuel requires 𝑥 moles of 𝑂2 for a complete 

combustion of the fuel carbon content to 𝐶𝑂2. Similarly, 𝑦 4⁄  moles of  𝑂2 is required to convert 

the hydrogen content of the fuel to 𝐻2𝑂. Hence, for stoichiometric combustion of one mole of 

𝐶𝑥𝐻𝑦 fuel, 𝑥 +
𝑦

4
 mole oxygen is required. 

    As toque control is done by controlling the air mass flow into the cylinder by throttling action 

in a SI engine, the fuel mass should follow the air mass changes to meet the stoichiometric 

condition. Considering the fast dynamics of the air path in ICEs especially in transient conditions, 

the AFR control system must be sufficiently agile to be able to follow the air dynamics in cycle to 

cycle engine variations. This requires a well-designed control system for AFR control. From a 

control point of view, the challenge of the feedforward part of the injection control is the delivery 

of the right amount of fuel according to an estimated mass of air per stroke in each cylinder. Air 

mass estimation is a critical task that is done through the intake manifold dynamics and some 

measurements. Matching the amount of the fuel to the estimated air mass can be very critical as 

well especially in port fuel injection engines, where the fuel film dynamics, which is not directly 

measureable, determines the fuel mass that enters the cylinders in each engine cycle [9], [10].  

2.4. Importance of Ignition System 

    The ignition system is a significant part of the control system in gasoline engines because of its 

connection to engine management objectives especially those related to performance, emissions, 

fuel consumption, and engine protection. The ignition advance with reference to Top Dead Centre 

(TDC) is constrained by knock and exhaust gas temperature limits. The former does not allow the 

ignition advance to be more than a specific value, which will increase the in-cylinder pressure and 

temperature causing uncontrolled combustion. The latter does not allow very retarded ignition, 

which moves combustion process towards the exhaust valve opening and increases the exhaust gas 

temperature. Emission formation is also dependent on in-cylinder temperature and is an objective 

when calibrating the ignition timing map. A compromise is required to take into account the effects 

of the above mentioned factors and achieving the maximum possible torque in the whole operating 

domain of gasoline engines. The feedforward ignition control term accounts for dynamic effects 

of all the above to set an appropriate ignition advance for each engine speed and load condition. 

The feedback ignition control works according to the knocking condition of the engine, i.e. when 

knock is detected by engine knock sensors, the engine control unit retards the ignition until the 

knock condition disappears. Figure 2.7 shows the dependency of engine torque to ignition timing 

and the optimum calibrated torque by considering the ignition timing constraints and trade-offs.   
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Figure 2.7: Dependency of engine torque to ignition timing (a), Optimal versus maximum 

achievable engine torque for different engine speeds and loads (b) [1] 

2.5. Evolution of Injection Systems in SI Engines 

    The conventional fuel control system in gasoline engines was by carburation, where the required 

amount of fuel was applied to the air stream by means of Venturi effect. There were additional 

mechanical devices and vacuum circuits for special operating conditions like idle condition or 

severe acceleration to make sure that the right amount of fuel is applied to the engine. Calibration 

of such systems were a matter of tuning some screws. The accuracy of AFR control by such 

systems was so poor that with the introduction of TWCs, which required a precise AFR control, 

the carburation systems were phased out. The replacement of carburetor fuel system was the 

electronic Port Fuel Injection (PFI) system with the ability of delivering precise amounts of fuel 

to engine cylinders. The first generation of this system was the single point injection system, which 

had the ability of injecting fuel in a single point upstream of throttle body. This system was much 

better than the carburation system but had some disadvantages like big delay in responding to 

driver’s request and big cylinder to cylinder variations. The next generation of injection system 

was the fully sequential port fuel injection system with individual fuel injectors in intake manifold 

runners close to intake valves. This system had the ability of delivering the right amount of fuel to 

each cylinder. The only issue regarding this type of injection system was the wall film dynamics, 

which affects the accuracy of fuel that is entering each cylinder. In fact, the whole amount of 

injected fuel does not enter cylinders but part of it attaches to intake runner and valve skirt surfaces 

and what enters the cylinders is a combination of injected fuel and the evaporated fuel from the 

wall film. In order to have a precise fueling control, effects of fuel film dynamics should be 

considered especially during transient operation of SI engines. The state-of-the-art gasoline 

engines are equipped with the Gasoline Direct Injection (GDI) systems, which have the ability of 

injecting gasoline directly into the combustion chamber. This kind of injection system addresses 

the wall film issues associated with the port fuel injection systems and provides more flexible 

injection strategies like multiple injection within a single engine cycle [4], [11]. Figure 2.8 

indicates the schematics of the different fuel injection systems in gasoline engines.  
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Figure 2.8: Schematics of carburetor, PFI and GDI fuel systems in gasoline engines [11]  

2.6. Air to Fuel Ratio Control 

    Regardless of the type of injection architecture, the electronic fuel injection task is regulated by 

an AFR control system with two separate loops: a feedforward loop in which the injection pulse 

is determined based on estimated air mass trapped inside the cylinder and a feedback loop in which 

a signal from an Exhaust Gas Oxygen (EGO) sensor is fed back to a digital controller to correct 

the injection pulse. Because of the delay between the injection actuation and the AFR measurement 

by EGO sensor, the feedback or closed-loop part of the control system is effective only under 

steady state conditions and when the EGO sensor has reached the proper operating temperature. 

The open-loop or feedforward part of the control system is very important when the engine is cold 

(before the closed-loop AFR control is operational) and during transient operations when the 

significant delay between the injection of fuel and the measurement of the EGO sensor inhibits 

proper feedback control. Because of the dramatic decrease of TWC’s efficiency outside the 

stoichiometric window, the main objective of the AFR control system is to maintain the injected 

fuel in a stoichiometric proportion to the trapped air inside the cylinder. Exceptions to this 

requirement is in full load conditions where a slightly rich mixture is required to achieve a better 

performance, avoid engine knock and keep the TWC away from overheating [4], [12]. A block 

diagram of the AFR control structure is illustrated in Figure 2.9. 

 

Figure 2.9: AFR control structure in SI engines [12] 
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    The feedback loop of the AFR control system has two different types. The first type utilises a 

single EGO sensor upstream of the catalyst, where the injection is controlled regardless of the 

operational condition of the catalyst. In such systems, catalyst is not monitored and is treated in 

open loop manner. The second type includes two controllers. The outer-loop controller generates 

a reference AFR set point by means of the Heated Exhaust Gas Oxygen (HEGO) sensor located 

downstream of the TWC and the inner-loop controller maintains the AFR upstream of the TWC 

at this set point by using the measurements of the exhaust gas oxygen content with a linear 

Universal Exhaust Gas Oxygen (UEGO) sensor. To improve the efficiency of the TWC, i.e. 

allowing it to experience both rich and lean conditions for better oxidation and reduction 

performances, small amplitude and low frequency periodic modulation are usually superimposed 

over the AFR set point. With the closed loop catalyst monitoring system, the HEGO sensor 

downstream of the TWC is used to improve robustness of the upstream UEGO sensor drifts and 

for catalyst diagnostics, which is part of the On Board Diagnostic (OBD) requirements [1], [6], 

[7].  

    The feedforward injection control loop is responsible for air and fuel path dynamics. These air 

and fuel dynamics are related to the intake manifold lag that affects the air charge, and the wall-

wetting that determines the amount of fuel inducted into the cylinder for each fuel injection event, 

especially during transient operation. The main challenges of AFR control system is the variable 

time delay, uncertainty in the plant behaviour and disturbances. The time delay in the system is a 

key factor that limits the bandwidth of the AFR feedback loop and highlights the role of the 

feedforward loop. The plant uncertainties are the result of inaccuracies in the air charge estimation 

and in the wall wetting compensation, as well as changes in the UEGO sensor due to aging [9]. 

    Most of the current production fuel injection system are using look-up tables in the feedforward 

loop and the Proportional Integral (PI) controllers in the feedback loop. The conventional process 

of creating the look-up tables is very expensive and time consuming due to the extensive engine 

dynamometer testing. The disadvantage of the PI controller is that the feedback system with the 

constant tuned parameters has no updated information of the plant, which means that it 

performance suffers from the inaccuracies due to production variations and aging of the engine 

[13]. To address aforementioned issues, considerable research has been conducted in the field of 

AFR control in gasoline engines, through which significant improvements have been reported and 

implemented to engine management systems.   

2.6.1. Feedforward AFR Control 

    Due to the complexity of engines as a plant and the fast dynamics of the engine phenomena, AFR 

control without a feedforward controller would be too slow and inaccurate. This delay is due to the 

time lag between the input (fuel injection) and output (EGO sensor signal) of the system. So, 

feedforward control is an important part of the AFR control system. As feedforward controlled fuel 

injection cannot be modeled accurately enough because of measurement errors, engine tolerances, 

aging and some influences that may not be considered when designing the feedforward loop, a 

feedback control loop accompanies the feedforward loop for correction purposes [1]. The most 

important aspects that the feedforward controller should cover by the look-up tables are the 

dynamics of the air and fuel paths, which are the air mass determination and wall wetting effects of 

the injected fuel. As already explained, the conventional way of designing the feedforward 

controller is filling the lookup tables via doing extensive tests on engine dynamometer. This 

approach will determine the required inputs to the engine for different operating conditions via 

doing engine tests for some pre-determined operational points (engine speeds and loads). These 
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tests are performed in steady state conditions only, which means that for transient conditions, further 

considerations need to be taken into account in the ECU functions. As an example, estimation 

algorithms and observers can be applied to the feedforward controller design to address the 

drawbacks of static maps in transient operations [14]. The other idea is the adaptive feedforward 

controller, where the feedforward maps are not fixed and can be dynamically adapted based on 

comparisons with a reference model. This reference model can be built using statistical modeling 

approaches, neural networks or estimation techniques [9]. The transient part of the feedforward 

AFR control is more critical during engine cold start, when the TWC is not fully operational and 

the EGO sensor signal is not available [15]. Figure 2.10 shows the lambda variation in transient 

operation of a gasoline engine, where the engine speed is kept constant and step inputs are applied 

to the throttle position, which is a typical disturbance applied by driver requests to engines. The 

spikes in lambda values at throttle steps show the requirement of improving the transient AFR 

control in gasoline engines.  

 

Figure 2.10: Lambda variation during transient operation of a gasoline engine 

2.6.1.1. Air Mass Estimation 

    In the context of state estimation, several researches have been conducted in different 

engineering areas. In a comprehensive research by S. A. Gadsden et. al., different estimation 

strategies were applied to a nonlinear target tracking problem and their performances were 

compared. The results showed that in case of a nonlinear position measurement and not measuring 

the velocity, the Particulate Filter (PF) and the Smooth Variable Structure Filter (SVSF) performed 

better than the Extended Kalman Filter (EKF) and the Unscented Kalman Filter (UKF) in terms of 

accuracy. The interesting results were observed in case of a poor initial condition, where the SVSF 

yielded the most accurate estimation [16].  

 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

18 
 

    S. A. Gadsden et. al. proposed an Interacting Multiple Model (IMM) methodology that uses the 

SVSF estimation strategy. To increase the accuracy of the estimation, one common approach is 

implementing multiple models with estimation strategies. In the IMM method, the estimated states 

of the system under study may be computed by means of the available alternative models and with 

the aid of each of the available estimation filters. In their research, the proposed SVSF-IMM 

strategy was applied to an Air Traffic Control (ATC) target tracking problem and the results 

showed improvements in estimating the position and velocity of an aircraft compared with the 

EKF-IMM strategy [17]. 

 

    To determine the correct amount of injected fuel, it is necessary to know the amount of air mass 

trapped in engine cylinders in each engine cycle. Since it is not feasible to measure the air flow at 

the intake port of the engine cylinders, an estimation technique associated with an intake manifold 

model should be used. Depending on the type of the intake manifold model, i.e. mean value or 

discrete event model, there are different methods for the air flow estimation as indicated in Figure 

2.11, where:  

 In case 1, the throttle angle is measured, which yields the throttle area 𝐴 and the throttle valve 

discharge coefficient 𝑐𝑑 from pre-calibrated tables. The rest of the process is simulated with 

an open loop observer. The drawback of this method is that there is no estimation for the 

ambient pressure 𝑝𝑎, which varies depending on the ambient condition. So the accuracy of 

this type of air mass estimation is not very accurate even in the steady state condition. The 

positive point regarding this method is that it is cheaper than the other cases.  

 

 In case 2, the ambient pressure is also measured, which makes it possible to compensate for 

the ambient pressure change in comparison to case 1.  

 

 In case 3, the air mass flow �̇�𝑎is directly measured with a hot film air flow sensor. For the 

steady state condition, this method is very accurate and the only estimation error comes from 

the sensor accuracy. For the transient modes, an open loop observer is used to determine the 

air mass flow because the fast dynamics of cycle to cycle variations of engines is not reflected 

in the hot film air flow sensor signal due to the damping effects of the intake manifold.   

 

 In case 4, the intake manifold pressure 𝑝𝑚 and temperature 𝑇𝑚 are measured. The positive 

aspect of this method is that the dynamic parameter of intake manifold pressure is measured, 

which helps the transient air mass estimation, however the precise value of the engine 

volumetric efficiency must be known to have an accurate air flow estimation.  

     

    In case of a discrete engine model, when using the air flow sensor (case 3), either of the mass 

flow �̇�𝑎,𝑘 or the total mass of air flow to the intake manifold 𝑚𝑎,𝑘 can be considered as the input 

signals to the air mass estimator [7], [12]. Details of the mean value intake manifold models will 

be discussed in the upcoming sections of the thesis dedicated to engine modeling methods.  



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

19 
 

 

Figure 2.11: Different approaches for air mass estimation in a mean value engine model [7] 

    There are several approaches for air charge estimation in gasoline engines based on the available 

engine sensors. The most common approach is using the speed-density calculation for the cylinder 

flow estimation and designing an observer, which uses the measured intake manifold pressure for 

correction of the estimated air flow. In general, the effect of air mass estimation improvement on 

the engine performance depends on the fueling system as well. For gasoline direct injection 

engines, the injection system can follow the air path dynamics and the injected fuel can be set more 

accurately according to the improved air flow estimation. However, in the port fuel injection 

engines, the fuel system may not be able to follow the improved air mass estimation during fast 

transients because of the delay between the fuel injection and the cylinder induction events. The 

most critical case is when the air charge rapidly decreases, where it is not possible to take the 

injected fuel out of the intake manifold unless there is prediction for the air charge. This is due to 

the fact that in port fuel injection engines, the fuel injection happens before the Intake Valve Open 

(IVO) event, which means that a prediction of the air charge is required to inject the right amount 

of the fuel during fast transients [18], [19]. 

    Stotsky et. al. [18] applied a combination of input and state observers in order to estimate the 

cylinder mass flow in a four-cylinder gasoline engine. The overall structure, in which the input 

observers are applied to the air mass estimation in their research, is a first order dynamic system 

with the following equation:  

�̇� = 𝑦 + 𝑥                                                                                                                                                     (2.1) 

where z and y are the measured signals and x is the unknown input to the dynamic system, which 

needs to be estimated. If a controller is designed for the mentioned dynamic system, such that 

�̇̂� = 𝑢                                                                                                                                                 (2.2) 

where u is a designed control action to achieve the close tracking of z by �̂�, then u can be used to 

estimate x because 

𝑦 + 𝑥 ≈ 𝑢                                                                                                                                         (2.3) 
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    Such controllers are classified as observers in the literature and can be implemented using a 

range of approaches like high gain observers, sliding mode observers and Luenberger observers. 

A brief introduction to the mentioned observers is provided in [20].  

    The speed-density equation for the four-cylinder gasoline engine is 

 

𝑊𝑐𝑦𝑙 = 𝜂𝑣
𝑛𝑒

2
𝑉𝑑

𝑝

𝑅𝑇
                                                                                                                                    (2.4) 

 

where 𝑊𝑐𝑦𝑙 is the mean value of the air mass flow to the cylinders, 𝑛𝑒 is engine speed, 𝑇 is intake 

manifold temperature, 𝜂𝑣 is engine volumetric efficiency, 𝑅 is the ideal gas constant, 𝑝 is intake 

manifold pressure and 𝑉𝑑 is total cylinder displacement of the engine. The biggest issue regarding 

the cylinder air mass flow estimation using Equation (2.4) is the uncertainty of the volumetric 

efficiency 𝜂𝑣. This parameter was conventionally determined by doing engine dynamometer tests 

in different operating conditions of the engine and in standard ambient condition. However, 

variations in ambient temperature and the variable valve timing systems affect the volumetric 

efficiency and cause errors in its estimation using the mentioned conventional approach. In 

addition, it is not appropriate to do a huge number of engine tests to determine the comprehensive 

map of the volumetric efficiency because of the time and cost issues. Alternatively, an input 

observer is used by the authors to correct the estimated air mass flow by Equation (2.4) in an online 

mode and in both steady state and transient operations. For the steady state mode, the mass air 

flow sensor plays the main role while for the transient mode the intake manifold pressure 

measurement is prioritised. Figure 2.12 shows schematic diagram of the gasoline engine and the 

observers that are used in the research by Stotsky et. al.    

 

 

Figure 2.12: Schematic of a four-cylinder gasoline engine and the observers for air mass flow 

estimation [18] 

    Both input and state observers are applied to the air mass flow estimation strategies, where the 

former estimates the unmeasured inputs to the dynamic system from state and output measurement 

and the latter estimates the states form the output measurements. The three interconnected 

observers use the signals from the intake manifold pressure and throttle mass flow sensors. The 

first observer estimates the flow through the throttle as the input to the system based on the signal 
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from the Mass Air Flow (MAF) sensor and is able to compensate for the MAF sensor time 

constants. The second observer is responsible for estimation of the intake manifold pressure as the 

state of the system by means of the ideal gas law and the signal from the intake manifold pressure 

sensor. This observer has the ability of eliminating the noise and periodic oscillations of intake 

manifold pressure and throttle mass flow signals. The third observer is the main part of the 

estimation algorithm and provides an online correction to the cylinder flow estimation [12], [18] 

[19], [20].  

    For estimation of air flow through the throttle valve, the dynamic of the mass air flow sensor is 

modeled by: 

�̇�𝑡ℎ,𝑚 = −
1

𝜏𝑀𝐴𝐹
(𝑊𝑡ℎ,𝑚 −𝑊𝑡ℎ)                                                                                                            (2.5) 

where 𝜏𝑀𝐴𝐹 is the MAF sensor constant, 𝑊𝑡ℎ is the actual flow through the throttle and 𝑊𝑡ℎ,𝑚 is 

the MAF sensor signal. Comparing Equations (2.5) and (2.1) yields 𝑧 =  𝑊𝑡ℎ,𝑚 , 𝑦 = −
1

𝜏𝑀𝐴𝐹
𝑊𝑡ℎ,𝑚 

and 𝑥 =
1

𝜏𝑀𝐴𝐹
𝑊𝑡ℎ, which indicates the applicability of the input observer for air flow estimation 

through the throttle. The input observer is designed as:  

𝜀�̇� = −𝛾𝑓𝜀𝑓 −
𝛾𝑓

𝜏𝑀𝐴𝐹
𝑊𝑡ℎ,𝑚 + 𝛾𝑓

2𝑊𝑡ℎ,𝑚                                                                                                    (2.6) 
 

�̂�𝑡ℎ = 𝜏𝑀𝐴𝐹(𝛾𝑓𝑊𝑡ℎ,𝑚 − 𝜀𝑓)                                                                                                                (2.7) 

where 𝜀𝑓 is the auxiliary observer variable, 𝛾𝑓is the positive observer gain and is selected to be 

bigger than (
1

𝜏𝑀𝐴𝐹
) to make sure that the observer dynamic is faster than the MAF sensor dynamic.  

    The intake manifold pressure estimation is required for elimination of the Manifold Absolute 

Pressure (MAP) sensor noise due to the periodic oscillations of the intake manifold pressure signal 

at the engine firing frequency. This noise might be filtered by a low pass filter but the phase lag 

caused by the filter adds error to the air mass estimation in transient modes. The main part of the 

observer development for intake manifold pressure is the isothermal model: 

�̇� =
𝑅𝑇

𝑉𝐼𝑀
(𝑊𝑡ℎ −𝑊𝑐𝑦𝑙)                                                                                                                             (2.8) 

where 𝑊𝑐𝑦𝑙 is the mean value of air mass flow to engine, 𝑊𝑡ℎ  is the throttle mass flow, 𝑇 is intake 

manifold temperature, 𝑅 is the ideal gas constant, 𝑝 is intake manifold pressure and 𝑉𝐼𝑀 is the 

volume of the intake manifold. The observer form of Equation (2.8) is: 

�̇̂� =
𝑅𝑇

𝑉𝐼𝑀
(�̂�𝑡ℎ − �̂�𝑐𝑦𝑙) − 𝛾𝑝(�̂� − 𝑝)                                                                                                                         (2.9) 

where �̂� is the observed manifold pressure,  �̂�𝑡ℎ is observed throttle flow by the throttle air mass 

flow observer and  �̂�𝑐𝑦𝑙 is an estimation of air flow to engine.  

    To develop the cylinder flow observer, Stotsky et. al. considered the volumetric efficiency 𝜂𝑣 

as a sum of two different terms. The first term can be estimated by the cylinder flow function of 

the engine speed, engine valve timing, throttle position and other engine parameters. The second 

term however needs to be estimated.  

𝜂𝑣 = 𝜂𝑣𝑘 + ∆𝜂𝑣                                                                                                                                (2.10) 
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Considering the above equation for volumetric efficiency, the speed-density Equation (2.4) and 

the isothermal intake manifold pressure Equation (2.8) will be in the following forms:       

𝑊𝑐𝑦𝑙 = 𝜂𝑣𝑘
𝑛𝑒

2
𝑉𝑑

𝑝

𝑅𝑇
+ ∆𝜂𝑣

𝑛𝑒

2
𝑉𝑑

𝑝

𝑅𝑇
                                                                                                 (2.11) 

 

�̇� = −𝜂𝑣𝑘
𝑛𝑒

2
𝑉𝑑

𝑝

𝑉𝐼𝑀
− ∆𝜂𝑣

𝑛𝑒

2
𝑉𝑑

𝑝

𝑉𝐼𝑀
+

𝑅𝑇

𝑉𝐼𝑀
𝑊𝑡ℎ                                                                              (2.12) 

Comparing Equation (2.12) with Equation (2.1) yields 𝑧 = 𝑝, 𝑦 = −𝜂𝑣𝑘
𝑛𝑒

2
𝑉𝑑

𝑝

𝑉𝐼𝑀
+

𝑅𝑇

𝑉𝐼𝑀
𝑊𝑡ℎ and 

𝑥 = −∆𝜂𝑣
𝑛𝑒

2
𝑉𝑑

𝑝

𝑉𝐼𝑀
 where x can be estimated by knowing y and z values. By designing a high gain 

observer for the engine mass flow parameter, the estimated engine flow is: 

�̂�𝑐𝑦𝑙 = 𝜂𝑣𝑘
𝑛𝑒

2
𝑉𝑑

𝑝

𝑅𝑇
+ (𝜀 − 𝛾𝑝)

𝑉𝐼𝑀

𝑅𝑇
                                                                                                         (2.13) 

where 𝛾 is the observer gain and 𝜀 is adjusted as: 

𝜀̇ = −𝛾𝜀 − 𝛾𝜂𝑣𝑘
𝑛𝑒

2
𝑉𝑑

𝑝

𝑉𝐼𝑀
+ 𝛾

𝑅𝑇

𝑉𝐼𝑀
𝑊𝑡ℎ + 𝛾

2𝑝 = 𝛾
𝑅𝑇

𝑉𝐼𝑀
(�̂�𝑐𝑦𝑙 −𝑊𝑡ℎ)                                            (2.14) 

    Referring to Figure 2.12, the first input observer (Equation (2.7)) provides the estimated air flow 

through the throttle (�̂�𝑡ℎ) to the second and third observers, which estimate intake manifold 

pressure and air flow to cylinders in an interconnected manner. The experimental result of the 

designed observer by Stotsky et. al. during a tip-in operation is depicted in Figure 2.13 [18].   

                                                                                                                                                                                                                                                             

 

Figure 2.13: Performance of observer based and speed-density cylinder flow estimation 

approaches and the equivalence ratio with the observer based cylinder flow estimate. Lean spike 

would be higher in case of speed- density estimate [18] 

    The other approach for air mass estimation is based on exhaust measurements instead of intake 

manifold dynamics. The advantages associated with this method are the possibility of elimination 

of the intake manifold pressure sensor. This method directly measures the relative quantity of the 

exhaust gas entering the catalyst, which provides very accurate control of AFR. J. David Powell 

et. al. [14] developed an observer based on EGO sensor signal, which estimates the amount of air 
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mass and the mass of the fuel puddle on the surface of the intake runners. The dynamics of the 

intake manifold is described by: 

�̇�𝑎𝑝 = −
1

𝜏𝑚𝑎𝑛
[𝑚𝑎𝑝 −𝑚𝑠𝑠(𝛼, 𝑁)]                                                                                                   (2.15) 

where 𝑚𝑎𝑝 is air mass per intake stroke, 𝑚𝑠𝑠 is the steady state value of 𝑚𝑎𝑝, which is a function 

of engine speed 𝑁 and throttle angle 𝛼 and 𝜏𝑚𝑎𝑛 is the time constant of intake manifold that can 

be determined experimentally. By integrating the air flow equation over the engine cycle, the total 

air charge in the cylinder can be determined by: 

�̇�𝑎𝑐 = 𝐾(𝛼,𝑁, Δ𝑡)𝑚𝑎𝑝                                                                                                                  (2.16) 

where 𝐾 is adjusted to have the appropriate air flow to each cylinder during the engine cycle Δ𝑡. 
The discrete form of Equations (2.15) and (2.16) are: 

𝑚𝑎𝑝(𝑘 + 1) = (𝑒−𝑇 𝜏𝑚𝑎𝑛⁄ )𝑚𝑎𝑝(𝑘) + (1 − 𝑒
−𝑇 𝜏𝑚𝑎𝑛⁄ )𝑚𝑠𝑠(𝛼, 𝑁)                                           (2.17) 

 

𝑚𝑎𝑐(𝑘 + 1) = 𝑚𝑎𝑐(𝑘) + 𝐾(𝛼,𝑁, Δ𝑡)𝑚𝑎𝑝 +𝑚𝑎𝑏(𝑘)                                                             (2.18) 

 

𝑚𝑎𝑏(𝑘 + 1) = 𝑚𝑎𝑏(𝑘)                                                                                                            (2.19) 

where  𝑚𝑎𝑏 is the correction factor of the 𝑚𝑎𝑐 in the format of a constant bias value and T is the 

sample time. For the single cylinder engine that is the experimental setup of the study by J. David 

Powell et. al. in [14], it is assumed that the manifold filling dynamic is instantaneous due to the 

very fast manifold time constant compared to the engine cycle during low speed operation. This 

assumption results: 

𝑚𝑎𝑐(𝑘) = 𝑚𝑠𝑠(𝛼, 𝑁) + 𝑚𝑎𝑏(𝑘)                                                                                              (2.20) 

    The fuel flow dynamics with the following equation developed by Acquino [21] is used to 

explain the fuel injection system: 

�̇�𝑓𝑝(𝑡) = −
1

𝜏𝑓
𝑚𝑓𝑝(𝑡) + 𝑋�̇�𝑓𝑖(𝑡)                                                                                           (2.21) 

�̇�𝑓𝑐(𝑡) = (1 − 𝑋)�̇�𝑓𝑖(𝑡) +
1

𝜏𝑓
𝑚𝑓𝑝(𝑡)                                                                                     (2.22) 

where 𝑚𝑓𝑝 is the mass of the fuel puddle, �̇�𝑓𝑖 is the rate of injected fuel, �̇�𝑓𝑐 is the rate of the fuel 

entering engine cylinder, 𝑋 is part of the injected fuel entering the fuel puddle and 𝜏𝑓 is the time 

constant of the fuel evaporation process. The discrete form of fuel dynamics can be expressed as: 

𝑚𝑓𝑝(𝑘 + 1) = (1 − 𝑓𝛽)𝑚𝑓𝑝(𝑘) + (1 − 𝑓𝛼)𝑚𝑓𝑖(𝑘)                                                                (2.23) 

 

𝑚𝑓𝑐(𝑘) = 𝑓𝛽𝑚𝑓𝑝(𝑘) + 𝑓𝛼𝑚𝑓𝑖(𝑘)                                                                                            (2.24) 

where 𝑘 is the engine cycle counter, 𝑚𝑓𝑖 is mass of injected fuel, 𝑚𝑓𝑐 is the fuel mass entered 

engine cylinders during an engine cycle, 𝑓𝛼 is the fraction of injected fuel that directly enters the 

cylinder in each engine cycle and 𝑓𝛽 is the fraction of the fuel puddle that evaporates and enters 
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the cylinder in each engine cycle. According to air path and fuel path dynamics, the AFR is defined 

as: 

𝜙𝑐(𝑘) = (𝐴/𝐹)𝑠
𝑚𝑓𝑐(𝑘)

𝑚𝑎𝑐(𝑘)
                                                                                                            (2.25) 

where (𝐴/𝐹)𝑠 is the stoichiometric air to fuel ratio that equals 14.71 for gasoline fuel. The 

parameter lambda which is defined as 𝜆 = 1/𝜙 is typically used in AFR control context. 

Regarding the delay between the fuel injection and the AFR measurement, it is assumed that the 

delay is approximately the same as one engine cycle so that: 

𝜙𝑑(𝑘 + 1) = 𝜙𝑐(𝑘)                                                                                                                         (2.26) 

where 𝜙𝑑 is the delayed equivalence ratio by one engine cycle relative to the in-cylinder 

equivalence ratio 𝜙𝑐.  

    The dynamics of the EGO sensor is modeled as a first order lag with a time constant and the 

sensor measurement is updated in each engine cycle. So: 

𝜙𝑚(𝑘 + 1) = 𝜁𝜙𝑚(𝑘) + (1 − 𝜁)𝜙𝑑(𝑘)                                                                                                              (2.27) 

where 𝜙𝑚 is the EGO measurement, 𝜁 = 𝑒−𝑇 𝜏𝑒⁄ , T is the sampling time and 𝜏𝑒 is the time constant 

of the EGO sensor. Considering the equations of fuel path, air path and the sensor dynamics as 

well as the standard form of a linear system in state space representation:  

𝑋(𝑘 + 1) = Φ𝑋(𝑘) + Γ𝑢(𝑘)                                                                                                 (2.28a) 

 

𝑌(𝑘) = 𝐻𝑋(𝑘)                                                                                                                       (2.28b) 

The matrices will be: 

 𝑋(𝑘) =

[
 
 
 
𝑚𝑓𝑝(𝑘)

𝜙𝑑(𝑘)

𝜙𝑚(𝑘)

𝑚𝑎𝑏(𝑘)]
 
 
 

, Φ = [

1 − 𝑓𝛼
𝑓𝛽(𝐴 𝐹⁄ )𝑠 𝑚𝑎𝑐⁄

0
0

  

0
0

1 − 𝜁
0

    

0
0
𝜁
0

    

0
0
0
1

], Γ = [

1 − 𝑓𝛽
𝑓𝛼(𝐴 𝐹⁄ )𝑠 𝑚𝑎𝑐⁄

0
0

], 𝐻 = [0 0 1 0] 

 

The required fuel injection to satisfy a reference equivalence ratio 𝜙𝑟(𝑘) = 𝜙𝑐(𝑘) is calculated 

as: 

𝑚𝑓𝑖(𝑘) =
1

𝑓𝛼
[
𝜙𝑟𝑚𝑎𝑐(𝑘)

(𝐴 𝐹⁄ )𝑠
− 𝑓𝛽𝑚𝑓𝑝(𝑘)]                                                                                        (2.29) 
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Figure 2.14: Observer based control structure based on exhaust measurement [14] 

    The role of the observer is to estimate the values of in-cylinder air mass  �̂�𝑎𝑐 and the mass of 

the fuel puddle �̂�𝑓𝑝, which are used to determine the control input 𝑚𝑓𝑖. For the system described 

by Equations (2.28) and (2.29) and the state space matrices, the observer is designed as: 

�̂�(𝑘) = �̅�(𝑘) + 𝐿(𝜙𝑚(𝑘) − �̅�𝑚(𝑘))                                                                                       (2.30) 

 

�̂�(𝑘 + 1) = Φ�̂�(𝑘) + Γ𝑚𝑓𝑖(𝑘)                                                                                               (2.31) 

where Equations (2.30) and (2.31) are the measurement and time updates respectively and 𝐿 is the 

observer gain matrix. In spite of the nonlinear system dynamics, constant values of 𝐿 returned 

acceptable results in the entire engine operating conditions. The observer based control structure 

associated with the exhaust measurement and the performance of such a system are depicted in 

Figure 2.14 and Figure 2.15 respectively.  
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Figure 2.15: Comparison of conventional and observer based injection control during AFR step 

change [14] 

2.6.1.2. Fuel Film Compensation 

      In PFI gasoline engines, there is an issue called wall film, which means that not all the injected 

fuel goes directly to the cylinders. in fact, part of the injected fuel attaches to the walls of intake 

runners and inlet valve surfaces as indicated in Figure 2.16. If this issue is not correctly 

compensated, there will be big spikes in the AFR ratio response. The compensation for this fuel 

film issue is developed by a model based approach. In order to take this issue into account, it is 

assumed that the injected fuel enters the cylinder with a delay associated with the evaporation time 

constant of the fuel accumulated in the wall film.  

 

Figure 2.16: Fuel wall film in PFI engines [7] 

    The dynamics of the fuel path is modeled by mass balance of injected fuel, fuel mass of the 

wall film and the fuel mass that enters the cylinders. This model was first developed by Aquino 

[21] and follows below differential equations:  
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�̇�𝑓𝑝(𝑡) = −
1

𝜏𝑓
𝑚𝑓𝑝(𝑡) + 𝑋�̇�𝑓𝑖(𝑡)                                                                                           (2.32) 

 

�̇�𝑓𝑐(𝑡) = (1 − 𝑋)�̇�𝑓𝑖(𝑡) +
1

𝜏𝑓
𝑚𝑓𝑝(𝑡)                                                                                     (2.33) 

where 𝑚𝑓𝑝 is the mass of fuel puddle, �̇�𝑓𝑖 is the rate of injected fuel, �̇�𝑓𝑐 is the rate of the fuel 

entering engine cylinders, 𝑋 is the part of injected fuel that enters the fuel puddle and 𝜏𝑓 is the time 

constant of fuel evaporation process. X and 𝜏𝑓 are dependent to the operating condition of the 

engine i.e. engine speed, engine load, intake manifold pressure and temperature and are 

experimentally determined. In this case, the value of these parameters should be updated upon the 

change of the engine operating condition and temperature, which means that there is a map for 

these parameters which should be calibrated during engine calibration process. It is obvious that 

the model described by Equations (2.32) and (2.33) is invertible, which means that if the mass of 

the fuel film is known, the amount of the required injected fuel can be calculated easily as: 

�̇�𝑓𝑖(𝑡) =
1

1−𝑋
[�̇�𝑓𝑐(𝑡) −

1

𝜏𝑓
𝑚𝑓𝑝(𝑡)]                                                                                               (2.34) 

where �̇�𝑓𝑐 is calculated according to the amount of air mass per stroke values and the target 𝜆 of 

the engine operating condition.  

    Since the experimental determination of the fuel film model parameters is very time consuming, 

there are alternative approaches like complex simulation and thermodynamic analogies. However, 

due to the uncertainty of the proposed methods, it is assumed that the fuel path model developed 

by Aquino is accurate enough and all the uncertainties in the AFR control are associated with the 

air path, which was discussed in the previous section of this chapter [12]. The feedback loop of 

the AFR control system compensates such inaccuracies in steady state operating modes.   

    Most of the fuel dynamics models that are developed according to Aquino model assume that 

only the vapor part of the fuel film enters the cylinder. Beyond the Aquino model, there are other 

models that consider the liquid fuel flow of the fuel film to the cylinders as well as the vapor part. 

Such models have an additional time constant associated with the dynamics of the liquid fuel flow, 

which is considered to be proportional to the mass of the fuel puddle on the surface of the intake 

runners [22]. It is worth mentioning that with the GDI technology, the issues related to fuel film 

dynamics in the intake manifold runners are no longer the concerns of the engine calibration 

engineers. On the other hand, the GDI system adds fuel films on piston and cylinder wall surfaces, 

which are the main cause of particulate matter emissions in SI engines.   

2.6.2. Feedback AFR Control 

    As already indicated, the feedforward loop of AFR control system is not accurate enough due to 

the extreme complexity of air and fuel path dynamics in ICEs. Hence it is necessary to have a 

feedback control loop for correcting the action of the feedforward loop. The conventional approach 

for feedback AFR control is using the signal of a switch type EGO sensor, which is installed 

upstream of TWCs. The sensor voltage is converted to a binary signal which indicates that the 

mixture is rich if the signal is greater than 450 mV and lean when the signal is smaller than 450 

mV. A PI controller uses the EGO sensor signal to provide a correction factor for injection pulse of 

the next engine cycle. Figure 2.17 shows the block diagram of the conventional feedback loop of 
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AFR control and the signal of a switch type EGO sensor. This type of feedback controller has three 

main parameters to be calibrated for all the operating points of the engine. The parameters include 

the gains of the PI controller and a time interval factor which is used to compensate the asymmetric 

behaviour of the switch type EGO sensor from rich to lean and vice versa [1], [7].   

 

Figure 2.17: Block diagram of the conventional feedback loop of AFR control and typical signal 

of a switch type EGO sensor [7]  

    It is worth noting that in this type of controller, the TWC is treated in an open-loop manner which 

makes this approach to be appropriate for the emission levels that are not very demanding. 

According to the European emission legislation, closed loop monitoring of the TWC via a down 

stream EGO sensor is necessary for Euro III emission levels upward [23].  

2.6.2.1. AFR feedback Control with Closed Loop TWC 

    This approach includes the dynamics of the TWC in the fueling control system as depicted in 

Figure 2.18. In this case, there are two oxygen sensors, one upstream of the TWC, which is typically 

a wide range sensor, giving not only binary lean/rich information but also the quantitative lambda 

values. The downstream oxygen sensor is a binary type and monitors the oxygen capacity of the 

TWC. Both signals are used for the control process, the former is the fast inner loop control, which 

guarantees the mixture before the TWC to follow the 𝜆 set point and the latter is for slow and outer 

loop control, which determines the set point for the inner loop controller by means of the state of 

the catalyst’s oxygen storage. 

 

Figure 2.18: AFR feedback control with closed loop TWC [7] 

    The inner loop control system can be designed by means of a variety of approaches. For design 

of this controller, the dynamics of the air-fuel path from the injection location up to the position of 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

29 
 

the upstream EGO sensor should be determined. This model is approximated by a combination of 

a first order lag and a time delay [9].  

𝐺(𝑠) =
𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜

𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 𝑖𝑛 𝑡ℎ𝑒 𝐶𝑜𝑚𝑚𝑎𝑛𝑑𝑒𝑑 𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜
=

1

𝜏𝑚𝑠+1
𝑒−𝜏𝑠                                                  (2.35) 

where the time constant 𝜏𝑚 and the time delay 𝜏 depend on the operating condition of the engine 

and can be determined either by online identification methods or by offline calibration [24]. It 

should be noted that the time delay 𝜏 includes the engine cycle delay, gas transport delay and the 

time delay associated with the EGO sensor. Due to the storage capacity of the TWC for oxygen and 

carbon dioxide, the chemical content of the inlet gas mixture to the catalyst is not the determining 

factor of the TWC conversion efficiency. In fact, the oxygen storage state of the catalyst should be 

estimated by means of the down stream EGO sensor for the highest efficiency of the TWC. This 

estimation is so complex and is still a topic of the state-of-the-art research. There is a tendency to 

use the switch type EGO sensors down stream of the catalyst because of their cheaper price and 

high level sensitivity near the stoichiometric region as indicated in Figure 2.17.  

    The inner-loop control has also been applied to other engineering fields for improving the 

system performance. In a comprehensive research by S. Habibi et. al., an inner-loop control 

strategy was developed for improvement of the maneuverability of an electromechanical flight 

surface. The main objective of their research was to eliminate the negative effects of the dead zone 

in the electromechanical actuators. The proposed inner-loop control strategy showed 

improvements in the area of compensating the static friction and backlash of the gears [25]. 

2.7. Evolution of Ignition Systems  

    The spark ignition engines, as can be understood from their name, require ignition as an external 

source of energy for combustion initiation. This ignition spark happens through a flashover between 

the electrodes of spark plugs, which need a high level of voltage. The early ignition systems like 

the Bosch low voltage magneto system, were based on generation of magnetos by means of a 

magnetic induction in a wound armature, where the interrupted ignition current could generate an 

ignition spark. Such systems had a lot of limitations especially for high speed engine operations, 

where the time constants of the ignition system could not follow the fast dynamics of SI engines. 

The high voltage magneto systems could generate a voltage by magnetic induction, generating the 

flashover between the electrodes of spark plugs.  

 

Figure 2.19: Magneto (left) and battery (right) ignition systems [26] 
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    The battery ignition systems came after the magneto ignition systems, with batteries as source of 

energy and the ignition coils as components for energy storage. For such systems as indicated in 

Figure 2.19, the switching action of the coil current is done by a breaker and the ignition timing is 

applied to different cylinders by a mechanical governor. With the increased roles of electronic 

components in automotive systems, ignition systems also benefitted from the technology and pure 

mechanical systems were replaced by electric components. In transistorised ignition systems for 

instance, the mechanical coil current breakers were replaced by transistors, which provided contact 

less switching action without any wear of the components.  

    By adding ECUs to gasoline engines, the electronic ignition systems became the feasible choice 

for flexible ignition control in the full operating range of SI engines. The stored ignition map inside 

the ECU allows for controlling the ignition timing according to a variety of parameters like ambient 

condition, engine load, engine speed, engine coolant temperature and engine combustion state. The 

state-of-the-art ignition systems have no mechanical components as indicated for distributor-less 

semiconductor ignition systems in Figure 2.20.          

 

Figure 2.20: Mechanical and electronic functionalities of inductive ignition systems [3] 

2.8. Ignition Timing Control 

    The timing of ignition in SI engines directly affects the torque production, which is the main 

functionality of the ICEs. There is an optimal ignition timing that produces the Maximum Brake 

Torque (MBT) and is dependent on engine operating conditions, mainly the engine speed and load. 

By moving the ignition timing away from the MBT point, engine torque drops regardless of the 

engine operating point as illustrated in Figure 2.21. It is worth noting that the MBT condition might 

not be attained due to knocking and emission restrictions [7].      
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Figure 2.21: Effect of ignition timing on SI engine torque production [7] 

    In addition to engine torque, other engine outputs are also dependent on the ignition timing. The 

most important outputs are emission and exhaust gas temperature. The exhaust gas temperature is 

a key factor for component protection part of EMS and is controlled to prevent damaging engine 

components especially the TWC. So, excessive retard of ignition timing, which moves the 

combustion phase close to Exhaust Valve Open (EVO) event is restricted by component protection 

duties of ECU. From emission point of view, retarded ignition timing affects all the emission types 

including Nitric Oxides (NOx), Carbon Oxide (CO) and Hydrocarbons (HC). As NOx emission is 

related to in-cylinder temperature and oxygen availability, the retarded ignition with a fixed value 

of AFR and lower in-cylinder temperature decreases NOx.  For HC and CO, as part of the oxidation 

of these emissions happen in post flame phases with respect to the oxygen availability and the 

temperature of combustion products, any changes to these affecting factors influences HC and CO 

emissions. For instance, in homogeneous combustion SI engines, the late ignition timing, which 

deteriorates the combustion efficiency and elevates the temperature of burnt gas, causes HC 

emission to reduce because of the accelerated post combustion oxidation as a result of elevated 

temperature. On the other hand, advancing the ignition timing, albeit improving engine torque and 

Break Specific Fuel Consumption (BSFC), increases NOx and HC emissions. This is due to the 

dependency of these emissions to in-cylinder temperature for the case of NOx and decrease of post 

combustion temperature for HC emission. Knock is also a restricting issue for excessive advance 

of ignition timing, which is the result of auto ignition of air-fuel mixture away from the spark plug, 

which causes uncontrolled pressure waves inside the combustion chamber with damaging effects 

on engine hardware [1], [7].   

2.8.1. Feedforward Ignition Timing Control 

    Like injection feedforward control, the ignition feedforward control is according to the pre-

determined maps, which are optimized during engine calibration process. The ignition map is a 

compromised tuning of ignition timing according to the above mentioned conflicting objectives 

(engine torque, emission and exhaust temperature) in different engine operating points (speed and 

load). Figure 2.22 shows a typical ignition map of an SI engine, where the ignition timing is 

expressed in crank angle degrees with reference to TDC of power stroke. It is worth noting that it 

is not just a single map that determines the ignition timing in feedforward loop but some correction 

factors like those dependent on engine coolant temperature, AFR, ambient condition etc. are also 

applied to the basic feedforward ignition map.   
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Figure 2.22: Feedforward ignition map of the Ford Coyote engine 

2.8.2. Feedback Ignition Timing Control 

    The feedforward ignition control loop uses static maps that cannot compensate for variable 

ambient conditions and the aging issues of SI engines. Hence, adding the feedback loop to the 

ignition control system improves its performance against disturbances that are rarely taken into 

consideration during the calibration process. For the feedback loop, it is necessary to define a 

suitable control variable that indicates the status of ignition timing in terms of engine objectives. 

One interesting control variable for feedback ignition control is the in-cylinder pressure, for which 

a lot of research has been conducted. However, measuring the in-cylinder pressure requires 

expensive sensors that are not feasible for mass produced vehicles and this kind of measurement is 

limited to engine test bench activities. There are some approaches for indirect determination of in-

cylinder pressure profiles like using engine vibrations and crankshaft speed fluctuations [27], [28], 

[29], [30]. The other control parameter for ignition feedback control is an indicator of centre of 

combustion like the Mass Fraction Burnt (MFB) parameter. As indicated in the literature, optimum 

combustion is attainable by positioning the 50% of MFB at 8 to 10 Crank Angles (CA) ATDC [1].  

    Knock control is a significant part of the ignition feedback control, which enables the EMS to 

avoid knocking, which is the cause of engine damage and high emissions. The pressure waves of 

knocking conditions are transferred to engine block and can be detected by knock sensors. Once 

knock is detected by the ECU, the ignition angle is retarded by a specific value, expecting the 

knocking condition to disappear, after which the ignition timing goes back to the open loop set point 

through a step by step manner. This kind of ignition timing control causes the ignition angle to 

follow a saw shaped profile during repeated knocking situations as depicted in Figure 2.23.  
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Figure 2.23: Ignition timing of an SI engine during knocking operation [7] 

    According to the provided explanations on engine control functions and their contribution to 

meeting powertrain objectives, a proper ECU tuning is a critical task of OEMs. Air and fuel flow 

mass estimation and control are also part of the ECU calibration, where the model coefficients 

should be tuned to provide accurate estimations. It is also important to control the conflicting 

behaviours of the engine management system objectives by means of control variables like ignition 

and injection timing. Hence, optimization techniques are useful tools for the ECU map calibration 

activities and has been extensively applied to powertrain development projects during the last two 

decades.      
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3. Chapter 3: Review of Optimization Techniques and Their 

Application to Engine Optimization 

    Optimization plays an important role in solving design problems in the field of engineering and 

other scientific contexts. It deals with finding the best solution to a problem while considering its 

feasibility and the associated constraints. What determines a good or bad solution is influenced by 

the objectives that are defined for a specific problem. The definition, number and the formulation 

of objectives is an integral part of the problem solution. For single objective problems, there is a 

single objective and there are well established strategies for optimization such as techniques based 

on gradient descent and heuristic based search methods. However, some problems need to be 

formulated in terms of multi-objectives which cannot be readily combined by weighting and often 

involves a trade-off between contradicting behaviours. One example of such a problem is the case 

of conflicting objectives of the Engine Management Systems (EMS) in the Internal Combustion 

Engines (ICE), which as already mentioned includes emissions, fuel consumption, performance, 

driveability and component protection.   

3.1. Introduction 

    In case of multi-objective problems with conflicting objectives, there is no unique solution but a 

number of optimal solutions. The classical approach to solving multi-objective problems involves 

combining the objectives into a singular function (referred to as cost function) by creating a 

weighted sum of objectives. The challenge of this method is choice of the weights, which needs 

reliable information on the relative importance of the objectives and hence the problem.  

 

 

Figure 3.1: Main steps of multi-objective optimization approaches [31] 

    In multi-objective optimization, the objectives do not have a deterministic functional relationship 

and are evaluated on a scale that is unique to the objective. Multi-objective optimization approaches 

provide users with a range of solutions with respect to different objectives, among which the 

appropriate solutions for a specific problem can be determined by considering their advantages and 

disadvantages. As depicted in Figure 3.1, there are two main steps in multi-objective optimization 
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methods. Step 1 deals with finding a range of solutions that are quantitatively similar by considering 

the multidimensional nature of the problem, and which can be filtered by a qualitative analysis in 

step 2 using higher level information to find the best solution. If the problem is a single-objective 

form, only one solution will be found in step 1. The output of step 1 is range of solutions organized 

as a hyper dimensional plane called the Pareto front. The main task of multi-objective optimization 

algorithms is to find a Pareto front that is optimal. When the objectives are not conflicting, the 

Pareto-front curve reduces to a single point, which is the optimum solution to the problem [31].  

 

    In finding the Pareto-optimal front, an important goal is not to concentrate the solutions to a 

specific region in the objective space, and not to confine the search to a specific region of the 

decision variable space. The goal is to infuse diversity in both solutions and decision variables 

spaces [31].   

 

    The concept of domination is an important consideration in multi-objective algorithms. The 

reason is that the domination concept provides multi-objective algorithms with a mechanism for 

comparing solutions in their search to find the optimal Pareto front. A dominant solution is the one 

that cannot be replaced by another solution in terms of satisfying the objective functions. This 

means that a dominant solution is the one that can only be dominated by other solutions by 

considering some but not all the objectives and in the expense of worsening some other objectives. 

Basically, two different solutions are compared to each other by the values of objective functions 

and the non-dominated solution is retained while the search continues.    

 

    Considering the objective functions and constraints, a multi-objective optimization problem can 

be defined as: 

 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑜𝑟 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑓𝑚(𝑋), 𝑚 = 1, 2, … ,𝑀;  
  𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜:                                                                      

              𝑔𝑗(𝑋) ≥ 0,         𝑗 = 1, 2, … , 𝐽;

                ℎ𝑘(𝑋) = 0,        𝑘 = 1, 2, … , 𝐾;

                    𝑥𝑖
(𝐿)
≤ 𝑥𝑖 ≤ 𝑥𝑖

(𝑈),   𝑖 = 1, 2, … , 𝑛. }
 
 

 
 

                                                                    (3.1) 

 

where 𝑋 is an n-dimensional vector of decision variables, 𝑓𝑚(𝑋) are the objective functions, 𝑔𝑗(𝑋) 

 are the inequality constraint functions, ℎ𝑘(𝑋) are the equality constraint functions and 𝑥𝑖
(𝐿)

 and 

𝑥𝑖
(𝑈)

 are the lower and upper limits of the decision variables. Since the aim of a multi-objective 

optimization tool is to find a set of solutions for a specific problem, the relative importance of 

solutions with regard to the objectives of the problem should be defined clearly. This requires a set 

of basic definitions in the filed of multi-objective optimization problems.  

 

Definition 1: Pareto Dominance  

    A solution 𝑥1 is said to dominate another solution 𝑥2 with the mathematical representation of 

𝑥1 ≼ 𝑥2, if both of the following conditions apply: 

1- For all the objectives, solution 𝑥1 is not worse than solution 𝑥2. 

2- Solution 𝑥1 is distinctly better than solution 𝑥2 in at least one of the objectives.  

 

 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

36 
 

Definition 2: Non-dominated set and Pareto Optimality 

    Among a number of solutions collected as 𝑃, the non-dominated set of solutions collected as 

𝑃′ are the solutions that are not dominated by any solutions in 𝑃 collection. If 𝑃 covers the whole 

search space of a multi-objective problem, the non-dominated solutions collected as 𝑃′is called the 

Pareto-optimal set. Like the single objective problems with global and local optimums, the Pareto-

optimal set can be global if defined for the entire feasible search space or can be local if applied to 

a sub-space of the entire feasible search space.  

 

Definition 3: Pareto-front 

    If the solutions of the Pareto-optimal set are plotted in the objective space, they are called Pareto-

front, which is a curve for a two objective problem, a 3D surface or curve for a three objective 

problem and a multi-dimensional hyperplane for more than 3 objective functions. Depending on 

the optimization problems, the 2D Pareto-fronts may have a variety of geometries as depicted in 

Figure 3.2.  

 

 

Figure 3.2: Different Pareto-fronts for a bi-objective optimization problem, (a) convex, (b) 

concave, (c) concave and convex, and (d) disconnected [32]  
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Definition 4: Strongly dominated set 

    A solution 𝑥1 is said to strongly dominate another solution 𝑥2 with the mathematical 

representation of 𝑥1 ≺ 𝑥2, if solution 𝑥1 is strictly superior to solution 𝑥2 in all the objectives 

defined for the problem. In a set of solutions, the solutions that are not strongly dominated by any 

other solution are called Weakly non-dominated set.  

 

    The graphical representation of domination concept is provided in Figure 3.3. Comparing 

solutions 1 and 2, it is obvious that solution 1 strongly dominates solution 2 since it is better than 

solution 2 by considering both of the objective functions. Comparing solutions 1 and 5, they are the 

same with respect to the objective function 𝑓2 but solution 5 dominates solution 1 with respect to 

the objective function 𝑓1. In this case, solution 5 dominates solution 1 but it is not a strong 

domination. Comparing solutions 1 and 4, there is not a better solution because either of the 

solutions can be better than the other depending on the considered objective function.  

 

 

Figure 3.3: Graphical representation of dominance in a bi-objective problem 

Definition 5: Pareto ranking 

    Pareto ranking is defined as the rank of a solution in a set of solutions that dominate it. In this 

respect, if a solution dominates all other solutions, its Pareto rank is 0 and if a solution is dominated 

by all other solutions, its rank is 𝑛 − 1, where 𝑛 is the number of solutions in the set of solutions.  

 

    If the true Pareto front of a specific multi-objective problem is known, the non-dominated 

solutions determined by an optimizer for the problem and its comparison to the leading known 

Pareto-front (rank0) of the problem is the source of evaluating the performance of the optimizer. 

An optimizer may return a good diversity but the solutions may converge to a set that is away from 

the true Pareto-front. In contrast, the non-dominated set of solutions may be close to the optimal 

Pareto-front but the solutions are not well distributed in the whole domain of the objective space. 

A schematic representations of the mentioned cases is depicted in Figure 3.4.  
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Figure 3.4: Different cases of Pareto-fronts, (a): True Pareto-front of a bi-objective problem, 

(b): Well distributed solutions but bad convergence, (c): Good convergence but bad distribution, 

(d): Good convergence and distribution [33]  

3.2. Evolutionary Algorithms 

    Developments in the area of optimization algorithms have provided users with finding multiple-

solutions in one optimization run, which tackles the limitation of classical preference based multi-

objective approaches. Evolutionary Algorithms (EAs) with principals copied from the natural 

evolution is one category of the non-classical multi-objective algorithms that deal with a population 

of candidate solutions and can provide a number of trade-offs in each optimization run. Early 

application of EAs to a real problem of finding multiple solutions in a single run goes back to mid 

1980s, when David Schaffer developed a single objective genetic algorithm. Later in 1989, David 

E. Goldberg presented a multi-objective EA based on the domination concept, after which several 

multi-objective EAs were developed by means of concepts suggested by Goldberg [34].  

3.2.1: Genetic Algorithm 

    Genetic Algorithms (GAs) have been applied to different optimization problems in a variety of 

science and engineering disciplines. The main reason for their popularity is that they are easily 

applicable to a wide range of problems [34]. The way that GAs work is totally different from the 

classical direct or gradient based methods. As illustrated in Figure 3.5, the GA starts with a random 

set of solutions that are initialized and collected as the population. Each member of the population 
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is evaluated by means of calculating the objective functions and considering the constraints of the 

problem. According to the objective functions values for each candidate solution, a relative fitness 

rating is given to the solutions that defines how the solutions fit the objectives of the problem. If 

the assigned fitness values satisfy the objectives, optimization stops otherwise goes for creating a 

new generation through reproduction, crossover and mutation concepts, which are called the genetic 

operators and are explained in the proceeding sections.    

 

Figure 3.5: Flowchart for different steps of a GA [31] 

3.2.1.1. Reproduction 

    The role of the reproduction step in a GA is building and directing the search in the direction of 

the good solutions in the population and eliminating the bad solutions from the pool of candidates. 

The size of the population should be kept the same, which is done by adding good solutions to the 

pool as substitutions of the eliminated solutions. The most common method of doing the 

reproduction task is the tournament selection, where solutions compete with each other two by two 

and the winners survive to the next generation [34]. 

 

    There are some other approaches for selecting the fittest solutions in the reproduction step of 

GAs that work according to probability concepts. The main idea is that the probability of selecting 

the solutions for the next generation is linked to the fitness value of each solution. So, those 

solutions with better fitness values have more chance of survival to the next generation, while poor 

solutions are not likely to survive. This mechanism is carried out by implementation of roulette 

wheel selection. Each solution is assigned a selection probability according to its fitness value, 

where sum of the probabilities is one. Then 𝑁 random numbers in the range of [0:1] are generated, 

where 𝑁 is the size of population. It is clear that solutions with higher fitness values are more likely 

to be chosen. One problem of this approach is where the fitness values of the solutions are so close 

to each other or there is a solution with a fitness value much better than others. In this case, the next 

generation will be either the same as the previous generation or dominated by a single solution with 
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the best fitness value. To avoid this, a ranking is applied to each solution according to its fitness 

value and the roulette wheel selection approach is applied to the ranks of the solutions [31], [34].      

3.2.1.2. Crossover  

     The evolution of the new generation towards an optimum solution requires creation of new 

solutions. This is the objective of crossover in GAs. During crossover, two solutions are chosen to 

play the role of parents, whose structures are modified to create two new solutions. In case of 

binary form of solutions, a specific position in each string is chosen for the crossover action and 

the bits on the right side of the position are exchanged between the parents to create an offspring. 

The created solutions are not necessarily better than their parents, but since the parents passed 

through the reproduction filter, their offspring are better than randomly chosen solutions. In case 

of having a bad offspring, it will be eliminated in the next round of reproduction. To avoid the 

elimination of the good solutions of the reproduction step, all the solutions are not involved in the 

crossover operation, but a portion of the population goes through the crossover operation and the 

rest is directly copied to the new population.  

3.2.1.3. Mutation 

    Like the crossover operation, mutation is an important element in the GA and is intended to 

inject diversity into the population pool. During mutation, a random bit of a solution is altered 

from 1 to 0 or vice versa to create more diverse solutions in a population. Again, there is no 

guarantee that the new solutions are better than those before mutation but in case of having worse 

solutions, they can be eliminated in the next round of reproduction. In general, the main objective 

of reproduction-crossover-mutation chain is to eliminate the bad and keep the good solutions. It is 

worth highlighting the straightforwardness of the different steps of GAs and the ease of 

implementing them in computer programs [31].   

3.2.2. Particle Swarm Optimization  

    Particle Swarm Optimization (PSO), which was proposed by Kennedy J. and Eberhart R.C [35] 

is within the category of heuristic optimization methods that follow the cooperation and 

intelligence issues of swarms in the nature. It is a searching approach that benefits from particles 

with their fitness factors. The cooperative manner of the particles helps them finding the proper 

directions toward the global optimum in the search space. While the evolution of populations in 

GAs keeps track of searching phenomena, in PSO it is the responsibility of swarms to manage the 

searching phenomena in the solution space. The reason for the popularity of PSO in the field of 

EAs is its efficient searching tools in terms of covering the whole solution space and providing 

diverse solutions while having an acceptable convergence speed [33].   

 

    There is a distinct difference between PSO and other EA algorithms. While most of the EA 

algorithms work based on elimination of weak solutions through the optimization run and 

replacing them with better solutions, PSO works based on cooperative manner, in which the 

superior solutions affect other solutions and guide them toward optimums. The result of such an 

approach is better diversity and more stable convergence towards the Pareto optimal front 

compared to other EA approaches [33]. 
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3.2.2.1. Working Principal of PSO 

    One interesting feature of PSO is its collaborative aspect of imitating social behaviours of group 

of animals in approaching their goals i.e. finding food, avoiding predators etc. The original 

developers of PSO, Kennedy J. and Eberhart R.C belonged to two distinct disciplines of science. 

The authors are a social psychologist and an electrical engineer, which highlights the perfect 

combination of social behaviour and engineering aspects of PSO and the fact that PSO benefits 

from both of the fields as well as serving the both.  

 

    PSO is generally linked to artificial life (A-life) and more particularly to bird flocking, fish 

schooling and swarm theory. Some efforts have been made by a number of scientists to simulate 

the behaviour of bird flocks and fish schools. The most outstanding works have been done by 

Reynolds and Grenander, both of whom studied the distances between the individuals in a bird 

flock and concluded that there is a tendency for birds to keep an optimum distance between 

themselves and other individuals in the flock. According to the statement of a sociobiologist E. O. 

Wilson for fish schooling, “In theory at least, individual members of the school can profit from 

the discoveries and previous experience of all other members of the school during the search for 

food. This advantage can become decisive, outweighing the disadvantages of competition for food 

items, whenever the resource is unpredictably distributed in patches”. This statement indicates 

that the social cooperative manner in a group of animals has an evolutionary benefit, which was 

the foundation of developing particle swarm optimization [35].  

 

    The simple elaboration of working principle of PSO is presented in the paper by Kennedy J. and 

Eberhart R.C [35]. First, the random position and velocities are assigned to the particles in a swarm 

and the velocities are updated to enable the swarm to search the whole search space. Each particle 

knows the best solution it found and the associated position of the solution in the search space and 

shares it with other members in the swarm. The term “swarm” comes form the fact that the 

behaviour of the flock is more like a swarm rather than a flock. The authors applied the principals 

of a model in artificial life developed by Millonas [36] with five fundamental feature of swarm 

intelligence. The first principle is called proximity and says that the particles in a swarm should be 

able to do simple tasks of space and time computations. The second principle deals with the quality 

issues of the swarm in terms of being able to respond to their surrounding environment. The third 

principle is diverse response, which means that the particles should not confine themselves in a 

limited range of activities. The forth principal is the stability of the population in sense of not 

changing their behavioural modes in response to environmental changes and the fifth principal that 

is somehow in contrary to the forth one is adaptability, which requires the population to change 

their behaviour when it is worth doing so [35]. 

 

    The mathematical representation of PSO is well presented by Margarita Reyes-Sierra and Carlos 

A. Coello Coello in [37]. Before going into the further details, some terms of the PSO should be 

clearly defined. Table 3.1 summarizes the definition of technical terms that are commonly used in 

PSO context.  

 

 

 

 

 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

42 
 

Table 3.1: PSO technical terms and their definitions [37] 

Technical term Definition 

Swarm The whole population involved in the algorithm 

Particle 

Any individuals of the swarm. Particles represent the candidate solutions 

in the search space. The position of each particle is identical to the solution 

currently associated with it.  

pbest  

(Personal best) 

The best situation of each individual so far in the optimization run. This is 

determined by the best fitness value the particle ever adopted.  

lbest 

(Local best) 

The position of the best particle in a collection of particles that the particle 

under focus belongs to.  

gbest 

(Global best) 
The position of the best particle in the entire swarm 

Leader 
A Particle that is superior to other particles in sense of finding the optimum 

of the problem and guides other particles towards the optimums.  

Velocity vector 

This vector is the driver of the PSO algorithm and determines the velocities 

of the particles in order for them to improve their position in the search 

space.  

Inertia weight 
Normally denoted by 𝑊 and determines the effect of the previous velocities 

of the particles on their current velocities.  

Learning factor 

There are two different learning factors. The cognitive learning factor 

denoted by 𝐶1that deals with the effects of self-learning of particles in their 

success. The social learning factor denoted 𝐶2 that shows the effect of the 

knowledge gained from other particles in their success.  

Neighborhood 

topology 

This topology defines a collection of particles that are taken into account 

for calculation of lbest for a specific particle.  

 

    As already mentioned, the position of particles in a swarm is modified based on their own 

experience and the information received from their neighbors. In mathematical representation, the 

position of a particular particle 𝑝𝑖 at time step 𝑡 is modified by introducing a velocity vector �⃗�𝑖(𝑡) 
to its  current position: 

�⃗�𝑖(𝑡) = �⃗�𝑖(𝑡 − 1) + �⃗�𝑖(𝑡)                                                                                                             (3.2)  

    The velocity vector, which contains the inertial effects, self-learning information and the 

socially exchanged information is defined as: 

�⃗�𝑖(𝑡) = 𝑊�⃗�𝑖(𝑡 − 1) + 𝐶1𝑟1(�⃗�𝑝𝑏𝑒𝑠𝑡𝑖 − �⃗�𝑖(𝑡)) + 𝐶2𝑟2(�⃗�𝑙𝑒𝑎𝑑𝑒𝑟 − �⃗�𝑖(𝑡))                                      (3.3) 

where 𝑊, 𝐶1 and 𝐶2 are the inertia weight, cognitive learning factor and social learning factor 

respectively (see Table 3.1) and  𝑟1 and 𝑟2 are random values in the range of [0,1]. Particles in a 

swarm are not necessarily affected by their surrounding neighbors but the affecting criteria is 

according to the neighborhood topology that determines the social interactions of particles. There 

are a variety of topologies for the particles and the most common types are summarised in Table 

3.2, where each circle represents a particle.  
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Table 3.2: : Common neighborhood topologies in PSO [37] 

Topology Definition Schematic structure 

Empty 

graph 

In this topology, particles are not connected to their 

neighbors and any particle learns only from its own 

best position (pbest), which means its social learning 

factor is 0.  
 

Local 

best 

In this topology, any particle is connected to its 

closest 𝑘 particles, which means that both of the 

cognitive and social learning factors work here. 

When 𝑘 = 2, this topology is converted to a ring 

topology. In this case, the leader is the local best 

position (lbest).  

Fully 

connected 

graph 

This topology links together all the particles in a 

swarm to one another, where it is possible to lead the 

swarm by the global best position (gbest). The 

cognitive learning factor affects the particles as well. 

This kind of layout is also called star topology in the 

PSO literature 
 

Star 

network 

In this topology, one particle that is called the focal 

particle leads the rest of the particles by information 

received from them. Other particles are not 

connected to each other and the only communication 

is via the focal particle. The focal particle adjusts its 

position to the best particle in the swarm and pushes 

other particles to this position as well.   

Tree 

network 

In this topology, particles form a tree-shape 

structure, where a number of particles are stemmed 

out from their parent. If a child particle finds a 

position better than the parents, they are exchanged 

in the tree.  Leader in this topology is the parent with 

the best position.  

 

    
    It is worth noting that the type of the topology affects the convergence criteria of PSO because 

it affects the time that particles need to get the information of good and bad regions in the search 

space. For example, in case of the fully connected topology, the shared information of the whole 

swarm accelerates the convergence comparing to local best topology, where it takes more time to 

find and transfer the best position in the swarm.  

 

    For a single objective PSO, the step by step procedure is as follow: in the first step, the position 

and speeds of the particles are initialized. Then the best position of each particle is initialized and 

the leader(s) are determined depending on the type of neighboring topology. Then through a 

number of iterations, particles fly in the search space in order to update their position, using which 

the local best positions and the leader(s) can be updated as well by means of Equations (3.2) and 

(3.3). Figure 3.6 shows the pseudo code for a single objective PSO.  
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Figure 3.6: Pseudo code for a single objective PSO [38] 

3.2.2.2. Multi-Objective Particle Swarm Optimization (MOPSO) 

    Since in a Multi-Objective Optimization Problem (MOOP) the target is finding multiple 

solutions instead of one single solution, the PSO approach presented in previous section, where 

only one solution i.e. gbest was reported at the end of each iteration, should be modified. The main 

goals of solving a MOOP is to maximize the number of elements of the Pareto optimal set, keeping 

the Pareto front found by the optimizer as close as possible to the true Pareto front and having 

acceptable distribution of solutions in the Pareto front. The need for finding multiple solutions in 

a single run for MOOP requires the following issues to be considered in order for a PSO to work 

appropriately: First, how to determine the non-dominated particles (leaders) to be superior to the 

dominated particles. The second issue is how to keep track of the found non-dominated solutions 

and retaining them when the particles update themselves while flying in the search space. Finally, 

how to maintain a diverse distribution of particles in the swarm for preventing the optimizer from 

converging to a single solution [37].   

 

    In case of single objective PSO, there was only a single leader in each neighborhood topology. 

However, in case of MOPSO, there are several leaders corresponding to multiple objectives in 

each neighborhood topology, among which only one leader can be chosen for updating the 

particles. The selected leaders are stored in a separate place called external archive, which are 

reported as output of the optimizer at the end of optimization process. The step by step process of 

a MOPSO is depicted in Figure 3.7. Comparing to Figure 3.6, there are the following differences 

that are missing in a single objective PSO:  

 

- Line 2, where the external archive is initialized by means of non-dominated particles from 

the swarm.   

- Line 3, where a single leader should be selected for updating the particles.  

- In the main loop of the optimizer, a leader is first selected in line 7 then the particles are 

updated using Equations (3.2) and (3.3).  

- Line 9, where a mutation operator is applied to keep diversity in the solutions. 

- Line 13, where the leaders are updated after each iteration 
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- Line 14, where line 3 is repeated for the updated external archive to determine the quality 

of leaders. 

- The final step, where a collection of solutions is returned instead of a single solution.    

  

 

Figure 3.7: Pseudo code for a multi-objective PSO [38] 

    The step by step procedure of a MOPSO generally depicts how to select a leader out of multiple 

leaders, how to update the external archive iteration by iteration and how to keep balance between 

the two main operators (position update and mutation) to create new solutions.  

3.2.3. Adaptive Parallel Clustering-based Multi-Objective Particle Swarm 

Optimization (APC-MOPSO)   

    In this section a novel Adaptive Parallel Clustering-based Multi-Objective Particle Swarm 

Optimization (APC-MOPSO), which was developed by Dhafar Al-Ani in CMHT is presented and 

compared to other MOPSOs and Multi-Objective Evolutionary Algorithms (MOEAs). The APC-

MOPSO combines a variety of features in the context of PSO including Pareto-dominance, an 

adaptive approach of updating the optimizer’s parameters, a modified clustering technique, a novel 

method of parallel implementation, an adaptive mutation operation and a variable size of the 

external archive [33]. 

 

    The first difference between APC-MOPSO and the conventional MOPSO is the approach of 

updating the particles position. In addition to the cognitive and social learning factors, there are 

other sources of information for particles including those from the neighbors of a particle that is 

called lbest and is somewhere between the pbest and gbest in terms of guiding a particle to a better 

position. This approach helps particles avoid the local optimum traps in the search space. APC-

MOPSO also applies two new coefficients 𝐶𝑝 and 𝐶𝑣 to the particles position update equation, 
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which improves the optimizer’s ability in exploring new global optimum area [33]. So, Equations 

(3.2) and (3.3) will by modified as:  

 

�⃗�𝑖(𝑡) = 𝐶𝑝 × �⃗�𝑖(𝑡 − 1) + 𝐶𝑣 × (�⃗�𝑖(𝑡 − 1) + �⃗�𝑖(𝑡))   (3.4)  
 

where 𝐶𝑝 + 𝐶𝑣 ≤ 1  ∀𝑖 ∈ [1,2, … ,𝑀𝑎𝑥𝐼𝑡𝑒𝑟] and            

                            

�⃗�𝑖(𝑡) = 𝑊�⃗�𝑖(𝑡 − 1) + 𝐶1𝑟1 (�⃗�𝑝𝑏𝑒𝑠𝑡𝑖 − �⃗�𝑖(𝑡)) 

                                       +𝐶2𝑟2(�⃗�𝑙𝑒𝑎𝑑𝑒𝑟 − �⃗�𝑖(𝑡)) 

                                       +𝐶3𝑟3(�⃗�𝑙𝑏𝑒𝑠𝑡𝑖 − �⃗�𝑖(𝑡))                                                                                   (3.5) 

 

     The coefficient introduced to the position and velocity update equations, i.e. 𝐶1, 𝐶2, 𝐶3, 𝐶𝑝 and 

𝐶𝑣 are not constant during the optimization run and are adaptively updated in APC-MOPSO. 

Moreover, the mutation operation uses an adaptive scheme, which considers particle’s position 

and velocity. Details of adaptation strategies for the coefficients and the mutation operation are 

provided in [33].   

 

    The other feature of APC-MOPSO is the way that it manages the size of the external archive. 

In most of MOPSO algorithms, the size of the external archive is fixed. However, the adaptive 

sizing of external archive in APC-MOPSO allows it to have a better flexibility in keeping the non-

dominated solutions in the external archive. According to the number of non-dominated solutions 

found in each iteration, the size of the external archive is adaptively adjusted in the range of a 

minimum and maximum limit, which are linked to the population size of the optimization problem 

[33]. 

 

    As already mentioned, selecting the leaders from the non-dominated solutions is an issue of 

MOPSO algorithms, where a number of non-dominated solutions are found in each iteration. This 

issue is the source of a challenge of solving MOOPs i.e. keeping diversity in the optimal Pareto-

front for an optimization problem. A clustering scheme is applied to the external archive in APC-

MOPSO to address the aforementioned issues of MOOPs. Clustering is a technique that can divide 

data objects into groups based on information found in the data that describes the objects and their 

relationships, which can be used in many applications. In the proposed clustering scheme, the 

external archive with 𝑛 members is partitioned into 𝑘 clusters where (𝑘 < 𝑛). Then a circle is 

drawn with its center coinciding the center of each cluster and the solutions inside the circles are 

eliminated from the cluster, hence removed form the external archive as well. The schematic of 

working principal of the proposed clustering technique is shown in Figure 3.8, where some of the 

non-dominated solutions are eliminated form the external archive to provide their spots to the new 

solutions [33]. 
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Figure 3.8: Modified K-Means clustering technique proposed by APC-MOPSO for the bi-

objective problem [33] 

    To compare the performance of APC-MOPSO with other MOPSOs and MOEAs, it is applied to 

some of the benchmark problems with known optimal Pareto-fronts and the results are compared. 

Results have shown that the proposed APC-MOPSO is performing better than the other popular 

optimizers like Non-Dominated Sorting Genetic Algorithms (NSGA) and MOPSO. The main 

measures for the performance comparison were closeness of the found Pareto-front to the true 

Pareto-front of the problem and the diversity of the solutions in the Pareto-front found by the 

optimizer. A comprehensive comparison of APC-MOPSO with all the details of the benchmark 

problems as well as the definitions of the comparing parameters and the graphical representations 

are provided in [33].  

 

    According to the provided review of the multi-objective optimizers and the nature of the 

objectives in calibration process of an ICE, the GA and PSO optimizations algorithms will be used 

in this thesis with the aid of the engine models built by the MATLAB Model Based Calibration 

Toolbox and their results will be compared to each other for the case of ignition timing optimization 

for the Ford coyote engine. To provide a technical overview of the optimization process in an SI 

engine, the following sections of this chapter cover the optimization procedures for the two main 

functions of SI engines, i.e. injection and ignition. The chapter will conclude by reviewing the 

application of multi-objective optimization techniques to ICEs.   

3.3. Optimization of SI Engines 

    Injection and ignition systems play important roles in the engine management system in terms of 

meeting the performance, emission and fuel consumption objectives. Not only the hardware design 

but also their control strategies are of much significance. The evolution of the gasoline engine 

injection system from carburation to PFI and then to GDI was a revolutionary improvement in the 

hardware design. While PFI systems suffer from the intake runner wall film issues, the GDI systems 

have addressed this issue and can provide the control system with more degrees of freedom, which 
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is multiple injection pulses in a single engine cycle. The ignition system of SI engines has 

progressively experienced great improvements through out their history. The simple mechanically 

distribution of the ignitions between the cylinders is replaced by advanced electronic ignition 

systems. The following sections of this chapter are dedicated to the engine optimization literature 

review with focus on injection and ignition functions in SI engines.    

 

    Since the injection system in gasoline engines follows the disturbances caused by the air path, a 

more accurate air mass estimation can be a contribution to fuel injection improvement. On the fuel 

path, the preciseness of the injected fuel and the accuracy of the trapped fuel mass in the combustion 

chamber promotes the accuracy of the AFR control, which is a key factor for the TWC efficiency. 

Fuel injection optimization is a twofold issue on the fuel path side i.e. the amount of the injected 

fuel and the timing of the injection. The amount of the fuel to be injected is a matter of combustion 

efficiency, catalyst efficiency, emission formation and performance of the engine. The combination 

of these factors determine the feedforward map of the AFR, which is stored in the fueling map of 

the ECU and is implemented to the injection system according to the engine operating points. The 

timing of the injection however, does not affect the amount of the fuel but controls the phasing of 

the injection pulse i.e. which part of the engine cycle is the best place for injection. This control 

action is limited in the PFI engines because the injection should happen before the IVO event in 

order for the air and fuel to be mixed appropriately for the homogeneous premixed combustion. In 

GDI systems however, there is an extra degree of freedom for injection control, which enables the 

control system to inject the fuel whenever in the engine cycle even late in compression and power 

strokes. Injection in compression stroke normally happens in the lean burn gasoline engines, which 

use the stratified combustion of air and gasoline in order to reduce the fuel consumption in part load 

operation. Injection in the power stroke is useful for catalyst heating during warm up phase of the 

engine after a cold start.   

 

    For the homogeneous combustion GDI engines, the injection mainly happens during the intake 

stroke to allow the air and fuel to mix appropriately. Incorrect timing of the injection in such engines 

may deteriorate the performance of the engine due to poor mixing of air and fuel. The effect of the 

improper injection timing on the emission is so critical in sense of fuel film formation on the 

combustion chamber surfaces. Any liquid fuel inside the combustion chamber promotes the 

occurrence of diffusion combustion, which produces a high level of soot and increases the 

Particulate Matter (PM) emission. This type of emission is the cause of smog in megacities and is 

under control in newly effective emission legislations worldwide. The PFI gasoline engines were 

not blamed for this type of emission because of the premixed combustion. However, in GDI engines 

this kind of emission should be taken into account due to partial diffusion combustion of the liquid 

fuels on the combustion chamber surfaces [39]. Hence, the fuel injection optimization is of much 

interest because of its several degrees of freedom, in terms of control actions and ability in meeting 

the multiple objectives of engine performance and emission.  

3.3.1. Fuel Injection Optimization by Improving Air and Fuel Mass Estimation 

    The feedforward loop of the fuel injection system, which determines the injection pulse duration 

according to the estimated air mass per stroke, is the core of injection optimization in sense of air 

mass estimation. This loop is very important especially under transient and cold start conditions, 

where the TWC is not heated up and the EGO sensor signal in not available due to its low 

temperature.  
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    J.W. Grizzle et. al. [40] developed a nonlinear air mass estimator to improve the AFR control 

in transient modes of an 8-cylinder gasoline engine. They included the dynamics of the MAF 

sensor in their estimator and validated the results on an engine dynamometer. The air path of the 

engine was modeled by the mean value physical model, which follows the mass conservation in 

the intake manifold. The air mass flow to the manifold is determined by the MAF sensor and the 

air mass to the cylinders is determined by a polynomial function of engine speed and intake 

manifold pressure. This estimator is the simple case of using the inverse model of the engine air 

path for the injection optimization. This approach showed an improvement in AFR control during 

tip-in and tip-out operation of the engine and resulted in 10% of HC emission reduction on Federal 

Test Procedure (FTP).  

 

    Despite the ability of the inverse model feedforward control in improving AFR control, its 

effectiveness is linked to the intake manifold model accuracy. An alternative method of developing 

a feedforward AFR control is using the mass air flow through the throttle and tracking the 

dynamics of the air flow from the throttle to the engine cylinder during engine transients. Stephen 

Pace and Guoming G. Zhu [41] developed a Linear Quadratic (LQ) tracking approach for transient 

AFR control of gasoline engines. A control oriented model including the wall wetting dynamics 

of the injected fuel and the dynamics of the throttling action as well as the manifold filling and 

transport delays was considered in their research. All the dynamics were modeled by engine mean 

value models. The air path dynamics was considered according to the previously described mass 

conservation of the intake manifold. The PFI injection system was modeled by the Aquino’s 

model, integrated with a time delay associated with the fuel injectors. The fuel path included two 

states: the injected fuel that directly enters the cylinder and the fuel vapour from the fuel film that 

enters the cylinder. By knowing these two states, it was possible to calculate the total amount of 

fuel that enters the cylinders. The LQ controller was designed to minimise the error between the 

estimated and target lambda in transient mode. This controller needed an access to the state of the 

system, which was provided by a Luenberger observer that used the air mass flow through throttle 

as the input signal. The schematic structure of the LQ controller and the comparison of the 

developed linear quadratic method with the inverse dynamic models are indicated in Figure 3.9 

and Figure 3.10 respectively. Referring to Figure 3.10, while the maximum AFR error during a 

tip-in was around 10% for an inverse model controller, the linear quadratic controller reduced it to 

7.8%. These values for tip-out condition are about 6% and 3% [41]. 

 

 

Figure 3.9: Schematic of AFR control by LQ tracking approach [41] 
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Figure 3.10: Comparison of LQ and inverse dynamic control methods in AFR control [41] 

    There are several research studies in the literature that applied linearized mean value engine 

models and the classical control methods for AFR control. However, since these models are 

oversimplified, the nonlinear engine dynamic cannot be modeled accurately. So, there is another 

generation of AFR controller that uses control techniques such as adaptive and robust control. 

Dmitry N. Gerasimov et. al. [42] proposed an adaptive feedforward AFR controller for spark 

ignition engines. The foundation of their approach was the engine inverse model, which was 

modified by an adaptation technique in order to improve the accuracy of the model. Two distinct 

approaches were applied in terms of the inverse model development. In the first one, the empirical 

model of the engine was developed and identified in an online mode and then inverted for the 

controller design. The second approach builds the inverse model of the engine and then goes 

through the identification process. In both cases, a feedforward controller with online tunable 

parameters according to the least square algorithm were developed to compensate the 

nonlinearities of the engine and delay of EGO sensor. Both of the direct and inverse models used 

the physical laws of air and fuel mass conservations for the air and fuel mass estimation. As 

indicated in Figure 3.11, the AFR adaptive controller includes the tuneable feedforward controller, 

the adjustable engine model, the adaptation algorithm, the initial PI controller and the switch. The 

initial PI controller provides suitable initial conditions for the adaptation algorithm and then is 

substituted by the feedforward controller. The simulation results of the proposed adaptive 

controller are depicted in Figure 3.12, where the performance of the case with the inverse model 

(left) is better than the performance of the case with the direct model (right). The maximum errors 

of the AFR from the target value are 5% and 15% respectively for the mentioned cases [42].   

    

 

Figure 3.11: Schematic of adaptive feedforward AFR controller for inverse and direct models 

[42] 
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Figure 3.12: Performance of the adaptive feedforward AFR controller for inverse and direct 

models [42] 

3.3.2. Fuel Injection Optimization by Feedback AFR Control 

    The function of the feedback loop in AFR control is correction of the feedforward loop action. 

The error in the feedforward loop comes from the model inaccuracy and disturbances to the system, 

which can be compensated by the feedback loop specially in steady state condition. Apart from 

the conventional PI controller, there are other control techniques for the feedback loop, for which 

the Sliding Mode Control (SMC) and adaptive control approaches are the most common ones and 

are reviewed in this section.  

3.3.2.1. Sliding Mode Control of AFR 

     SMC is proved to be an efficient tool for design of robust controllers for non-linear systems with 

model uncertainties. Internal combustion engines are one of those complex systems with such non-

linear and uncertain operating conditions. The role of the sliding mode is to observe the required 

parameters to evaluate AFR in an engine. The required parameters to be estimated are the air mass 

trapped in the cylinder and the amount of fuel entering the cylinder. The former is a function of the 

intake manifold pressure and the latter follows the fuel film dynamics in the ports. As it is so hard 

to have an accurate measurement of the air mass flow rate during transient modes, the sliding mode 

observers can help estimate the air mass flow rate in such conditions. In case of using a binary type 

oxygen sensor, estimation of fuel film and air mass flow can be done by an observer with binary 

measurement [43], [13]. 

    Nonlinear sliding mode fuel-injection controller was presented by Chao and Hedrick in [44]. 

Their controller was based on a mathematical engine model and was robust to model uncertainties 

and rapid throttle variations. For analysis and evaluation purposes, a two-state continuous time 

domain engine model was developed including inherent nonlinearities and considering the mass of 

air inside the intake manifold and engine speed as states. Oxygen sensor was the only measurement 

device in the article and was modeled to give binary voltage output and the system was analyzed 

based on the EGO signal with and without delay. For controller design, the sliding surface was 

defined and then a specific control law was found to make the system converge to the sliding 
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surface. The performance of the controller was evaluated, showing that the sliding mode controller 

can guarantee the defined objectives in presence of nonlinearities and uncertainties. However, the 

time delay in measurements of the EGO sensor deteriorated the robustness of the system and 

chattering magnitude increased considerably by longer time delays. 

    Shiwei Wang and D. L. Yu [45] proposed a second order sliding mode controller for AFR 

feedback control. The mathematical model of the engine followed the principals of mean value 

engine models for the air and fuel paths. The proposed second order SMC pushes the states of the 

system to the designed sliding surface by a continuous control signal rather than a discontinuous 

signal, which is the nature of the normal second order SMC schemes. The continuous control action 

was calculated by integration of a discontinuous control law, which was designed to stabilise the 

system. Consequently, the chattering effect in the second order SMC was reduced significantly. 

Comparison of the performance of the proposed SMC to the conventional SMC is presented in 

Figure 3.13, which shows the superior performance of the second order SMC.  

 

 

Figure 3.13: Comparison of the performances of 1st and 2nd order SMCs in AFR control [45] 

3.3.2.2. Adaptive AFR Control 

    Adaptive control is a promising way of AFR control since it can reject disturbances to the plant 

including inaccuracy in air charge estimation and fuel wall wetting dynamics. There are several 

conventional adaptive controllers applied to AFR control. These include the gain scheduling 

controllers, which adapt the controller gains according to the parameter changes of the plant. Least 

square methods and Kalman filters are also applied to the AFR control problems for online 

estimation of plant parameters. Further to the mentioned methods, there is an approach called 

Adaptive Posicast Controller (APC), which is an adaptive controller for time delay systems and 

parametric uncertainties. This approach is based on direct adaptation where an online parameter 
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adaptation is not used [9]. The APC can be described as an adaptive controller that combines explicit 

delay compensation, using the classical Smith Predictor and finite spectrum assignment and 

adaptation. As depicted in Figure 3.14, the APC controller improves the deviation of lambda value 

from the unit window during engine transients. There are also some adaptive control laws that 

consider the adaptations to compensate the uncertainties of the time constant of the plant. Such 

adaptation laws operate based on the difference between the reference model and the plant input, 

which is assumed to be due to the uncertainty of the plant time constant. The controller, which is a 

PI regulator and the Smith predictor are updated online with the same adaptation law [46].  

 

Figure 3.14: Performance of the APC in controlling AFR during vehicle acceleration [46] 

    Jason S. Souder and J. Karl Hedrick used adaptive control in combination with SMC to regulate 

the AFR for a gasoline engine [47]. An adaptive update law in this case opens the door to actually 

reduce the gains in the sliding mode controller which improves the tracking performance of sliding 

mode controller in presence of feedback time delays. The developed model was an extended version 

of the model used in [44]. Powertrain model included driver inputs, sensors and actuators, and 

engine. The first part of the nonlinear controller design was concerned with sliding surface 

definition. Later, the control law was designed such that the sliding surface becomes globally 

asymptotically stable. Adaptation of variables was considered as the main part of the adaptive 

control design. Results of the proposed controller showed considerable dependency on time delay 

and sample rate of the oxygen sensor in simulations. For instance, increasing time delay from 𝑡 =
0.001 𝑠𝑒𝑐 to 𝑡 = 0.01 𝑠𝑒𝑐 significantly degraded the performance of the controller in tracking and 

increased fluctuations in the final AFR. Adaptive sliding mode control was more robust in dealing 

with errors and uncertainties in comparison with non-adaptive sliding mode controller which fails 

to track the sliding surface when there is a time delay in EGO sensor simulation. The two major 

drawbacks of the non-adaptive sliding mode controllers i.e.  the EGO sensor time delays and the 

model uncertainties, were improved by adding parameter adaptation to the SMC in [47]. 

    R. Muske et.al. [48] proposed another linear state-space adaptive controller based on analytical 

model-predictive approach and using the Kalman Filter to estimate model parameters. Model 
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dynamic response was analyzed for step inputs at various operating conditions of a 2-liter 4-cylinder 

Ford engine as a case study and authenticity of model is verified. A model-predictive controller was 

designed considering a Multiple Input Single Output (MISO) algorithm and the Kalman Filter was 

used for estimating the system states at each time step considering that the Kalman Filter’s 

dynamics would influence the performance and even stability of the controller. In the controller 

design section, as another source of model error, the controller was dealing with fractional time 

delays. This issue can be partially solved by decreasing sample period. On the other hand, the 

controller showed good performance to servo response at various operating points for the engine. 

However, considerable control performance degradation was obvious in presence of measurement 

delays. The major advantage of the introduced technique over the Proportional Integral Derivative 

(PID) controller was its less tunable parameters, which reduces work load and computation time. 

3.3.3. Multi-Objective Optimization of Fuel Injection  

    The engine management as a mechatronic system is designed to meet several objectives through 

the comprehensive interaction of its hardware, software and intelligent control algorithms. 

According to the requirements of legislations and customer needs, the main objectives of the 

engine management systems are fuel economy, emission and performance. As indicated in the 

introductory part of this thesis, all of these objectives are dependent on the injection system, which 

highlights the importance of the optimization of the injection system as a multi-objective problem. 

With the newly effective emission standards, the importance of the injection system optimization 

has become more important than ever, which pushes the automotive manufactures to improve their 

ICEs in terms of injection system hardware and calibration optimization. The emissions of HC, 

CO, NOx and PM do not have the same reaction to the engine control parameters and require a 

trade-off as part of the emission optimization process. One aspect of this phenomenon is the rate 

of emission formation with respect to the AFR and the other aspect is the dependency of the 

emissions on the air and fuel mixing process, which has a considerable impact on the PM emission 

[49].  

    The numerous contributing control parameters and the contradicting nature of the EMS 

objectives make the optimization process to be a challenging task. Hence, the conventional 

calibration process is substituted with the model based method, which uses the engine model as 

the representative of the plant behaviour and the optimization algorithms as the tools for finding 

the best compromise of the tuning parameters. Since the behaviour of the engine cannot be 

expressed by mathematical differentiable equations, the optimization algorithms are mostly the 

evolutionary types like GA or PSO. This class of optimization tools are well-accepted because 

they proved their flexibility in problem  formulation and their potential for finding the global 

optimum [50].  

 

    As illustrated in Figure 3.15, worldwide regulations on CO2 emission are getting more and more 

stringent. This requirement targets fuel consumption issues of passenger cars beside the hazardous 

emission limits and the costumer requirement issues like performance and driveability. These 

requirements highlight the significance of multi-objective optimization of internal combustion 

engines.    



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

55 
 

 

Figure 3.15: Worldwide CO2 emission legislation [51] 

    José D. Martinez-Morales et. al. [52] applied the MOPSO algorithm and an NSGA-II to the 

optimization problem of a spark ignition engine. The objectives of their research were reduction 

of CO, HC and NOx emissions. To model the engine behaviour in terms of emissions, engine tests 

with six engine parameters as inputs were conducted in 60 operating points (40 points for model 

training and 20 points for model validation) and the Artificial Neural Networks (ANN) was used 

to model the exhaust emissions. The objective functions were defined as: 

𝑓(𝑥)𝑖 = 𝑒𝑥𝑝 [
𝑒(𝑥)𝑖−𝑀𝐸𝑖

𝑀𝐸𝑖
] , 𝑖 = 1, 2, 3                                                                                              (3.6) 

where 𝑒(𝑥)𝑖 is the 𝑖𝑡ℎ emission for the operating parameter 𝑥 and 𝑀𝐸𝑖 is the maximum value 

associated to the 𝑖𝑡ℎ emission. The outputs of the built model were used for evaluation of the 

objective functions by means of NSGA-II and MOPSO algorithms and a Pareto solution was 

chosen according to the best emission reduction as indicated in Figure 3.16. Considering the 

dramatic emission reduction of 9.84%, 82.44% and 13.78% for CO, HC and NOx, the critics to 

this research is that by improving the emission objectives, the performance objectives like engine 

torque and power are likely to deteriorate. So, including the status of the performance objectives 

as well as providing the experimental validation of the emission results would strengthen the 

results of their research.  

 

Figure 3.16: Pareto front solutions for CO, HC and NOx objective functions (a): CO vs. HC, (b): 

HC vs. NOx and (c): CO vs. NOx [52] 
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    M. H. Shojaeefard et. al. [53] used artificial neural networks and the evolutionary optimization 

algorithms for modeling and optimization of performance and emission of a heavy duty diesel 

engine. The operating points of the engine for conducting the tests were defined by engine speeds 

and loads. The injection timing was the only control parameter in their research. The objectives 

were the engine power, cylinder peak pressure, fuel consumption and the emissions of HC, CO, 

NOx and PM. The NSGA-II was applied to obtain the best performance of the engine in terms of 

engine power and emissions. The back propagation learning algorithm was used in the ANN, 

where 40 sets of the experimental data were used for the network training and 8 sets of data were 

applied to testing and validation of the trained network. The best working condition of the engine 

for the stationary application was determined to be the speed of 1943 rpm, the power of 50 

horsepower and the injection timing of about 8 crank angle Before Top Dead Centre (BTDC), 

which produced 143 units of overall emission. The overall emission was defined as the summation 

of the partial emission with respects to their maximum values in each engine operating point and 

the range of injection timing sweep. 

    Richard F. Turkson et. al. [50] conducted a research on an SI engine which used Liquefied 

Petroleum Gas (LPG) fuel. The objective of their research was the multi-objective optimization of 

HC emissions and the Break Mean Effective Pressure (BMEP), which is a measure of engine 

performance. The control parameters of the engine were the length of the intake manifold and the 

AFR. For engine modeling task, Group Method of Data Handling (GMDH) polynomial neural 

networks were applied, where 2000 data sets were used for the model training. The GMDH 

modeling technique was introduced by the Russian mathematician A.G. Ivakhnenko in 1966.  It 

builds a self-organizing model in form of very high order polynomial in the input variables and is 

able to predict behaviours of complex systems. The relationship between inputs and outputs are 

expressed as high order polynomials with the following form: 

𝑦 = 𝑎0 + ∑ 𝑎𝑖𝑥𝑖
𝑛
𝑖=1 + ∑ ∑ 𝑎𝑖𝑗𝑥𝑖𝑥𝑗

𝑛
𝑗=1

𝑛
𝑖=1 + ∑ ∑ ∑ 𝑎𝑖𝑗𝑘𝑥𝑖𝑥𝑗𝑥𝑘

𝑛
𝑘=1

𝑛
𝑗=1

𝑛
𝑖=1 +⋯                              (3.7) 

that relates 𝑛 inputs (𝑥1,  𝑥2,  𝑥3, … , 𝑥𝑛) to a single output 𝑦. Equation (3.7) seems to be a high 

order regression polynomial but the way that this polynomial is constructed is different from the 

standard regression methods. In fact, the procedure of constructing the Ivakhnenko polynomial 

(Equation (3.7)) resembles the way that nature evolves by natural selection. For each (𝑥𝑖, 𝑥𝑗) set 

of input variables, a least square polynomial can be built as shown in Equation (3.8). 

�̂� = 𝑎0 + 𝑎1𝑥𝑖 + 𝑎2𝑥𝑗 + 𝑎3𝑥𝑖𝑥𝑗 + 𝑎4𝑥𝑖
2 + 𝑎5𝑥𝑗

2                                                                         (3.8) 

    For the GMDH trained neural network, the coefficients in Equation (3.8) were determined in 

order to minimise the error between the actual output and the estimated output for each pair of 

(𝑥𝑖, 𝑥𝑗). This procedure is repeated (
𝑛
2
) = 𝑛(𝑛 − 1)/2 times and each time a normal system of 

order 6 should be solved to determine the coefficients. Then the 𝑛(𝑛 − 1)/2 polynomials are 

checked by observations and an array of new variables is constructed, which has 𝑛(𝑛 − 1)/2 

columns and each column  includes the observations done by the polynomial presented in Equation 

(3.8). The second step of the GMDH is replacing the columns of X (the old variables) with some 

columns of the new constructed array. This replacement is done according the prediction capability 

of the observed vector Y by the least square polynomials (Equation (3.8)). The main goal of 

GMDH technique is modeling a system with a polynomial with optimal complexity at lower 

computational cost than the standard regression polynomial method.  



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

57 
 

 The data sets were generated by a validated GT-Power model of the engine under study. The 

NSGA-II algorithm was applied to the optimization part of this research, which provided the Pareto 

fronts and the corresponding control variables shown in Figure 3.17. 

 

Figure 3.17: Pareto optimal solutions and their corresponding engine input variables for an SI 

engine multi-objective optimization [50] 

    The analysis of the Pareto optimal solutions in Figure 3.17 indicates that the improvement of 

the BMEP can be done only with the cost of emission degradation, which shows the contradicting 

nature of the objectives. According to the scatter plot of the control variables, the fuel to air ratio 

variable has almost the same value of around 0.083 in the Pareto front, which means that for 

choosing an optimal solution, the fuel to air ratio can be fixed to 0.083 and the other control 

variable (length of intake manifold) can sweep the range of 230 mm to 320 mm.  

3.4. Ignition Timing Optimization in SI Engines 

    The combustion phasing and duration in SI engine are the key factors determining engine 

performance and emission characteristics. The spark advance control, which is performed by the 

ECU, directly determines the phasing of the combustion and affects the combustion duration in an 

indirect way. So, optimization of ignition timing is a critical issue for SI engines [54].  

    The desired value of spark advance is determined in steady state conditions at a test bench during 

the calibration process and loaded into lookup tables as part of the feedforward control loop of 

ECUs. This is a multi-objective optimization process with contradicting objectives and is subject 

to several constraints like knocking and exhaust temperature limits. Although these constraints are 

taken into account during the optimization process, the feedforward loop does not guarantee the 

optimum performance of the engine. Issues such as engine aging, fuel quality, harsh ambient 

conditions and unexpected operating conditions may put the engine in conditions that are ways far 

from the test bench conditions. So, there is room for improvement of spark advance setting both 

via feedforward and feedback control loops [55].    

    To formulate the spark advance control problem in SI engines, it is necessary to look at the 

effect of spark advance on combustion properties. CA50, which is the crank angle position 

(ATDC) of 50% burnt air-fuel mixture in engine cycle, is the key factor in spark advance control. 

This attribute is affected by spark advance and affects the thermal efficiency and Knock Intensity 

(KI) of the combustion process. This interconnected correlation is depicted in Figure 3.18 for a 
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3.5-liter gasoline engine working at throttle angle of 7 degrees and engine speed of 1200 rpm. 

Spark advance is swept from 14 to 30 degrees BTDC and around 17000 engine cycle data are 

collected to show the statistical dependency of engine performance to spark timing.     

 

Figure 3.18: Statistical dependency of engine performance to spark advance, (a): Spark 

advance-CA50, (b): CA50-Thermal efficiency, (c): CA50-Knock intensity [56] 

    The statistical distribution of CA50, engine efficiency and KI shows that there is no fixed spark 

advance for a specific operating point of a gasoline engine but the online spark timing optimization 

requires to take into account the probabilities of the above mentioned attributes. As already 

discussed, there are ambient and engine aging parameters that affect the dependency of engine 

performance to spark timing in long term. A short term contributing issue is the engine operating 

point that affects the dependency of spark timing and engine performance as depicted in Figure 

3.19.  

 

Figure 3.19: Dependency of CA50 to spark advance at different engine operating points [56] 

3.4.1. Feedforward Ignition Timing Optimization 

    Optimization of open loop spark advance is a matter of accuracy of engine calibration process 

in terms of defining proper DoE, considering constraints and covering all the possible operating 

conditions of engines. This kind of spark advance control is offline and may become suboptimal 

because of the variable boundary conditions associated with the physical constraints of knocking, 

fuel quality and engine component aging issues. Details of accurate engine modeling and DoE as 
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the contributing factors of an offline optimised feedforward spark advance control are later covered 

in chapters 4 and 5 of this thesis.   

    The state-of-the-art feedforward engine control algorithms with online learning capabilities are 

designed and verified on experimental setups. In order to add online optimizing features to engine 

offline maps, stochastic online learning algorithms are applied to engine control systems. J. W. 

Gao et. al. [57] applied such an algorithm to combustion phase control of SI engines. The 

assumption was that there is a linear dependency between the spark advance and CA50 (as depicted 

in Figure 3.19) so that:  

𝐶𝐴50 =  𝛼 × 𝑆𝐴 + 𝑏                                                                                                                   (3.9) 

where SA is the spark advance, 𝛼 is a gain that assumed to be constant in terms of engine operating 

points (load and speed) and 𝑏 is the bias that varies with engine operating points.  

    The observed in-cylinder pressure was converted to CA50 by thermodynamic calculations and 

compared to a reference value. Based on the difference between optimal CA50 and the estimated 

values, spark advance map was updated to bring the static map as close a possible to the optimal 

condition.  

    They assumed that the gain of the linear relationship between CA50 and spark advance does not 

change with respect to engine operation point. For estimation of the bias term in the linear 

relationship between CA50 and spark advance, a bilinear interpolation method was applied as 

depicted in Figure 3.20. When the engine goes through an operating points trace in the ignition 

feedforward map, all the affected break points by the operating trace (red and blue circles in Figure 

3.20) are provided with an estimation of the bias term 𝑏. By knowing the bias term and spark 

advance in the break points of ignition map, CA50 can be calculated and compared to the reference 

value. Referring to Figure 3.20, the bias term 𝑏 in the interpolation scheme is calculated as: 

𝑏 = 𝑓(𝑥, 𝑦) = [(1 − 𝑢)(1 − 𝑣), 𝑢(1 − 𝑣), 𝑢𝑣, (1 − 𝑢)𝑣]. [𝜃1, 𝜃2, 𝜃3, 𝜃4]
𝑇 = 𝜑𝑇(𝑢, 𝑣)𝜽                           (3.10) 

where 𝑢 =
𝑥−𝑥0

𝑥1−𝑥0
 , 𝑣 =

𝑦−𝑦0

𝑦1−𝑦0
 and 𝑏 is the value of the bias at point (𝑥, 𝑦). The objective of the  

algorithm is to determine the unknown model parameter 𝜽 based on the samples data for 𝑁 engine 

cycles within the grid that is shown in Figure 3.20. This parameter identification is done by 

minimizing the squared error between the model output and observed value.  
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Figure 3.20: : Online adaptation of engine 2D map, (a): Bilinear interpolation, (b): Engine 

operating trace in spark advance map [57] 

    J. W. Gao et. al. [58] applied the above mentioned learning algorithm to a 3.5-liter SI engine. 

The in-cylinder pressure information sampled in each crank angle (720 samples/engine cycle) was 

used for calculating CA50 and the engine went through a transient mode during the experiments. 

The trace of the engine operating points and the resulting spark advance recalibrated map are 

depicted in Figure 3.21. The initial values of the spark ignition map were set to 25 degrees BTDC 

and updated by the algorithm after collecting some training data from the combustion process.  

 

Figure 3.21: Engine operating points and the calibrated spark advance map using online 

learning algorithm [58] 

    As depicted in Figure 3.22, with increased number of engine cycles, the performance of the 

learning algorithm for updating the feedforward ignition timing map improved the spark advance 

values and decreased the estimation error to less than 5 CA degrees. The critic to this research is 

that there is no defined constraints for the estimated bias 𝑏. If the estimation error is bigger than a 
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threshold resulting improper feedforward spark advance map (out of safe operating range for the 

engine), the engine can be damaged during online map adaptation.    

 

Figure 3.22: Improvement of feedforward ignition timing by means of online learning algorithm 

[58] 

3.4.2. Feedback Ignition Timing Optimization  

    Online and dynamic optimization techniques in spark advance control can tackle the 

shortcomings of open loop spark advance control, thanks to the increased number of sensors 

applied to modern SI engines. Recent approach of using in-cylinder pressure data with extremely 

useful information of engine combustion phenomenon was of interest to engine researchers. It 

should be noted that in some operating points of SI engines, the optimum spark advance is not the 

MBT point because of the physical constraints, but locates on the boundaries of the constraints. 

As these constraints have dynamic behaviour, online optimization of spark advance is a critical 

issue for optimum engine operation [59].   

    The most common feedback loop for spark advance control is the knock control, which uses the 

signal of knock sensor(s) as the feedback signal and retards the ignition advance to prevent 

knocking. The other important parameter is the combustion phasing of SI engines, which is linked 

to engine performance as already discussed (see Figure 3.18). This parameter is not easy to 

measure and should be observed by means of added sensors or observers to engines. In-cylinder 

pressure sensors are the most common devices for direct determination of combustion phasing, 

but as already explained, are too expensive to be used in production engines. 

    The mathematical representation for online optimization of spark timing is described by the 

following formula: 

𝑢(𝑘) = 𝑢(𝑘 − 1) + ∆𝑢(𝑘)                                                                                                            (3.11) 

where 𝑢 is the spark timing, 𝑘 is the engine cycle counter and ∆𝑢 is the correction factor for the 

spark timing, which is a result of processes done by controllers using a combination of different 

feedback signals. It is worth noting that the arguments of Equation (3.11) can be affected by the 

feedforward control loop if there is a change in engine operating condition. These variations can 

be fast if linked to engine operating points or slow if affected by ambient conditions like 

temperature and pressure.  
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    There are a variety of feedback control techniques for spark timing optimization. One of the 

early applications of online control to ignition timing of SI engines was conducted by Peter G. 

Scotson and Peter E. Wellstead [60]. As reported in their published paper, all the previous 

applications of self-tuning techniques to engines had used classical gradient search methods while 

in their work, the parametric self-tuning method was applied to engine optimization. The main 

motivation of their work was providing the controller with the estimated engine performance 

index, so that its gradient could be used for online optimization purposes. It was assumed that the 

engine brake torque is a quadratic function of spark timing around the optimum region of engine 

performance and other affecting parameters including load, speed and AFR were treated in the 

parameter estimation part of the process. So the optimization problem was reduced to a single 

input-single output problem with the following formula:  

 

𝑦(𝑡) = 𝑦0 − 𝜇[𝑥(𝑡) − 𝑥0]
2                                                                                                                      (3.12) 

 

where 𝑦0 is the maximum possible engine toque 𝑦(𝑡) , 𝑥0 is the value of the spark angle 𝑥(𝑡) 
associated with the maximum engine torque and 𝜇 is the parameter that relates spark ignition 

timing to engine torque. To avoid the numerical problems in the estimation step of the optimization 

problem, the constant term 𝑦0 was eliminated by converting Equation (3.12) to the difference form 

of:  

Δ𝑦(𝑡) = �̂�1Δ𝑥(𝑡) + �̂�2Δ𝑥
2(𝑡) + 𝑒(𝑡) ,   {

�̂�1 = 2𝑥0𝜇
�̂�2 = −𝜇

  , {

Δ𝑦(𝑡) = 𝑦(𝑡) − 𝑦(𝑡 − 1)

Δ𝑥(𝑡) = 𝑥(𝑡) − 𝑥(𝑡 − 1)

Δ𝑥2(𝑡) = 𝑥2(𝑡) − 𝑥2(𝑡 − 1)

          (3.13) 

where 𝑒(𝑡) is the noise associated with measurements and engine torque fluctuations due to AFR 

and combustion variations. The following steps were applied for spark advance optimization: 

 

1. A spark timing 𝑥(𝑡) is applied to the engine and engine torque is calculated using speed 

variations of flywheel.  

2. A Kalman filter with a (2×1) Kalman gain and a (2×2) covariance matrix is used for 

estimating �̂�1 and �̂�2 in Equation (3.13).  

3. The new spark ignition angle is calculated by 𝑥(𝑡 + 1) = − �̂�1 (2�̂�2)⁄ . 

4. The time counter 𝑡 is incremented to (𝑡 + 1) and the loop goes to step 1.  

5. The loop goes on until the values of �̂�1 and �̂�2 converge to their theoretical values indicated 

in Equation (3.13).  

 

    Figure 3.23 shows the structure of the spark timing optimizer and its performance in terms of 

minimizing the Average Power Loss (APL) index, which is a measure of deviation of engine torque 

from maximum attainable torque in a specific operating condition. The proposed spark timing 

optimizer pushed the spark timing to the optimum value 𝑥0 in a couple of engine cycles. It should 

be noted that the spark timing feedforward map which is highlighted as factory spark angle map 

was used to provide the optimizer with initial spark timing values close to optimums and the 

perturbation source was used to improve the convergence of the recursive estimator [60].   
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Figure 3.23: Structure and performance of extremum seeking control technique applied to spark 

timing optimization of a gasoline engine [60] 

    Enrico Corti et. al. [61] applied the Extremum Seeking (ES) control strategy for simultaneous 

control of spark advance and AFR in a gasoline engine. As objective functions, they considered 

the Indicated Mean Effective Pressure (IMEP), knock intensity and exhaust temperature, hence 

their work was a multi-input multi-output optimization problem. The perturbation of the inputs 

(spark advance and AFR) was performed by using sinusoidal functions with different excitation 

frequencies. The effects of the system inputs on objective functions were analysed by Fast Fourier 

Transform (FFT) of the objective functions in a sense that the amplitude of FFT that is linked to 

the excitation frequency is a measure of objective function dependency to control variables and 

the phase of FFT can be used to determine variation of control parameters toward the optimum 

values. Figure 3.24 shows the structure of the control system and the way that the control 

parameters are excited. The result of applying the proposed approach to a 4-cylinder gasoline 

engine is provided in Figure 3.25. Results show that the designed extremum seeking controller 

brings the target function, which is a combination of IMEP and a dimensionless factor of exhaust 

temperature, to an optimum value in less than 1000 engine cycles. IMEP and CA50 parameters 

follow the same trend as expected in sense of their correlated relationship.  

 

Figure 3.24: Structure of proposed ES controller and input signal perturbations [61] 
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Figure 3.25: Result of extremum seeking controller application to a gasoline engine working at 

40 degrees of throttle and 7000 rpm [61] 

    Further application of ES control strategy to SI engines is reported in [62], where the 

optimization technique applied to an alternative fueled engine. Since the composition variation of 

fuel is a typical issue that affects the optimum ignition timing in alternative fueled engines, the 

extremum seeking controller proved to be an effective solution for such engines and showed 

acceptable results when applied on a natural gas fueled engine. Figure 3.26 shows the performance 

of the extremum seeking controller, where the dashed lines are the optimum values for spark 

advance and engine torque.         
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Figure 3.26: Performance of an ES spark advance optimizer in engine transients [62] 

3.4.3. Multi-Objective Ignition Optimization 

    Ignition timing as a significant means of engine control has been considered in several research 

studies in order to optimize SI engines in multi-objective manner. The papers reviewed so far have 

included ignition timing as well as other engine control parameters to optimize the engine 

performance and emissions. In this section, previous research studies dedicated to ignition timing 

and other engine control parameters as manipulated variables to engine multi-objective 

optimization are reviewed.  

    Abdulhakim I. Jabbr et. al. [63] applied multi-objective optimization algorithms to a hydrogen 

fueled SI engine. Due to lack of carbon in hydrogen fuel, carbon based emissions are not present 

in such engines but NOx is still an issue because of high in-cylinder temperature. The objective of 

their research was optimization of engine performance and NOx emission by means of ignition 

timing, equivalence ratio and rate of EGR, which was a multi-objective optimization problem with 

contradicting objectives. To model the behaviour of engine emission and performance, Neural 

Network (NN) was used with 110 data points collected from AVL Fire simulation package output. 

As indicated in Figure 3.27, there is a good agreement between the computational results and the 

neural network outputs for engine power and NOx emission.  



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

66 
 

 

Figure 3.27: Correlation between computational results and NN outputs [63] 

    For the optimization part, the NSGA-II optimization approach was applied to the problem. 

Having a defined range for the decision variables considering the appropriate break points, 96 

different points (4 × 4 × 6) were considered to cover the whole decision space, which produced 

the objective space results indicated in Figure 3.28 (a). The comparison of the GA Pareto front 

with the original Pareto front is also provided in Figure 3.28 (b) which shows an acceptable 

performance of the optimization tool used in their research. To select the optimal solution from 

the Pareto front, an ideal point with 10 kW of power and zero NOx emission was considered. This 

point does not exist in the objective domain because zero emission in not realistic but is a good 

reference point for choosing the final solution. Depending on the objectives of the problem, some 

points on the Pareto front with minimum distance to the mentioned reference point can be selected 

as an output of a multi-criteria decision-making approach.   

 

Figure 3.28: (a): Objective space and non-dominated solutions, (b): Comparison of the Pareto 

front provided by GA and the original computational Pareto front [63] 
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    The main contribution of this chapter was to review the optimization techniques and their 

application to engine tuning. The procedure of engine tuning is the static map optimisation via 

engine testing or model based calibration. Reviewing the conducted research in this field showed 

that it is the combination of engine static maps and the feedback control loops that provide ICEs 

with safe and optimal operation. There were also some proposed algorithms for optimal control of 

ignition and injection functions of ICEs in order to address the shortcomings of the conventional 

control methods. However, there were no Pareto front optimization research studies applied to 

ICEs with the aim of comparing the performance of newly designed engine parts. In fact, an 

accurate engine model that represents the performance of an engine component is a key issue to 

reduce the cost for an engine part development. Using such an engine model in a Pareto front 

optimization will indicate the effectiveness of a newly designed component with respect to the 

multiple objectives in the entire operating domain of an engine. Hence, engine modeling 

techniques are reviewed in the next chapter and used for building the representatives of the spark 

plugs to be used in the optimization process.           
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4. Chapter 4: Engine Modeling Literature Review 

    Internal Combustion Engines (ICEs) as the plant of a control or optimization problem require 

their behaviour to be identified. Modeling the behaviour of ICEs is a key factor in terms of reducing 

the time and cost of engine development. Depending on the type of the engineering objectives, the 

complexity of the engine models varies from simple zero dimensional Mean Value Models (MVM) 

to very complex 3D models of engine phenomena. For calibration and control oriented activities, 

the engine models should reflect the behaviour of the plant appropriately and must be simple and 

fast enough to be used in the control and optimization problems. So, there are a wide range of 

modeling approaches for identification of engine systems. In the mean value engine models, the 

cycle to cycle variations of the engine phenomena do not matter while in the discrete engine 

models, the behaviour of the engine sub-system is strongly dependent on the engine cyclic events. 

The conventional physical modeling may work for simple engine sub-systems like the intake 

manifold model. However, the overall dynamics of an engine is so complex, which means that it 

is almost impossible to develop a reliable physical model for a complete engine. Hence, the so 

called black box modeling is a common approach for engine model identification. The 

combination of the above two mentioned approaches can also be used for engine modeling for 

control, calibration and optimization purposes. Figure 4.1 shows the different methods of engine 

modeling, where overlaps of theoretical and experimental methods are outlined [1]. 

 

Figure 4.1: Different engine modeling approaches [1] 

    In general, there are a number of primary requirements for engine modeling. First, engine 

models should be able to capture the dynamics of the multi-dimensional systems. An example in 

this regard is a gasoline engine with several inputs and outputs. The second issue is the amount of 

experimental data required for building the model; otherwise there would be no benefit for the 

model based calibration in terms of time and cost of the engine dynamometer testing. The third 

issue is the flexibility of the model in detecting the non-linearity of the plant dynamics. Overfitting 

is the other factor that should be taken into consideration, which indicates the robustness of the 
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modeling technique in producing reliable outputs in the regions that experimental data is not 

available [64].  

    An important aspect of the internal combustion engines is their reciprocating behavior, which 

links most of the engine parameters to the crank domain rather than the time domain. There are 

some parameters that are strongly dependent on the crank domain like the in-cylinder pressure that 

is used for engine combustion analysis. If the crank domain dependent parameters are of interest 

of an engine modeling problem, the Discrete Event Model (DEM) should be used. However, there 

are some cases where the detailed reciprocating behaviour of engines is not required but the overall 

mean value of a specific parameter is sufficient for modeling an engine phenomenon. For such 

conditions, the mean value model is a proper choice in which, time is the independent parameter 

rather than crank angle. MVMs are useful for slow processes where the overall value of a 

parameters over the engine cycle is more important than its detailed variations in the crank domain. 

An example of this type of parameters is the air flow through throttle valve, which can be used for 

air mass flow estimation.  

    Both MVMs and DEMs are based on physical principals of the engine processes and may 

include some parameters that should be experimentally determined. Black box models on the other 

hand do not require the physical principals but are founded on the input-output correlations of the 

engine processes. Because of the limited capabilities of the physical modeling techniques, black 

box models have gained a lot of attentions in recent years. The content of this chapter is dedicated 

to different engine modeling methods, which will assist in choosing an appropriate engine 

modeling technique to be used for engine optimization part of this thesis.   

4.1. Mean Value Engine Modeling 

    Mean value models for spark ignition engines were first proposed by Hendricks et. al. [65] in 

early 1990s. Such a modeling approach can be used to determine either the external engine 

parameters like engine speed and torque or the internal variables like thermal or volumetric 

efficiencies in time intervals that are much longer than the duration of a single event of engines. 

Depending on the modeling and control problem objectives, different engine variables can be 

modeled by MVM approach. As an example, the air and fuel mass flows are of interest for AFR 

control and the engine torque that is the required parameter for ignition timing control problem 

can be analyzed by MVM. Depending on the variables of interest, physical equations can be 

developed for engine sub-systems within the framework of MVM method. One example of this 

case is the Aquino model for the fuel mass flow to cylinders, which was described in chapter 2. 

To determine the air mass flow to the engine, intake manifold can be modeled by using the 

equations of the air path through the throttle and the air mass flow from intake manifold to engine 

cylinders.  
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Figure 4.2: Schematic of MVM for a PFI SI engine [7] 

    Figure 4.2 shows the overall structure for MVM of an SI engine, from which air flow to engine 

can be determined. Throttle angle (𝛼𝑡ℎ) is the input to the plant, which determines the amount of 

air flow through the throttle valve. Assuming one dimensional and adiabatic flow, the air mass 

flow through the throttle can be determined by the following equation:  

�̇�𝑎𝑖𝑟,𝑡ℎ = 𝑐𝑡ℎ𝐴(𝛼𝑡ℎ)𝑝𝑎√
2

𝑅𝑇𝑎
𝜓(

𝑝2

𝑝𝑎
)                                                                                               (4.1) 

where 𝑐𝑡ℎ is throttle discharge coefficient, 𝐴(𝛼𝑡ℎ) is throttle valve area, 𝑝𝑎 is ambient pressure, 𝑝2 

is intake manifold pressure, 𝑅 is the gas constant, 𝑇𝑎 is ambient temperature and Ψ is the outflow 

function with the following formula:  
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where 𝑘 =
𝑐𝑝

𝑐𝑣
≃ 1.4 is the ratio of specific heat for air as an ideal gas. If the pressure ratio between 

upstream and downstream of the throttle is bigger than a threshold; the flow will be sonic and the 

outflow function will be a constant value, which equals 0.484 for ideal gases. The throttle area can 

be determined as a function of throttle angle using the following equation: 

𝐴(𝛼𝑡ℎ) = −
𝑑𝐷

2
√1 − (

𝑑

𝐷
)
2

+
𝑑𝐷

2
√1 − (

𝑑

𝐷

cos(𝛼0)

cos(𝛼0+𝛼𝑡ℎ)
)
2

+
𝐷2

2
𝑠𝑖𝑛−1 (√1 − (

𝑑

𝐷
)
2

) −

𝐷2

2

cos(𝛼0+𝛼𝑡ℎ)

cos(𝛼0)
𝑠𝑖𝑛−1 (√1 − (

𝑑

𝐷

cos(𝛼0)

cos(𝛼0+𝛼𝑡ℎ)
)
2

)                                                                                (4.3) 

where  𝑑 and 𝐷 are the throttle shaft and throttle plate diameters respectively and 𝛼0 and 𝛼𝑡ℎ are 

the minimum and actual throttle angles. By assuming that the throttle shaft diameter is negligible 

comparing to the diameter of throttle plate, the throttle area can be simplified by the following 

equation:  

   𝐴(𝛼𝑡ℎ)  =  (1 − cos (𝛼𝑡ℎ))                                                                                                     (4.4) 
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    As can be seen in the above equations, the intake manifold pressure is an important parameter 

for determination of air mass flow to an engine. The sucked air volume to cylinders is not the same 

as the engine displacement due to several dynamic effects of the air path in an engine. So, the 

volumetric efficiency is considered to take these effects into account. Therefore, the mass flow 

rate to engine cylinders can be determined by: 

�̇�𝑎𝑖𝑟,𝑐𝑦𝑙 = 𝜂𝑣
𝑝2𝑉𝑑𝑛𝑒

2𝑅𝑇2
                                                                                                                       (4.5) 

where 𝜂𝑉is the volumetric efficiency, 𝑉𝑑 is engine displacement and 𝑛𝑒 is engine speed. To 

determine intake manifold pressure, intake manifold volume can be considered as a control volume 

with flow variables of throttle air mass and engine air mass as the input and output respectively. 

The mass conservation law yields:  

𝑑𝑚𝑔𝑎𝑠,𝑖𝑛𝑡

𝑑𝑡
= �̇�𝑔𝑎𝑠,𝑖𝑛(𝑡) − �̇�𝑔𝑎𝑠,𝑜𝑢𝑡(𝑡)                                                                                             (4.6) 

Assuming air as an ideal gas:  

𝑚𝑔𝑎𝑠,𝑖𝑛𝑡𝑅𝑇2 = 𝑝2𝑉𝑖𝑛𝑡                                                                                                                 (4.7) 

and its first derivative becomes:  

𝑑𝑚𝑔𝑎𝑠,𝑖𝑛𝑡

𝑑𝑡
=

𝑉𝑖𝑛𝑡

𝑅𝑇2

𝑑𝑝2(𝑡)

𝑑𝑡
                                                                                                                  (4.8) 

which can be solved to determine intake manifold pressure, air mass flow rate through throttle and 

air mass flow rate to engine. The same approach can be followed for the other engine parameters 

according to the physical laws and the principles of the mean value models. For further engine 

parameters determination, readers are referred to [7], [65], [66], [67]. 

4.2. Discrete Event Engine Modeling 

    From the advent of the mean value engine models, this type of modeling technique has always 

faced shortcomings. As already discussed, these models were proposed with the aim of improving 

the response speed of engine simulations [68]. On the other hand, excluding the event based 

processes in an engine, makes it impossible to detect the details of engine phenomena that are 

varying in crank angle domain. Some of these variables are of much importance in engine control 

and optimization problems and should be taken into account by using discrete engine models. 

Examples of important processes requiring more detailed consideration include ignition, injection, 

in-cylinder pressure and gas exchange of individual cylinders, which should be monitored in crank 

angle domain in order to provide the engine control units with appropriate control and diagnostic 

information.  

    Discrete event engine models consider different crank angle durations depending on the variable 

that are being modeled. This duration can be a single crank angle or sometimes the length of an 

engine stroke. For modeling engine torque, the mean value engine model calculates the mean value 

of torque throughout the full engine cycle while the torque production happens during the power 

stroke only. The discrete engine models however have the ability of calculating the torque within 

the power stroke, which repeats in different intervals depending on the number of cylinders. Since 

the power strokes of different cylinders are evenly distributed in the engine cycle, the sampling 

period for the torque production can be calculated as:  
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𝜙𝑠𝑒𝑔 =
2𝜋𝑁

𝑛𝑐𝑦𝑙
                                                                                                                                       (4.9) 

where  𝜙𝑠𝑒𝑔 is the duration of the segment in radians, 𝑛𝑐𝑦𝑙 is the number of cylinders and 𝑁 equals  

2 for four-stroke engines (two revolutions are required to complete a full engine cycle). As the 

engine torque is a nonlinear function of several parameters like engine speed, air load, fuel mass, 

injection and ignition timing, EGR rate etc., the physical part of the discrete event torque model 

should be developed by considering the effects of the above mentioned parameters on engine 

torque production. It is worth mentioning that the ignition timing is the only parameters that affects 

the engine torque instantaneously and there are some time delays associated with the other 

affecting parameters like mass air flow and AFR, which should be taken into consideration in 

discrete event modeling of torque production. Details of the DEMs for different engine sub-

systems are provided in [7].  

4.3. Black Box Engine Modeling 

    Both of the MVM and DEM approaches are simplified models that suffer from the lack of 

reliability in identifying the very complex engine processes like pollutant emissions. A.H. 

Shamekhi et. al. [69] proposed a combination of mean value models and thermodynamic models 

by integrating the combustion thermodynamics into the mean value models to improve the 

modeling accuracy. However, the time intensive thermodynamics calculation deteriorated the 

model speed, which made it inappropriate for real time control problems. The general problem of 

the mean value models is the presence of unidentified system dynamics, which highlighted the 

need for black box modeling. These type of models are built to accommodate complex functional 

correlations between the inputs and outputs of the plant and need a set of experiments for training 

or system identification purposes. The conventional black box models like the look-up tables and 

polynomial regressions require huge experimental data to be reliably tuned. With the advent of 

intelligent modeling techniques like artificial neural networks, the number of the required 

experiments for model training has dramatically reduced [68]. In case of combustion, intelligent 

black box modeling methods are very valuable because of the existence of stochastic, complex and 

non-linear processes. Moreover, this type of modeling approach has the ability of predicting the 

system behaviour in the regions that experimental data are not available, which provides the 

possibility of engine control and optimisation activities in its critical operating points without any 

failures of prototypes. 

    In the context of black box modeling, there are two distinguishable mathematical approaches: 

interpolation and regression. Because of the existence of measurement noise in engine test bench 

activities and to minimize the sensitivity of engine models to measurement noise, regression 

models are used in engine calibration problems. The reason for this is that when doing 

interpolation, the objective is finding a function that is of some predefined form and returns the 

values as specified in the input and output data. However, in case of regression modeling, the 

objective is to find a function that minimizes some cost, usually sum of squares of errors. So, there 

is no need to come up with a function to have the exact values at given data points, but a good 

approximation is required.  

    The other distinguishing factor of the black box models is their being parametric or non-

parametric. For the former, the structure of the model is pre-defined and the model parameters are 

determined by sets of training data while for the latter the structure of the model will be shaped 

according to training data during the training process [64]. The most common black box modeling 
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techniques applied to engine control and optimisation problems are the polynomial regression, 

ANN and the Gaussian Process (GP) modeling methods, which cover a range of linear and non-

linear regression models as well as parametric or non-parametric structures.      

    Before reviewing the mathematical structures of the black box models, it is worth going through 

some preliminary definitions. For any engine output measurement, the following equation applies: 

𝑡𝑛 = 𝑦𝑛 + 𝜖𝑛                                                                                                                                      (4.10) 

where 𝑡𝑛 is the plant measured output, 𝑦𝑛 is the model output linked to the engine input via a 

specific function with parameters Θ, and 𝜖𝑛 is the random noise of each measurement 𝑛. The data 

collected during experiments or high fidelity simulations are used for model training, i.e. 

determination of the model parameters collected in Θ. The common method for this process is the 

maximum likelihood approach. If the noise in Equation (4.10) is independent of the measurement 

and is identically distributed for all the observations (all the random noise values have the same 

finite variance), then the measurement 𝑡𝑛 can be expressed as a probability density function 𝑝𝑓. 

The joint probability of the n measurements 𝑡1, … , 𝑡𝑛 for a given value for Θ is defined by: 

𝑝(𝑡|𝑦, 𝑋, Θ) = 𝑝𝑓(𝑡1|𝑦1, 𝑋1, Θ). 𝑝𝑓(𝑡2|𝑦2, 𝑋2, Θ). … . 𝑝𝑓(𝑡𝑛|𝑦𝑛, 𝑋𝑛, Θ)                                                (4.11) 

    By maximising the likelihood function defined in Equation (4.11), it is possible to determine 

the arguments of the model parameter matrix Θ for the best fitting of the model to the training data. 

For the case of Gaussian noise, it can be proven that the maximum likelihood approach yields the 

principals of the least square method, which is the minimization of the sum of square errors with 

the form of: 

𝑆𝑆𝐸(Θ) = ∑ (𝑡𝑛 − 𝑦(𝑋𝑛, Θ))
2𝑁

𝑛=1                                                                                                   (4.12) 

where 𝑋𝑛 is the nth input to the system and 𝑁 is the number of observations.  

    Evaluating the accuracy of the model is a matter of two different factors. The first one is called 

bias and indicates the average difference of the model and experimental data in the whole training 

domain. The second one is called variance, which is the difference between the individual data 

sets and the average value that is predicted by the model. Both of these factors are dependent on 

the flexibility of the model. For more flexible models (e.g. polynomials with high degree or neural 

networks with high number of neurons) the bias error will approach to zero. On the other hand, if 

the flexibility of the model is low, the model will not oscillate between the data points and the 

variance error will decrease. As an example, for polynomial regression models, if the degree of 

the polynomial is too low, non-linearity of the plant cannot be modeled, which is a case that the 

bias error is so big but the variance is negligible. In contrary, if the degree of the polynomial is too 

high, then the non-linearity of the plant can be easily detected with a small bias error but the 

variance errors in the points between the observations are too high. The big bias and variance 

errors are called under-fitting and overfitting respectively, both of which should be avoided by a 

compromised selection of model structure. Figure 4.3 shows the natures of overfitting and under-

fitting, where the 1st order polynomial function is a poor fit with a huge bias error and the 10th 

order polynomial suffers severely from being over fitted with the big oscillations between the 

training data. 
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Figure 4.3: Overfitting and under-fitting issues in polynomial models [70] 

4.3.1. Polynomial Regression Modeling  

    Polynomial regression modeling is a subcategory of linear regression modeling techniques, 

which share the property of linear functions with adjustable parameters. Linear functions of input 

variables are common forms of linear relationships between the parameters of a model and are the 

simplest form of linear regression models. However, by linear combinations of nonlinear functions 

of input variables, a more useful class of functions known as basis functions are formed. The linear 

regression models that use basis functions are linear with respect to model parameters and 

nonlinear with respect to model inputs. 

    The polynomial regression model is one of the first modeling methods used in the field of engine 

calibration because of its simplicity. This kind of model is still being used in some engine 

calibration tools like the Model Based Calibration Toolbox of MATLAB and the AVL CAMEO. 

The simplest form of the linear regression model is: 

 𝑦(𝑋,W) = 𝑤0 + 𝑤1𝑥1 +⋯+ 𝑤𝐷𝑥𝐷                                                                                                   (4.13) 

where 𝑋 = (𝑥1, … , 𝑥𝐷)
𝑇 and W = (𝑤1, …𝑤𝐷)

𝑇. The key property of this model is that it is a linear 

function of both of the model parameters 𝑤𝑖 and the input variables 𝑥𝑖 that limits it ability in 

modeling complex systems. By introducing basis functions, Equation (4.13) can be written in form 

of: 

 𝑦(𝑋,W) = 𝑤0 + ∑ 𝑤𝑗𝜙𝑗(𝑋)
𝑀−1
𝑗=1                                                                                                  (4.14) 

where 𝜙𝑗(𝑋) are the basis functions and 𝑤0 is a bias parameter that allows for any fixed offset in 

the data. If the bias parameter 𝑤0 is defined as an additional basis function  𝜙𝑗(𝑋) = 1, Equation 

(4.14) can be written in the following form: 

𝑦(𝑋,W) = ∑ 𝑤𝑗𝜙𝑗(𝑋)
𝑀−1
𝑗=0 = W𝑇Φ(𝑋)                                                                                   (4.15) 

where W = (𝑤1, …𝑤𝑀)
𝑇 is the matrix of the model parameters, Φ = (𝜙1, …𝜙𝑀)

𝑇 is the matrix of 

the basis functions and 𝑀 is the number of the model parameters.  
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    For the case of polynomial regression, the form of the basis functions is: 

𝜙𝑗(𝑋) = 𝑋
𝑗                                                                                                                                    (4.16) 

where 𝑗 = (𝑗1, … , 𝑗𝐷) is the D-dimensional space of the inputs to the system and 𝑋𝑗 =

𝑥1
𝑗1 . … . 𝑥𝐷

𝑗𝐷  is the product of the system inputs. Considering Equations (4.15) and (4.16), the form 

of the polynomial model is: 

𝑦(𝑋,W) = ∑ 𝑤𝑗|𝑗|≤γ 𝑋𝑗                                                                                                                    (4.17) 

where γ is the order of the polynomial and |𝑗| = 𝑗1 +⋯+ 𝑗𝐷.  

    There are some cases for the engine outputs that a fixed order of the polynomial does not cover 

the whole range. As an example, for the engine torque as a function of spark advance, a 2nd order 

polynomial may fit the torque curve before the maximum brake torque point while after this point 

a 3rd order polynomial may fit better than a 2nd order. This kind of problem needs the local 

polynomial regression, which applies polynomials with different orders to the different regions of 

the modeling domain.     

4.3.2. Artificial Neural Networks Modeling  

    Artificial Intelligence (AI) techniques have the capability of solving non-linear problems and 

are applied to a wide range of engineering systems. Because of their flexibility in dealing with 

complex problems, artificial intelligence methods have gained a considerable attention in the field 

of modeling, control and optimization of internal combustion engines. ANN is one of the most 

common AI methods in the area of system identification. Examples of ANN applications to 

internal combustion engine modeling include performance and exhaust emissions of engines using 

alternative fuels like methanol, natural gas and bio-diesel as well as the optimization of engine 

calibrations [49], [52], [71].  

    ANNs are useful for training the black box models of engine sub-systems with limited 

theoretical knowledge of the system, which helps to remedy the difficulties associated with the 

physical modeling methods for complex and non-linear systems. The principal of the ANNs is 

based on brain-like functioning, which allows it to learn from experience without having to derive 

the governing physical laws of the system.  

    Unlike the linear regression models that have a fixed form of basis functions, ANNs use adaptive 

form of basis functions, which improves their capability for modeling the large scale problems. In 

ANNs, a fixed number of basis functions with parametric forms are considered and their 

parameters are adapted during the training process. Hence neural networks use basis functions that 

follow the same form as Equation (4.15) but have adaptive coefficients in the linear combinations 

of inputs.  

    The diagram of a two-layer neural network is depicted in Figure 4.4. The input, hidden, and 

output variables are represented by nodes, and the weight parameters are shown by links between 

the nodes. The bias parameters are represented by links coming from inputs and the arrows show 

the direction of information flow through the network.   
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Figure 4.4: Diagram of a two-layer neural network [72] 

    In a basic neural network model, the linear combinations of the input variables 𝑥1, … , 𝑥𝐷 are in 

the form of:  

𝑎𝑗 = ∑ 𝑤𝑗𝑖
(1)𝐷

𝑖=1 𝑥𝑖 + 𝑤𝑗0
(1)

                                                                                                            (4.18) 

where 𝑗 = 1,… ,𝑀, parameters 𝑤𝑗𝑖
(1)

 are the weights, parameters 𝑤𝑗0
(1)

 are the biases and the 

superscript (1) indicates that the parameters are associated with the first layer of the network. The 

𝑎𝑗 values in Equation (4.18) are known as activations, each of which is transformed to a hidden 

unit 𝑧𝑗 by means of differentiable, nonlinear activation function ℎ. Hence:  

𝑧𝑗 = ℎ(𝑎𝑗)                                                                                                                                            (4.19) 

    The forms that are generally chosen for activation functions ℎ are the logistic sigmoid function 

(𝑓(𝑥) =
1

1+𝑒−𝑥
) or the hyperbolic tangent function (𝑓(𝑥) = tanh(𝑥) =

𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥
). Following 

Equation (4.15), the 𝑧𝑗 values are linearly combined to form the second layer of the network with 

activation values: 

𝑎𝑘 = ∑ 𝑤𝑘𝑗
(2)𝑀

𝑗=1 𝑧𝑖 + 𝑤𝑘0
(2)

                                                                                                                        (4.20) 

where 𝑘 = 1,… , 𝐾 and 𝐾 is the number of neurons in the second layer of the network. This process 

continues until reaching the last layer of the network with the network outputs 𝑦𝑘.  

    A critical part of the system identification using ANNs is the training process, which uses a 

variety of learning algorithms that train the network weights with the aim of minimising the error 

between the ANNs output and the measured output of the system. The most common learning 

algorithm is the back propagation algorithm that updates the parameters of the network with its 

iterative manner so that the error is minimised for different input and output data sets. Assuming 

the square of the error signal for the ANNs, it can be expressed as:    
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𝐸 =
1

2
∑ ∑ (𝑡𝑖,𝑝 − 𝑦𝑖,𝑝)

2 =
1

2𝑖𝑝 ∑ 𝐸𝑝𝑝                                                                                         (4.21) 

where 𝑝 is the number of experimental data used for model training, 𝑖 is the number of the model 

outputs, 𝑡 is desired output and 𝑦 is the calculated output by ANNs. At the start of the training 

process, values of weighting factors are chosen randomly. At each iteration, the error is calculated 

further to the weights using the training data and then the calculated errors are used through a back 

propagation process to update the weights according to the following formula: 

∆𝑊𝑖𝑗(𝑡) = −𝜀
𝜕𝐸𝑝

𝜕𝑊𝑖𝑗
                                                                                                                   (4.22) 

where 𝜀 is the speed of learning and is chosen by the user. It is very important for the training data 

to cover the entire range of the system operating points. Moreover, to make sure about the proper 

performance of the model, the data sets used for training and validation of ANNs should be 

completely independent.  

    ANNs can take a variety of forms. Radial Basis Function (RBF) networks are one of the 

common linear regression structures used in ANNs. A common form of basis function for RBFs 

is: 

𝜙𝑗(𝑋) = exp (−
1

2
‖𝑋 − 𝜇𝑗‖Σ𝑗

2
)                                                                                                    (4.23) 

where  ‖𝑋 − 𝜇𝑗‖Σ𝑗
= √(𝑋 − 𝜇𝑗)

𝑇
Σ𝑗(𝑋 − 𝜇𝑗) and Σ and 𝜇 are the non-linear model parameters to 

be tuned along with the linear parameters (Θ) of the model by means of training data. Figure 4.5 

shows the schematic structure of the RBF network, where the inputs are linked to the radial basis 

functions that shape the hidden neurons of ANNs.  

 

Figure 4.5: Schematic structure of the RBF network 

    The other common structure for ANNs is the Multi-Layer Perceptron (MLP), which consists of 

input, hidden and output layers with adaptive weighting factors and a feedforward architecture 

without feedback loops. The number of layers depends on the type of problem that is going to be 

handled by the ANNs. If the feedback loops are added to the MLP structure, the result is the other 
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common type of ANN, which is called Recurrent Neural Networks (RNN) and is of interest in the 

field of engine modeling, control and optimization. The existence of the feedback loops allows 

users to consider the effects of the previous inputs and outputs in the dynamic behaviour of the 

system. This kind of architecture is very useful for engine applications, where engine inputs and 

outputs have a dependency in their variations [73].  

    One of the early applications of the ANNs to engine modeling was done by F. Gu et. al. in 1996 

[27]. In their research, the in-cylinder pressure of a four-cylinder diesel engine was reconstructed 

by means of instantaneous velocity of engine crankshaft. The foundation of this research was based 

on the effect of in-cylinder pressure and other engine mechanisms and disturbances on crankshaft 

speed fluctuations. The conventional approach was building a model of the engine torque 

conservation and inversing the model to acquire the in-cylinder pressure. However, this kind of 

modeling was not stable at critical conditions of TDC and Bottom Dead Centre (BDC), where the 

effective torque radius is almost zero.  In general, the model based approach for determination of 

the in-cylinder pressure is very much dependent on simplifying assumptions, which make the 

prediction to be inaccurate. In contrast, the RBF ANN method that was used by F. Gu et. al. had 

no simplifying assumptions and represented the correlations between in-cylinder pressure and the 

crankshaft velocity fluctuations by a small amount of training data. Two groups of data were 

collected from the engine, where group A included 390 engine cycles and used for ANN training 

and group B with 190 engine cycles were applied to model validation. For each data set, the 

pressure data had 216 samples covering around 160 crank angles around the TDC and the engine 

speed data had 54 samples covering around 180 crank angles around TDC. The results showed an 

acceptable agreement between the measured and predicted in-cylinder pressure. As indicated in 

Figure 4.6, the predicted IMEP, which is an important feature of the in-cylinder pressure curve, 

follows the measured values with maximum deviation of ±0.046 MPa. Apart from IMEP, the 

modeled peak pressure, maximum pressure variation curve and the location of the peak pressure 

also showed a good agreement with the experimental data with deviations of ±0.3 MPa, ±0.2 

MPa/degree and ±2 crank degrees respectively.  

 

Figure 4.6: Comparison of measured and modeled IMEP by RBF ANN [27] 
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    Samir Saraswati and Satsh Chand used the RNN for reconstruction of in-cylinder pressure of an 

SI engine [28].  The features of the cylinder pressure in SI engines like the peak pressure, location 

of the peak pressure and the rate of pressure rise are very significant for efficient control actions. 

The neural model was constructed by using a limited amount of experimental data in conjunction 

with a two-zone thermodynamic model of combustion. In their two zone model, the in-cylinder 

space was divided into two zones; an unburned zone and a burned zone. The separation layer 

between the zones was the flame front that propagates in the combustion chamber. These zones 

were assumed to be two distinct thermodynamic systems with energy and mass interactions 

between themselves and their common surroundings (the cylinder walls). The mass-burning rate 

as a function of crank angle was numerically computed by solving the simplified equations 

resulting from applying the first law of thermodynamics to the two zones. It was also assumed that 

the unburned zone consists of a premixed fuel-air mixture. As this assumption is not true for diesel 

combustion, the two-zone model is more realistic for SI engine combustion. To cut down the cost 

and time of the experiments, a limited number of engine tests were applied to the two-zone model 

validation and then the validated model was used to produce the training data for the RNN. The 

instantaneous engine speed, in-cylinder pressure, spark advance and the equivalence ratio were the 

inputs to the RNN model. The in-cylinder pressure for training and validation purposes were 

generated by the validated two-zone model for 35 points including different spark advance, AFR 

and motoring pressure values. Among the generated data sets, 27 were used for model training and 

the remaining 8 sets were applied to RNN model validation. Results showed that the experimental 

and modeled cylinder pressures were close to each other with maximum difference of ±0.5 bar 

throughout the engine cycle and for all the experimentally measured operating points. Figure 4.7 

shows such comparisons for two different operating points.  

 

 

Figure 4.7: Comparison of experimental and modeled cylinder pressures for an SI engine [28] 

    Cenk Sayin et. al. [29] applied the ANN modeling technique to an SI engine in order to 

determine the engine emission and performance in case of applying different gasoline fuels in 

terms of their octane numbers. The experimental phase of this study included 96 engine tests 

covering the octane ratings of 91, 93, 95 and 95.3 in different engine speeds and loads. The BSFC, 

brake thermal efficiency, exhaust gas temperature, and CO and HC emissions were measured as 

the desired engine outputs. From the available experimental data sets, 70% were used for model 

training and the remaining 30% were applied to model validation. According to a trial and error 
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approach, the best structure of the ANN was determined to have one hidden layer with 15 neurons 

with the tangent sigmoid activation function in the hidden layer. The model outputs were predicted 

by the three-layer feedforward architecture using the standard back propagation algorithm. The 

outputs of the model were compared to the experimental data through the Root Mean Square Error 

(RMSE) and Mean Relative Error (MRE) with the following definitions: 

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑎𝑖 − 𝑝𝑖)2
𝑁
𝑖=1                                                                                                         (4.24) 

𝑀𝑅𝐸(%) =
1

𝑁
∑ |100

(𝑎𝑖−𝑝𝑖)

𝑎𝑖
|𝑁

𝑖=1                                                                                                 (4.25) 

where 𝑎𝑖 and 𝑝𝑖 are the actual and predicted outputs for the 𝑖𝑡ℎ experiment with 𝑁 as the total 

number of engine tests. The experimental versus predicted engine outputs with reported RMSE, 

MRE and the relative correlation factors are provided in Figure 4.8. The Results proved the 

acceptable performance of the designed ANN in predicting the engine emission and performance 

parameters.  

 

Figure 4.8: Actual and predicted engine outputs by ANN with reported errors [29] 

    In a research by F. Taglialatela et. al. [30], an ANN with MLP architecture was applied to an SI 

engine to optimize its ignition timing. The crankshaft speed and acceleration were used to 

determine the two important features of the in-cylinder pressure i.e. the Peak Pressure (PP) and 

the Location of Peak Pressure (LPP), using which the ignition timing was corrected by a feedback 

loop as depicted in Figure 4.9. Engine tests were performed in Wide Open Throttle (WOT) 
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condition covering the speed range of 1000 to 2000 rpm and the MAP range of 1.0 to 1.6 bar. For 

each operating point, 400 engine cycles with the corresponding crankshaft speeds and 

accelerations were recorded. The capability of the ANN in determination of LPP using the 

crankshaft signal allowed the ECU to compare it with the desired LPP and adjust the ignition 

timing in order for the engine to produce maximum possible torque with monitoring the level of 

emissions. The accuracy of the predicted values for LPP were reported according to RMSE values 

of 1.38 to 5.20 Crank Angle Degree (CAD), depending on engine speed and load conditions. 

 

Figure 4.9: Closed loop control of ignition timing using crankshaft signal and ANN [30] 

    G. Gnanam et. al. proposed a control system for air to fuel regulation in a bi-fuel engine by 

neural network modeling. The objective of their research was to add the functionality of 

performing in bi-fuel mode (gasoline and natural gas) to a gasoline ECU with minimum cost. The 

added module was a neural network, which refined the existing gasoline injection system to 

operate in bi-fuel mode. Figure 4.10 shows the structure of the proposed neural network based 

control module with the existing ECU. The neural network functioned in the feedforward 

compensation loop and the calculated errors from the lambda sensor output were used for adjusting 

the neural network weights during the learning process. Once the neural network is trained, it 

minimizes the closed loop control effort especially in transient modes and improves the lambda 

regulation. Simulation studies showed that the proposed neural network based controller improved 

the lambda regulation of a Dodge 5.2-liter gasoline/natural gas engine. The performance of the 

proposed controller was compared to that of the existing adaptive linear control system (ALCS). 

As illustrated in Figure 4.11, the proposed neural control system is faster than the existing ALCS 

in terms of reaching the stoichiometric condition. Moreover, in a repeated 

acceleration/deceleration scenario, the proposed neural network controller reduced the magnitudes 

of the spikes of the lambda as the network weights were adjusted [74].       
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Figure 4.10: Neural network based control strategy [74] 

 

 

Figure 4.11: Comparison of the neural network controller to the existing ALSC (top), 

Diminishing the lambda spikes in repeated transient operation by the neural network controller 

(bottom) [74] 
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4.3.3. Gaussian Process Modeling  

    Gaussian Process (GP) modeling is a Bayesian machine learning method that is particularly 

suited to regression problems. The application of this method to optimization and control problems 

started recently. In general, a suitable black box data-driven model should accurately capture the 

system characteristics without overfitting, while its construction should be simple enough for 

analysis and interpretation purposes. In addition, it must be able to handle the uncertainties of the 

process, which is quite common in internal combustion engines [75]. Gaussian process modeling 

is a good alternative for the feedforward maps of commercial engine control units, which is based 

on parametric inverse models that have good performance for most of the engine operating points. 

However, the inverse engine models may have unacceptable errors at critical operating points of 

the engine. Recalibration of parametric inverse models with a modified structure requires the 

repetition of the whole training process [76]. So the Gaussian process modeling is a proper choice 

for engine calibration tasks because the structure of the model does not have to be determined 

before the training process [70].   

    The GP modeling is a non-parametric approach, which is different from the methods that have 

been reviewed so for. Unlike the polynomial regression and the ANNs methods, it is not necessary 

to determine the basis functions 𝜙𝑗 before the model training. The important aspect of 

determination of the basis function is that we do not know which from of the basis function is the 

best choice for the modeling problem. With GP however, it is possible to work with an infinite 

number of basis functions, which provide users with flexibility of having the best basis functions 

during the training phase of the modeling [70]. As indicated in [72], the RBF networks, Kalman 

filters and Auto Regressive Moving Average (ARMA) models can be subcategories GP models, 

where the basis functions are not infinite. A brief mathematical form of GP modeling is provided 

in the following sections and a more thorough description can be found in [70].  

    Recalling the overall form of linear regression models (Equation (4.15)) and considering the 

model to be linear with the model parameters (the model is nonlinear with respect to input and 

output parameters), we have: 

𝑦(𝑋, Θ𝑙𝑖𝑛) = Θ𝑙𝑖𝑛
𝑇 Φ(𝑋)                                                                                                                 (4.26) 

    As indicated earlier, the parameters of the model can be determined by means of minimization 

of the regularized sum of square errors with the following formula: 

𝑅𝑆𝑆𝐸(Θ𝑙𝑖𝑛) = ∑ (𝑡𝑛 − 𝑦(𝑋𝑛, Θ𝑙𝑖𝑛))
2𝑁

𝑛=1 + 𝜆‖Θ𝑙𝑖𝑛‖
2                                                                  (4.27)         

Where 𝜆 is the regularization parameter and is linked to noise distribution of the training data sets. 

The flexibility of the model is increased by decreasing 𝜆 value and vice versa. The solution of the 

problem indicated by Equations (4.26) and (4.27) is: 

𝑦(𝑋) = 𝜙(𝑋)𝑇Φ𝑇(𝜆𝐼𝑁 +ΦΦ
𝑇)−1𝑡                                                                                              (4.28) 

where 𝐼𝑁 is a unit square matrix with the size of the number of training data and Φ is called the 

design matrix including the basis functions with the following form: 

Φ𝑁×𝑀 = [
𝜙1(𝑋1) ⋯ 𝜙𝑀(𝑋1)
⋮ ⋱ ⋮

𝜙1(𝑋𝑁) ⋯ 𝜙𝑀(𝑋𝑁)
]                                                                                                   (4.29)       

where 𝑀 is the number of the model parameters.  
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    By introducing the kernel function 𝑘(𝑋, 𝑋′) and the Gram matrix 𝐾 as: 

𝑘(𝑋, 𝑋′) = 𝜙(𝑋)𝑇𝜙(𝑋′)                                                                                                                 (4.30) 

𝐾 = ΦΦ𝑇                                                                                                                                      (4.31) 

which are linked as: 

𝑘(𝑋𝑛, 𝑋𝑚) = 𝑘(𝑋𝑚, 𝑋𝑛) = 𝜙(𝑋𝑚)
𝑇𝜙(𝑋𝑛) = (𝐾)𝑛,𝑚                                                                    (4.32) 

and using the definitions in Equations (4.30) to (4.32), the solution of the problem indicated by 

Equation (4.28) can be written as: 

𝑦(𝑋) = 𝑘(𝑋)𝑇(𝐾 + 𝜆𝐼𝑁)
−1𝑡                                                                                                                     (4.33) 

where the vector 𝑘(𝑋) contains the kernel elements 𝑘𝑛 = 𝑘(𝑋, 𝑋𝑛). Since the solution of the model 

parameters is determined by the kernel function, the calculation of the basis functions can be 

skipped, which has the advantage of choosing kernel functions with the vector of the basis 

functions with many and even infinite number basis functions. This kind of approach is known as 

kernel substitution and is described thoroughly in [77].  

    A common form of the kernel function is the squared exponential covariance function with the 

form of: 

𝑘𝑆𝐸(𝑋, 𝑋
′) = 𝜃𝜎

2𝑒𝑥𝑝 (−∑
(𝑥𝑗−𝑥′𝑗)

2

2𝜃𝑙,𝑗
2

𝐷
𝑗=1 )                                                                                             (4.34) 

where 𝜃𝜎 is the signal variance and 𝜃𝑙,𝑗 is the length scale parameter for each input dimension 𝑗. 

The length scale parameters {𝜃𝑙,1, … , 𝜃𝑙,𝐷} and the signal variance parameter 𝜃𝜎
2 can be determined 

using the training data. From Equation (4.34) it can be interpreted that with a high value of length 

scale parameter, the functions sensitivity to the corresponding input data reduces. Hence, it is 

possible to find out how the input data affect the model, which provide the physically sensible 

interpretation of the model against the training data. This kind of ranking for the inputs in term of 

affecting the model is called automatic relevance determination in the context of machine learning. 

There is an additional interesting feature for the squared exponential kernel function, which is 

related to the infinite dimension of the vector of basis functions associated with it. Therefore, 

system identification by GP enables conducting the regression process with an infinite number of 

basis functions [78].  

    According to a research done by Benjamin Berger et. al. [64], the Gaussian process modeling 

technique is a proper choice for engine mapping purposes and has advantages compared to other 

modeling methods. The Gaussian process modeling was briefly introduced and compared to other 

modeling approaches like polynomial regression, tree-based regression and neural networks. 

Polynomial regression has some advantages over the Gaussian process modeling including a 

simple structure, easy implementation and fast performance. However, there are possibilities of 

overfitting and poor data extrapolation for the polynomial regression modeling, while for the 

Gaussian process modeling, the unreliable predictions can be detected by the model via reporting 

a high level of uncertainty in a specific region of the data set. The other drawback of the polynomial 

regression is its poor performance in modeling the engine nonlinearities in case of low-order 

polynomials. For the high order polynomials on the other hand, the predicted behaviour of the 

plant will be so wavy specially at the borders of the data sets. Figure 4.12 shows the comparison 
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of polynomial regression and Gaussian process modeling approaches in predicting the behaviour 

of a nonlinear function, which proves the better performance of the Gaussian process modeling 

technique.  

 

Figure 4.12: Comparison of polynomial regression and Gaussian process modeling methods 

[64] 

    The tree-based regression, where the whole data set is divided into several sub-data sets with 

the aim of applying different polynomials for the experimental data, is also compared to Gaussian 

process modeling in [64]. While having the advantages of the polynomial regression, the tree-

based method does not work properly at the intersections of the data sub-sets, especially if the 

nature of the non-linear model is not matched with the smooth transitions assumed in the 

intersection points. In this case, there is a need of performing more engine tests at the intersection 

points to get the true behaviour of the engine, which is in contradiction with the time and cost 

saving objectives of the model based calibration. This kind of drawback is clear in Figure 4.13, 

where the tree-based model returns a wrong prediction at the intersection between the two data 

sub-sets.  

 

Figure 4.13: Comparison of tree-based and Gaussian process modeling methods [64] 
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    In [64], the Gaussian process modeling is also compared to other machine learning approaches 

like the neural networks. The MLP network was commonly used for engine static mapping 

problems because it is better than tree-based models in terms of overfitting and work more 

efficiently for high number of inputs and outputs of the plant. Like the Gaussian process modeling, 

the MLP method provides users with level of uncertainties of the model, which makes it possible 

to put more observations in uncertain regions. It is shown that applying the infinite number of 

neurons in MLP method pushes it towards Gaussian process. It should be noted that the Gaussian 

process has a major disadvantage, which is the huge numerical calculation in case of high number 

of engine data sets. Hence, when the dataset is too big, it is better to use the neural network method. 

When size of the test data is reasonable, i.e. a couple of 100 measurements, which is the case of 

static mapping, the Gaussian process modeling is the right choice.    

    The application of the Gaussian process modeling technique for engine calibration has been 

reported by Benjamin Berger et. al. in [64] and [79]. The parameters under study were the fuel 

consumption, NOx and soot emissions of a diesel engine and the results were compared to the tree-

based polynomial regression method. The engine inputs were injection timing, injection pressure, 

EGR rate and the ratio between pre-injection and main injection. There were 144 engine tests, 

from which 94 and 50 were used for model training and validation respectively. As indicated in 

Figure 4.14 and Table 4.1 the Gaussian process modeling showed a better performance than the 

tree-based polynomial regression method specially for soot emission, where the level of 

uncertainty is high due to several outliers in the experimental data. It is also reported in [79] that 

for reduced training data (43 measurements) and increased validation data (101 measurements), 

the GP modeling is working better than the polynomial regression as illustrated in Figure 4.15. In 

this case, the RMSE values for NOx modeling in the training data were 0.336% and 1.265% for 

GP and polynomial regression methods respectively. For the validation data, the reported RMSE 

values were 0.447% and 1.312% respectively. As discussed in [79], for the Gaussian process 

modeling, a Student’s-t distribution assumption for the measurement noise returns a more accurate 

model with a better fit to the experimental data than the case of normal distribution noise 

assumption.   
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Figure 4.14: Comparison of Gaussian process (left) and tree-based polynomial regression 

(right) in modeling NOx, soot and fuel consumption of a diesel engine [64], [79] 

Table 4.1: Comparison of Normalized Root Mean Squared Error (NRMSE) for Gaussian process 

and tree-based polynomial regression [64] 
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Figure 4.15: Comparison of Gaussian process (left) and tree-based polynomial regression 

(right) in case of reduced training data and increased validation data sets [64] 

4.4. Other Engine Modeling Approaches  

    In addition to the physical and black box modeling, there are other modeling methods for the 

engine sub-systems. If for example an engine sub-system can be modeled as a first or second order 

dynamic system, then the model parameters can be determined by analysing the step response of 

the system. This technique can be followed either in time or frequency domain. For non-parametric 

frequency domain approach, the controllers are designed without the transfer function of the plant 

and just by knowing the frequency response of the system. For the parametric frequency response 

method, a transfer function is estimated by means of the frequency response of the engine sub-

system. By comparing the characteristics of the frequency response to the features of the 

elementary transfer functions, it is possible to estimate the transfer function associated with the 

plant under study [80].  

 

    David J. Stroh et. al. [81] used the frequency response modeling approach to identify the air 

path and fuel path models of a 4.6-liter PFI gasoline engine. The model identifications were done 

at different operating points of the engine. Features of the frequency response plots were used to 

determine the parameters of the models associated with the air and fuel paths. For the air path 

model identification, the fuel injection pulse was kept constant and the variation of lambda was 

recorded as a function of perturbation of throttle valve. Similarly, the fuel path dynamic was 

identified by fixing the throttle valve and perturbing the fuel injection pulse. The perturbation was 

done by adding a band-limited white noise to the nominal injection pulse associated with the 

engine operating point under the test. Determination of the parametric models were done by 

averaging the frequency responses of the air and fuel paths and the average responses were used 

for calculating the transfer functions. The applied optimization technique involved minimizing the 

least square errors between the frequency response of the estimated transfer functions and the 

measured frequency responses. The delays of the fuel and air paths were determined by an iterative 

approach and keeping the errors at the minimum values. According to this approach, it is concluded 

that either a 2nd or a 3rd order model can capture the dynamics of the air and fuel paths of the 

engine. The controller for the transient AFR control was designed according the derived air and 
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fuel path dynamic models and its performance was compared to the performance of the original 

Ford Electronic Engine Controller (EEC) on a 4.6-liter Ford gasoline engine and showed an overall 

competing performance as indicated in Figure 4.16. The positive point regarding the proposed 

method is that it skips the time and labour intensive calibration process that is required for the 

conventional AFR controllers [22]. The same approach was used by David J. Stroh et. al. to 

develop steady state and transient AFR controllers for a 4.6-liter PFI gasoline engine. The designed 

controller included the air path and fuel path models, for which the fuel injection pules and the 

mass air flow parameter were used to excite the system dynamics and the measured output was the 

EGO sensor signal. As depicted in Figure 4.17, the designed feedforward controller compensated 

to the transients better than the conventional static map method [81].  

 

Figure 4.16: Performance comparison of the AFR controller designed by frequency response 

modeling (Purdue) and the original Ford Electronic Engine Controller (EEC) [22] 
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Figure 4.17: Performance comparison of the AFR controllers with (a) and without (b) 

feedforward compensation [81] 

    P. Dickinson and A.T. Shenton [82] used the input-output correlation approach to design a 

feedforward compensator for controlling AFR and engine speed in a PFI gasoline engine. The 

inputs that were perturbed for studying the engine outputs were the manifold air pressure, Fuel 

Pulse Width (FPW) and the engine load. These inputs were considered to be rich enough in sense 

of exciting the important frequencies of the system. Switching the input and output assignments 

for the collected test data enabled the determination of the feedforward controller according to 

inverse modeling technique. A Non-linear Auto Regression with Moving Average (NARMA) 

structure was used to design the inverse compensator. A 6000-point dataset was used, where half 

of the data were applied to the system identification and the other half for the model verification. 

Figure 4.18 shows the performance of the designed feedforward compensator in tracking a desired 

𝜆 profile. The designed controller performed efficiently and followed the desired 𝜆 values with 

acceptable errors. The agility of the feedforward controller was detectable in the FPW profile, 

where the spikes in the control action enabled the system to follow the desired values efficiently 

in fast transients. Such an approach was reported to be much faster than the current conventional 

AFR regulation methods, which require a great deal of engine testing activities [82].    
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Figure 4.18: Performance of the feedforward controller designed by input-output perturbed data 

and NARMA structure [82] 

    Different engine modeling methods were reviewed in this chapter to highlight their advantages 

and disadvantages. As reported in the literature, depending on the type of engine system, the 

complexity of the problem and the purpose of engine modeling, different modeling techniques 

should be chosen. In the context of black-box modeling, which is common for engine static map 

optimization, a variety of modeling techniques were reviewed and compared in terms of their 

prediction accuracy, computational costs and complexity of their structures. The measures for 

choosing best modeling techniques were also introduced and compared for different modeling 

techniques. It is also reported that how the arrangement of training data sets and validations data 

sets affect the accuracy of black-box modeling techniques. The provided information in this 

chapter will be applied to the engine modeling part of this thesis work, where the right engine 

modeling approach will be chosen by comparing a variety of different modeling techniques.   
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5. Chapter 5: Design of Experiment and Test Setup 

    As already explained in previous chapters, the Internal Combustion Engines (ICEs) are getting 

more and more complex in order to meet the stringent legislations. Adding more functions to the 

Engine Management Systems (EMS) makes the classical calibration process to be too expensive 

when considering the required time and cost. Hence, it is beneficial to follow a smart approach of 

determining engine behaviour and use it in the model based calibration process in order to cut 

down the time and money required for optimization of an advanced ICE. By using a model based 

calibration approach, it is possible to reduce the level of engine testing, which increase with adding 

new subsystems to engines. If the experiment is well designed, i.e. the most useful engine data are 

collected during the experiments, an appropriate engine model can be built and used as the 

representative of the engine behaviour in the optimization process [83].   

    Design of Experiment (DoE) is a testing methodology that has been applied to the calibration 

process of gasoline and diesel engines. The DoE is an important part of model based calibration, 

which is the creation of engine response models to be used in development and optimization of 

ICEs. Without a proper DoE, covering the entire range of the engine is time consuming and 

expensive, which highlights the importance of careful selection of engine test points for engine 

calibration.    

5.1. Overview of the DoE process 

    The complete DoE based optimization process is not just the design of test points but includes 

several other steps as depicted in Figure 5.1.  

 

Figure 5.1: DoE based engine calibration process [84] 

    Details of the tasks that should be followed in each step of a DoE based optimization process 

are as followings:  
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5.1.1. Plan 

    When planning the process for a calibration project, it is important to:   

 Define the objectives of the project and the variables of the system affecting those objectives. 

 Develop a task list and the associated time schedule and budget for the project. 

 Define the experimental strategy for the project, including how to do the tests using defined 

variables, how to eliminate disturbances and how to keep the same conditions for tests that 

are going to be compared as part of the project.  

    The use of models for calibration is the other issue that should be taken into consideration 

because it affects the DoE process. Depending on engine modeling approach, DoEs are built at 

one-stage or two-stage manners. A one-stage DoE is required to fit a model to all the data in one process. 

If the data inputs do not have a hierarchical structure and all model inputs are at the same level, the one-

stage DoE is the right choice. However, if the objective of the DoE is collecting engine data in a 

hierarchical way, a two-stage testing is required. In this approach, all the engine parameters are 

kept constant and one parameter, known as local parameter, is swept to have the engine responses.  

5.1.2. Design 

    The most significant part of the design step in a DoE process is determination of the test points 

in the associated operating region of the engine. Both of the number of tests points as well as their 

locations in the engine operating map are important. For the latter, the most straightforward design 

is the classical approach, which is defining break points for parameters that determine operating 

points of an engine, i.e. engine speed and load. For SI engines, engine load is identical to air mass 

flow to engine and can be expressed by several means including air mass per stroke, total air mass 

flow, IMEP or corrected throttle position. Positioning the break points is a matter of engineering 

experience and severely affects the calibration process. Figure 5.2 shows a typical classical design 

for an SI engine with evenly distributed break points for engine speeds and loads.  

    One disadvantage of the classical design is that it is very likely to de-emphasize information 

from regions that are more important to better performance. Designing a new engine with a 

subsystem introduced for the first time is an example of such a case. When there is not a wide 

engineering knowledge of an added system to an engine, the classical design may miss a region of 

interest for the new system, which may have critical effects on the engine performance and 

emission. The solution to this issue is the space filling design, which distributes the test points 

uniformly throughout the region of experimentation. In this way, it is possible to find the 

interesting phenomena of the engine if they happen anywhere in the experimental space. Figure 

5.3 shows a typical space filling design for an SI engine. 

    When there is high level of system knowledge, it is possible to reduce the number of the test 

points depending on the region in the engine operational map that needs to be optimized. This is 

the building block of the optimal DoE approach, which optimizes the number of test points and 

their locations in order to model the engine response in the regions of interest. Figure 5.4 shows 

the location of test points for a calibration process that targets the engine idling condition, which 

emphasizes the low-load low-speed regions in the engine operating domain.   
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Figure 5.2: Classical design of engine test points 

 

Figure 5.3: Space filling design of engine test points 

 

Figure 5.4: Optimal design of engine test points 
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    It is very beneficial to reduce the number of experimental configurations for modeling of a 

system while keeping the accuracy and robustness of the model within an acceptable range. This 

factor strongly depends on the level of complexity of the system, number of the calibration 

variables involved and the range of each variable. According to a comprehensive study by Peter J. 

Maloney [85], for a modern GDI engine equipped with intake and exhaust variable valve timing 

systems with three calibration parameters including intake valve timing, exhaust valve timing and 

spark advance and three engine outputs including engine torque, exhaust gas temperature and 

residual gas fraction, around 100 engine test points are required to build an accurate model to be 

used in model based calibration.          

    Constraints are applied to DoE as part of the design phase and confine the calibration variables 

to be within a specific range depending on the type of the optimization problem. These constraints 

can be related to safety issues of the system, i.e. not running a prototype engine in severe load and 

speed conditions. It is also possible to eliminate unnecessary regions associated with the 

calibration variable to save time and cost. An example of such a case is changing the EGR rate as 

a function of engine operating point, which means that there is no need to sweep from 0 to 100 

percent of EGR in all the test points. Instead, the EGR level can be varied around its typical value 

that is roughly known for each test point. The same approach can be followed for spark sweep 

tests performed on SI engines, where the typical spark timing range is known for different engine 

operating point.   

5.1.3. Testing 

    Once the plan and the design steps of the DoE process are completed, engine testing can be 

carried out according to the choice of test points, the calibration variables, the constraints, and the 

required measurements. It is very important to monitor all the parameters that affect the engine 

outputs either directly or indirectly. These parameters could be any of the control parameters of 

the engine, ambient conditions, engine accessory parameters, engine fluid condition etc. This is 

very critical when comparing the alternative designs of engine components. The other significant 

issue is the repeatability of the results, which needs the engine tests to be done more than once to 

verify the precision of the testing process.    

    Sometimes it is so hard to operate a system exactly at the test points determined in the design 

phase of the DoE process. This is quite normal in SI engines, where it is not possible to change the 

Throttle Position (TP) value in a continuous manner, which means that engine load adjustment is 

a stepwise process with small increments. The solution to this issue is performing the tests as close 

as possible to the points determined in the design process and keep the test points fixed throughout 

the testing process.  

5.2. Modeling Quality Assessment 

    Further to the engine models reviewed in chapter 4, it is concluded that the best type of modeling 

technique for DoE based engine optimization is black box modeling. Regardless of the type of 

black box modeling approach, it is essential to make sure that the model is robust and sufficiently 

accurate to predict engine behaviours associated with the outputs of interest like emissions, torque, 

fuel consumption, exhaust temperature and so on. There are a couple of criteria for the assessment 

of models, amongst which the residual analysis is the most important one. The model quality 
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assessment can be done by engine modeling tools like the MATLAB Model Based Calibration 

Toolbox, which has been extensively used in this research for engine modeling. It is also 

recommended to do some additional engine tests at engine operating points that are not the same 

as those determined in the design phase of DoE process. The results of these tests will further 

experimentally evaluate the quality of the engine model.   

5.3. DoE for the Spark Plug Evaluation 

    In order to evaluate the spark plug designed by NanoSpark, the steps of the DoE based 

calibration process should be followed for the Ford Coyote engine. Technically, the engine should 

be optimized using both of spark plugs i.e. the current OEM spark plug and the one designed by 

NanoSpark. The engineering reason behind this requirement is that an engine’s performance 

cannot be fully evaluated before it is fully calibrated and likewise that an engine component needs 

to be perfectly matched with other engine subsystems throughout the engine calibration process.   

    The structure of the engine model considered in this research is the two-stage model, where in 

its first stage the parameters determining the engine operating points (engine speed and load) are 

set and in the second stage, the spark advance parameter is swept over a specific range to determine 

the engine outputs. To save time and cost, the default spark timing of the Coyote engine extracted 

from the feedforward spark advance map stored in the ECU. Engine outputs are considered to be 

engine torque, engine raw emissions, fuel consumption, and exhaust temperature. Amongst the 

engine outputs, the exhaust temperature is not supposed to be optimized but is constrained to a 

maximum value to avoid TWC damage. Table 5.1 and Table 5.2 show the engine input and output 

variables respectively.  

 

    To determine the throttle opening values for setting the air mass flow to the engine, engine 

preliminary tests have been performed on the Coyote engine. The objective of the tests was 

studying the effect of throttle opening on the air mass flow to the engine in different speeds. Figure 

5.5 shows the results of the tests, which indicates that there is no need to fully open the throttle 

specially at the low engine speeds. This is because the throttle area is big enough to allow the 

engine to receive the requested mass air flow even if the throttle is partially open. Hence, it is not 

required to cover the complete range of throttle opening (0 to 100%) in all the engine speeds.   

Table 5.1: Engine inputs and their associated ranges 

Variable Type  Range 

Engine Speed 
Global variable determining the 

engine operating point 
1000 – 3000 rpm 

Engine Load 
Global variable determining the 

engine operating point 
20 – 100 % depending on engine speed 

Spark Advance Local calibration variable 

Within the range of combustion 

stability, exhaust temperature and  

knocking limits 
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Table 5.2: Engine outputs 

Engine output  Optimization criteria 

Torque Maximize 

Emission Minimize 

Fuel consumption Minimize 

Exhaust temperature Constrained to a maximum limit 

 

 

Figure 5.5: Dependency of mass air flow to throttle opening for the Coyote engine 

    Operating the engine at the test points obtained by the DoE was a key issue in this research. 

According to the physics of the intake manifold model (reviewed in chapter 4), the mass air flow 

to the cylinders is proportional to the intake manifold pressure at constant speed and temperature. 

In each specific engine speed, the amount of the total air mass entering the cylinders determines 

the engine load. The mass air flow to the engine must be precisely controlled in order to have a 

valid comparison between the NanoSpark and OEM spark plugs. In vehicles with SI engines and 

drive-by-wire control of throttle position, mass air flow is controlled by the ECU. According to 

the torque demand from the driver (accelerator pedal position) and other vehicle engine 

subsystems, the ECU determines the opening of the throttle body and the control action is 

performed by a PID controller. Observation of the throttle position control in Coyote engine 

showed errors in the order of 0.2% that can affect the mass air flow to the engine and lead to unfair 

spark plug comparisons. Hence, the engine load is set by overriding the throttle position instead of 

commanding the pedal position via the engine dynamometer. All other parameters affecting the 

mass air flow are also monitored. These parameters include intake and exhaust valve timings and 
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the intake air temperature. The second parameter that determines the engine operating points is the 

engine speed, which is controlled by the engine dynamometer by operating the engine in the 

Throttle-Speed mode.  

5.4. The Two-Stage Model Structure for the Ford Coyote Engine 

    A previously explained, the two-stage model inherited its name from the way that engine data 

is collected. For this research, at each operating point of the engine, the local variable, which is 

spark advance, is swept while all other variables are held constant. The global variables are engine 

speed, engine load which are under control. The rest of the affecting variables are monitored while 

sweeping the local parameter (spark advance) during the experiments.   

 

Figure 5.6: The two-stage model structure for the Coyote engine with its inputs and outputs 

    The outputs of the model should be determined based on the objectives of engine optimization. 

As already discussed, the objectives are maximizing engine torque while minimizing fuel 

consumption and emissions. The overall structure of the two-stage model with its inputs and 

response parameters is depicted in Figure 5.6. At each operating point of the engine, a local model 

is fitted to the engine outputs and then the model in the global level is fitted to predict engine 

outputs at the engine speeds and loads that were not included in the DoE.   

    After performing engine tests and refining experimental data i.e. excluding unacceptable test 

results, the engine model can be built by defining the type of the modeling approaches in the local 

and global stages. There are a wide range of statistical modeling options in the Model Based 

Calibration (MBC) toolbox library. For both of the local and global models, several options can 

be chosen and the best fit is selected according to the model quality assessment. Figure 5.7 shows 

a typical test point map of an engine in the BMEP-Engine Speed domain. Each test point is defined 

by the global variables assigned to X and Y axes and a model is built in the local stage by varying 

local parameters. Further explanation on building the two-stage model for the Ford Coyote engine 

is provided in chapter 6.  
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Figure 5.7: : Schematic representation of a typical map of an engine and the local engine 

responses 

5.5. Test Setup 

    The engine dynamometer and its associated facilities listed in Table 5.3 at Centre for 

Mechatronics and Hybrid Technology (CMHT) were used in the experimental phase of this 

research. 

Table 5.3: Experimental setup facilities 

Item Facility Explanation 

1 Gasoline Engine Gen 3, 2018 Ford Coyote Engine 

2 Engine Dynamometer Horiba Schenk Titan T 250 

3 Emission Analyser 
California Analytical Instruments measuring CO, 

CO2, O2, THC and NOx emissions 

4 Engine Control Unit EFI Technologies Open Access ECU 

5 Combustion Analyzer Kistler KiBox to Go type 2893A 

6 Crank Angle Position Sensor Kistler Optical Encoder type 2614CK 

7 Engine Dyno Accessories 
Oil Cooling Circuit, Engine Coolant Circuit, Fuel 

Supply System, Electrical Power Supply System 

 

5.5.1. Ford Coyote Engine 

    The gasoline engine used in the experimental phase of this research is one of the most popular 

engines in the North American market. The Gen 3, 2018 Coyote engine owned by the Ford Motor 

Company powers the F150 truck and the Mustang sport car. As a state-of-the-art SI engine, the 

Coyote engine has many control parameters due to its high number of control functions. The engine 

is also equipped with both DI and PFI injection systems, which operate simultaneously to benefit 

from the advantages that these systems offer as required in the engine operating domain. The 

general specifications of Gen 3, 2018 Ford Coyote engine are summarized in Table 5.4.  
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Table 5.4: Ford Coyote engine specifications 

Item  Specification  

Displacement  5.038 lit   

Number of cylinders  8  

Bore  93.0 mm  

Stroke  92.7 mm  

Firing order  1-3-7-2-6-5-4-8  

Spark plug  12405  

Spark plug gap  1.25-1.35 mm  

Compression ratio  12:1  

Engine weight (without accessory drive components)  205.5  kg 

Maximum power 343 kW @ 6750 rpm 

Maximum torque 569 Nm @ 4500 rpm 

5.5.2. Engine Dynamometer 

    The test stand available at CMHT engine dyno lab is the Titan T 250, which is a product of 

HORIBA Automotive Test Systems company. It has the ability of both transient and steady state 

engine testing with the technical data provided in Table 5.5.  

Table 5.5: Technical data of HORIBA Titan T 250 engine dynamometer 

Item  Specification 

Torque 600 Nm 

Power 220 kW 

Speed 8000 1/min 

Idle speed > 700 1/min 

Mass moment of inertia > 0.15 kgm2 

 

    The Horiba Titan T 250 test stand includes five main modules as depicted in Figure 5.8 with the 

following descriptions:  

1. Test stand automation system: STARS automation software for controlling and 

monitoring engine tests. 

2. Loading system: Dynas3 asynchronous electric motor/generator with power unit, SPARC 

controller and shaft connection to the engine. 

3. Data logging: Measuring box with measuring modules and optional measuring 

instruments for measuring variables involved in engine testing activities.  

4. Media conditioning: Optional units that can be applied to engine oil, engine coolant and 

fuel conditioning.  

5. Operator place: A combination of an instrumentation and control cabinet and a PC with 

integrated cable lead and holder for STARS-PC automation software.  
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Figure 5.8: : Overview of HORIBA Titan T 250 test stand 

5.5.3. Emission Analyzer 

    Measuring gaseous emissions of the engine is part of the test objectives in order to study the 

effect of different spark plug designs on engine emissions and optimizing the spark timing by 

considering emissions beside engine performance and fuel consumption. The emission 

measurement device used in this research is the CAI (California Analytical Instruments) emission 

analyzer, which has the capability of measuring different types of emissions by means of its 

separate modules as specified in Table 5.6.   

    For measuring Nitrogen Oxide (NO) or NOx emissions in the exhaust gas sample, the CAI 600 

CLD analyzer with chemiluminescence principle (the emission of light, as the result of a chemical 

reaction) is utilized. When analysing NO, the chemiluminescent reaction happens between ozone 

and NO, which yields NO2 and O2. The light produced by this reaction is proportional to the mass 

flow rate of NO2 into the reaction chamber. The intensity of this light is measured by a photodiode 

and its associated electronics with its calibrated output indicating the concentration of NO. In the 

NOx mode, the gas sample goes through a converter, which converts all the NO2 to NO and then 

the same process as NO mode is followed to determine the NOx concentration.  
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Table 5.6: CAI emission analyzer specifications 

CAI 600 Series CLD Analyzer 

Detection method  
Chemiluminescence (CLD) photodiode 

(thermally stabilized with Peltier cooler) 

Emission types NOx 

Range 
Four user-definable from 0-3 

to 0-3000 ppm 

Response time 
Typically < 2 seconds to 90% 

Full Scale 

Repeatability Better than 0.5% of Full Scale 

Linearity Better than 0.5% of Full Scale 

Noise Typically less than 1% of Full Scale 

Warm-up time 1 hour (typical) 

CAI 600 Series NDIR/Oxygen Analyzer 

Detection method  
Non-Dispersive Infrared (NDIR) for CO, CO2, CH4 and SO2 

/ Paramagnetic or electrochemical fuel cell for O2 

Emission types CO, CO2, CH4, SO2 and O2 

Range 

0-50 ppm up to 0-100% for CO and CO2 

0-1% up to 0-20% for SO2 

0-1,000 ppm up to 0-100% for CH4 

0-1% (paramagnetic only) up to 0-100% for O2 

Response time 
90% of Full Scale in < 1 second for CO, CO2, CH4 and SO2 

2 seconds paramagnetic; 16 seconds fuel cell for O2 

Repeatability Better than 1.0% of Full Scale 

Linearity Better than 1.0% of Full Scale of factory-calibrated ranges 

Noise Less than 1% of Full Scale of factory calibrated ranges 

Warm-up time Not Applicable 

CAI 600 Series FID THC Analyzer 

Detection method  Flame Ionization Detection (FID) 

Emission types HC 

Range Four user-definable ranges from 0-30 to 0-30,000 ppm 

Response time 90% Full Scale in 1.5 seconds 

Repeatability Better than 1.0% of Full Scale 

Linearity Better than 1% of Full Scale 

Noise Less than 1% of Full Scale 

Warm-up time hour (typical) 

 

    In case of total hydrocarbon analysis, the principle of Flame Ionization Detection (FID) is 

applied to the exhaust gas. According to FID principle, there is an electrostatic field generated by 

two electrodes. One of the electrodes is negatively polarized and the other one is connected to an 

electronic amplifier. The gaseous sample is ionized when introduced to the flame of a burner in 

the electrostatic field. The electrostatic field causes ions to move to the electrodes, which produces 

a small current proportional to total hydrocarbon concentration of the gas sample. To tell apart 

Methane and Non-Methane hydrocarbons, the gas sample goes through a heated catalyst that 
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removes the non-methane hydrocarbons so that the remaining gas sample will include methane 

hydrocarbon only. To determine the non-methane hydrocarbons, the result of methane-only 

hydrocarbon is subtracted from total hydrocarbons result. 

 

Figure 5.9: CAI single bay cart and its analyzer modules for different types of emissions 

    The working principle of the CAI series 600 NDIR/O2 analyzer is based on infrared absorption 

characteristics of gases. An infrared light beam is passed through gas samples stored in cells with 

specific lengths. Part of the energy of the beam is absorbed by sample gas and the attenuated beam 

is introduced to a second chamber equipped with an infrared micro flow detector. The detector is 

filled with the gas components that are supposed to be analyzed so that the beam loses further 

energy while passing through the detector. The pressure of the gas chambers increases due to the 

beam energy transfer to the gas samples and the pressure difference between the chambers 

generates a small gas flow between the chambers. This flow is proportional to the emission 

concentration in the gas sample and is converted into an output signal. For O2 concentration, the 

paramagnetic or electrochemical fuel-cell method is used to detect the concentration of oxygen in 

the exhaust sample gas and the result is displayed on the panel of CAI series 600 NDIR/O2 

analyzer. 

5.5.4. Engine Control Unit 

     The engine control unit that was used for controlling the Coyote engine is a product of EFI 

Technologies Incorporation that serves the Ford Motor Company for its racing activities. The ECU 

provides users with open access to all the engine control parameters and data logging. It is also 
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possible to lock engine parameters to specific values in order to study their effects on engine 

outputs. This option helps users to exclude the effect of certain parameters on test results and to 

study purely the effect of spark plugs on engine performance. All the control parameters of the 

engine should be monitored and if required kept the same for identical tests performed using the 

different sets of spark plugs. Likewise, all other factors associated with ambient and engine fluids 

condition that affect the engine performance should be monitored and kept the same for the sets of 

spark plugs being tested. Part of this requirement is performed by ECU control functions and those 

related to engine dynamometer setup are controlled by HORIBA Titan T 250 media conditioning 

module. 

    The application software associated with EFI ECU is called ECU Configuration Tool (ECT), 

which is used for engine management system calibration, data logging and data analysis. Through 

ECT, users have access to ECU calibration, i.e. all the feedforward lookup tables, feedback 

controller tuning coefficients, all the constants and variables of ECU functions and 

activation/deactivation of control loops. Access to ECU configuration layer is also provided to 

users, where it is possible to assign signals to Communication Area Network (CAN) Bus channels 

of the ECU as well as setting up the engine specifications like number of cylinders and firing order 

and configuring engine sensors and actuators [86].   

   In the display part of the ECT software, different types of displays and control panels can be 

created by users, through which a comprehensive monitoring and manipulation of engine 

parameters can be performed during engine testing process. Displays can be in form of graphs and 

numbers with logging sampling rate of up to 65 Hz.  

    In case of a new calibration requirement, calibration and configuration files can be easily loaded 

to EFI ECU via communication panel of the ECT software. It is also possible to play with the 

calibration parameters under both online and offline modes, but close attention should be paid to 

critical parameters changes in online mode to avoid engine failure due to an improper ECU tuning.  

5.5.5. Combustion Analyzer 

    In order to study the effect of the spark plug design on the engine combustion, the most 

important parameter to be studied is the in-cylinder pressure. This parameter was measured by 

installing a very fast and high precision pressure transducer in cylinder 1 of the Coyote engine. 

The pressure transducer is a product of Kistler Instrumentation AG Group and is a piezoelectric 

sensor with built in electronics. The sensor is installed in a specific location in the cylinder head 

as depicted in Figure 5.10 in order to avoid the effect of in-cylinder pressure waves on pressure 

signal. In fact, close attention was paid to the location of the sensor tip and the geometry of the 

path from sensor tip to the combustion chamber, because trapped gas in front of the sensor can act 

as a high strength media and adversely affect the pressure signal. Table 5.7 summarizes the 

technical specifications of the Kistler 6125C pressure transducer.  
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Figure 5.10: Kistler 6125C pressure transducer and its location in combustion chamber 

 

Table 5.7: Kistler 6125C pressure transducer technical data 

Parameter Range 

Measuring range 0 to 300 bar 

Overload 300 bar 

Natural frequency > 70 kHz 

Operating temperature range -20 … 350 °C 

Insulation resistance at 30 °C ≥ 1013 Ω 

Torque wrench setting 10 Nm 

Thermal shock error (at 1500 1/min and IMEP = 9 bar) ∆𝑝 ≤ 0.3 𝑏𝑎𝑟 

     

    The key module of the combustion analyzer is Kistler KiBox to Go and its associated software 

KiBox Cockpit. Kistler Instruments AG developed this module for measurement and analysis of 

in-cylinder pressure and other engine signals in real time and offline modes. It has the capability 

of sampling signals up to 10 times per crank angle (7200 samples per engine cycle in 4 stroke 

engines) through its 8 analog input channels.  It also reads different crack angle signals both from 

engine sensors and Kistler optical encoders if a higher precision is required. In terms of analysis 

capability, the combination of KiBox to Go, KiBox Cockpit and the optical encoder provides the 

user with all the important aspects of engine combustion i.e. peak pressure, location of peak 

pressure, rate of pressure rise, knocking condition, heat release, IMEP etc. This measurement and 

analysis setup can be connected to an engine application software like INCA to play the role of a 

precise measurement system in the loop and provide combustion data to ECUs for control and 

diagnostic purposes. It can also be used as a standalone system without any connections to an ECU 

application software. Both of the above mentioned setups are depicted in Figure 5.11. The 
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standalone configuration was applied to the Coyote engine in the CMHT engine dyno lab. It is also 

possible to setup these two system configurations in vehicles for combustion analysis in real road 

driving conditions.  

 

Figure 5.11: KiBox setup configurations: connected to engine application (top) and standalone 

(down) 

    As engine data is reported in crank angle domain with reference to TDC of the power stroke, 

determination of TDC is a critical task before doing combustion analysis. TDC is normally 

determined by running the engine in the motoring mode on an engine dynamometer or by driving 

the vehicle in a trailing throttle mode. This mode of operation provides the in-cylinder pressure 

signal without combustion effects and the TDC can be determined by looking at the peak pressure 

location and considering the thermodynamic losses due to heat transfer and air leakage during 

motoring compression. This procedure is performed on the Coyote engine in CMHT engine dyno 

lab and the resulting TDC is stored in KiBox Cockpit as a reference for recorded engine data in 

crank angle domain.   

5.5.6. Crank Angle Encoder 

    To synchronise engine combustion data to engine revolution, the crank angle signal with the 

TDC reference is required by KiBox setup. This synchronization can be done by means of engine 

crank angle signal, which is not precise enough for combustion analysis, or by high precision 

optical encoders. Kistler optical encoder type 2614CK as represented in Figure 5.12, is connected 
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to Coyote engine crank shaft on front side of the engine to measure the crankshaft position. 

According to its technical data, the 2614CK optical encoder generates crank angle signal with 

resolution of 0.5 degrees of crank angle and covers engine speeds up to 12000 rpm.  

 

Figure 5.12: Crank angle optical encoder type 2614CK with its electronics box and connections 

5.5.7. Engine Dyno Accessories 

    Besides the aforementioned facilities, there are other supporting systems in the engine dyno lab 

to guarantee the engine operation, control and monitoring. The fuel delivery system is responsible 

for providing the engine with fuel according to the required regulated pressure. It also measures 

the fuel flow to the engine, which is used for fuel consumption calculation. The power supply 

system provides required electrical power to the engine control unit, engine ignition system, fuel 

supply pump, coolant circulation pump and oil circulation pump. Some of the engine sensors and 

actuators are directly connected to the electrical supply voltage, which requires this voltage to be 

accurately regulated because of its direct effect on engine control phenomena. Observations during 

initial engine tests showed adverse effects of oscillating supply voltage on variable camshaft 

timing actuators and lambda sensor signals.   

    Engine oil and coolant temperature control is performed by oil and coolant circuits connected 

to the engine. The coolant circuit is directly connected to the engine internal cooling system and 

removes heat from engine coolant by circulating it through the engine and the external cooling 

circuit. The oil cooling system however is in indirect contact with engine oil, and the heat exchange 

between the external cooling oil and the engine oil takes place via a cross flow heat exchanger. 

Both of the coolant and oil cooling systems are linked to STARS automation system and the 

desired engine oil and coolant temperatures are achievable by adjusting the set points and 

controlling the coolant and oil flows by their associated flow control valves. 

    Apart form measurements done by engine sensors for control and diagnostic purposes, there are 

additional sensors installed in the engine dyno to measure air flow to the engine, intake air 

temperature, intake air pressure, exhaust gas temperature, ambient pressure, ambient temperature, 
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ambient humidity, engine coolant pressure, engine oil pressure, engine coolant temperature, engine 

oil temperature and the fuel line pressure. These measurements beside the measurements of engine 

sensors provide the engine dyno operator with the opportunity of monitoring all the parameters 

during engine testing process, analyze their effects on engine outputs and avoid damaging the 

engine and engine dyno facilities. The schematic of the CMHT engine dyno lab facilities is 

depicted in Figure 5.13.  

     

Figure 5.13: CMHT engine dyno lab facilities 

5.6. Data Logging Process and Data Management 

    In the CMHT engine dynamometer lab, there are three different control/data logging channels.  

The first one is the hardware and software interface to the ECU of the Coyote engine, which was 

developed by EFI Technologies Incorporation. This interface provides a comprehensive access to 

the ECU parameters for control and data logging purposes. Parameters considered to be controlled 

and logged using this setup are summarized in Table 5.8.  
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Table 5.8: Variables on ECU side and their required actions 

Variable Actions 

Engine load Set to the test point by engine dyno and monitored by ECU 

Throttle position 

Adjusted and monitored by ECU according to pedal position 

request from engine dyno (Overridden to avoid throttle position 

control errors) 

Total mass air flow 
Estimated by ECU by means of intake manifold model and 

MAP/MAF sensor  

Engine speed Set to the test point by engine dyno and monitored by ECU 

Air mass per stroke 
Estimated by ECU by means of intake manifold model and 

MAP/MAF sensor 

Spark advance Controlled by ECU 

Engine coolant temperature Controlled by cooling system and monitored by ECU 

Intake manifold air temperature 
Dictated by engine dyno room temperature and monitored by 

ECU 

Target AFR (Lambda) Set by ECU according to engine operating point 

Actual AFR (Lambda) Controlled by ECU/Measured by O2 sensors 

Ignition coil current Controlled and monitored by ECU 

Battery voltage Supplied by battery/Monitored by ECU 

Exhaust valve timing Controlled/Monitored by ECU 

Intake valve timing Controlled/Monitored by ECU 

Direct injection fuel pressure Controlled/Monitored by ECU 

Total fuel flow Estimated by ECU 

Direct injection timing Controlled by ECU 

Port injection timing Controlled by ECU 

Direct injection pulse width Controlled by ECU 

Port injection pulse width Controlled by ECU 

Intake manifold pressure  Measured by MAP sensor/Monitored by ECU 

Direct to port injection ratio Controlled by ECU 

 

    The second setup is the Horiba Titan T 250 engine dynamometer with its automation software 

STARS. Using STARS, there is a comprehensive control and monitoring access to the engine 

dynamometer and the subsystems linked to it. The subsystems include the emission analyser, fuel 

supply system, engine coolant cooling system, engine oil cooling system, air flow measurement 

system and exhaust pressure and temperature measurement system. Running the engine in 

Throttle-Speed mode by the engine dynamometer enables keeping the engine speed in a specific 

value and changing the engine load by adjusting the pedal position command. According to the 

pedal position command, the ECU sets the actual throttle position, valve timing, injection, ignition 

and other actuating parameters according to ECU maps and/or transient engine control algorithms. 

Parameters that are monitored and controlled by STARS and their required actions are summarized 

in Table 5.9.    

 

 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

110 
 

Table 5.9: Variables on engine dyno setup and their required actions 

Variable Actions 

Barometric pressure Measured by engine dyno subsystems 

Engine cell temperature Measured by engine dyno subsystems 

Engine coolant pressure Measured by engine dyno subsystems 

Engine coolant temperature Measured by engine dyno subsystems 

Exhaust back pressure Measured by engine dyno subsystems 

Fuel temperature Measured by engine dyno subsystems 

Fuel supply pressure Controlled/monitored by fuel supply system  

Intake manifold pressure  Measured by engine dyno subsystems 

Intake manifold temperature Measured by engine dyno subsystems 

Intake air mass flow Measured by engine dyno subsystems (LFE) 

Intake air relative humidity Measured by engine dyno subsystems 

Intake air temperature Measured by engine dyno subsystems 

Intake depression Measured by engine dyno subsystems 

Engine oil pressure Measured by engine dyno subsystems 

Engine oil temperature Measured by engine dyno subsystems 

Right bank exhaust temperature Measured by engine dyno subsystems (Thermocouple) 

Left bank exhaust temperature Measured by engine dyno subsystems (Thermocouple) 

Standard intake air volumetric flow Estimated by engine dyno subsystems 

Actual intake air volumetric flow Estimated by engine dyno subsystems 

Intake air density Estimated by engine dyno subsystems 

Engine power  Measured by engine dyno 

Engine speed Controlled and monitored by engine dyno 

Engine torque Measured by engine dyno 

Pedal position Set by engine dyno 

Fuel flow Measured by fuel supply system 

 

    The third setup is the Kistler combustion analyzer, which uses in-cylinder pressure and the 

encoder signals to prepare the combustion analysis data. All the properties of in-cylinder pressure 

signal (peak pressure, location of peak pressure in CA domain, maximum rise and its location) and 

their associated properties are calculated in KiBox Cockpit software for a number of engine cycles 

that can be determined by the user. Table 5.10 summarises the list of KiBox parameters and their 

definitions.  

    The combustion parameters provided by the combustion analyzer were used for monitoring the 

in-cylinder pressure data. This observation was used for determination of the spark timing limits 

in its extreme advanced and retarded conditions. The upper limit of the spark timing was 

determined by looking at the knocking parameters of the engine (see Table 5.10). The lower limit 

of the spark timing was determined by monitoring the shape of the in-cylinder pressure curve and 

the exhaust temperature values. The abnormal combustion due to a very retarded spark timing adds 

a second peak to the in-cylinder pressure curve, which is an indication of late combustion in the 

power stroke.        
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Table 5.10: Kistler KiBox parameters and their definitions 

Parameter Definition 

AI50 Location of the 50% conversion (mass fraction burned) 

AI50_AVG Mean value of the location of 50% conversion 

AI50_STD Standard variation of the location of 50% conversion 

BD Combustion duration as the difference between start and end of combustion 

CYCLE Engine cycle number 

I Integral heat release 

QMAX Value of the maximum conversion 

AQMAX Location of the maximum conversion 

Q Heat release 

IMEPN Indicated mean effective pressure 

IMEPN_AVG Average value of the IMEP over a certain number of cycles 

IMEPN_STD Standard deviation of the IMEP over a certain number of cycles 

IMEPN_COV Variant coefficient of the IMEP over a certain number of cycles 

TRQIMEP Torque calculated from the indicated mean effective pressure 

KFRQ 
Knock frequency: displays the percentage of all observed cycles 

in which knocks were detected 

KPEAK 
Knock peak: displays the maximum value of the high-pass filtered knocking 

pressure signal 

KRAT 

Knock ratio: displays the ratio of the integrals of the high-pass filtered 

cylinder pressure profile in the area after "PMAX+Offset" and before 

"PMAX+Offset" ("knock integral"/"reference integral"). 

KINT 
Knocking integrated: the high-pass-filtered cylinder pressure 

profile after PMAX+Offset ("knock integral") 

APMAX Location of the maximum pressure in the crank angle range 

PMAX Value of the maximum pressure 

PMAX_AVG Average of maximum pressure value 

PMAX_STD Standard deviation of maximum pressure value 

PMAX_COV Coefficient of variation of maximum pressure value 

APMAX_AVG Average of location of the maximum pressure 

APMAX_STD Standard deviation of the location of maximum pressure 

RMAX Maximum rise per degree crank angle 

ARMAX Crank angle location of the maximum rise 

SPEED_AVG Speed average per combustion cycle 

SPEED_HIRES crank angle resolved speed 

PCYL In-cylinder pressure 

Volume Cylinder volume calculated according to engine specifications 

Crank angle Position of crankshaft in degrees with reference to firing TDC of cylinder 1 

     

    A critical factor for the engine tests that were performed for comparing the two spark plug 

designs is keeping all engine parameters in the same range. Amongst these parameters, the air flow 

to the engine is of highest importance because the engine torque is directly affected by air flow. 

So, close attention should be paid to control variables that determine the air flow to the engine, 
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which are throttle position, intake and exhaust valve timing and the ambient condition. The first 

two attributes were controlled by ECU and the third one was not totally under control but was 

compensated by means of correction factors.  

    The objective of the experiments was to keep as many parameter as possible within close 

comparable ranges for the tests performed for the two spark plug designs. All the comparative tests 

for a specific engine speed were performed in a single day in order to exclude the day to day 

variation effects. These tests included all engine loads and all spark timings for both of the spark 

plugs. To consider the repeatability of the test results, engine tests in a single day were performed 

according to the OEM-NS-NS-OEM sequence, where OEM and NS refer to the OEM and 

NanoSpark plugs respectively.   

    Given the large number of parameters logged, there are too many engine data sets to be analyzed 

after each round of engine testing. Furthermore, signals were recorded on three different platforms 

(STARS, EFI and Kistler) with different formats. Hence, to ease the post processing phase of 

engine tests, a comprehensive MATLAB m-file was developed to process the large volume of 

measured data and to produce a report of the final results.      

    The importance of DoE in engine calibration and its different steps were reviewed in this 

chapter. Features of different designs were introduced to understand their application to different 

types of engine experiments. The procedure of controlling engine parameters that affect engine 

outputs are also highlighted to avoid unfair spark plug comparisons due to engine tests performed 

in different conditions. The engine modeling strategy and the specifications of the used test 

facilities are also provided. Parameters that are being monitored during the experiments were 

defined and listed for each logging setup. The provided information in this chapter was used in the 

experimental part of this research and assisted to fit an accurate model to the Coyote engine for 

the different spark plug designs. Further details of the testing process, test data analysis and the 

engine modeling are provided in chapter 6.         
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6. Chapter 6: Test Results and Engine Modeling  

     The model based engine optimization technique shows its superiority when compared to the 

conventional method once all required engine tests are done. All tests are conducted according to 

DoE standards in terms of data collection, engine modeling, and the ECU map optimization [87]. 

This chapter explains how the performance and emissions tests are performed and how the data is 

used for engine modeling. Different modeling techniques are applied and compared in terms of 

their overfitting and under-fitting properties.    

6.1. Engine Tests 

    To collect engine data for the two different spark plug designs, engine tests were conducted in 

a number of the Coyote engine’s operating points. Engine performance, emissions, and fuel 

consumption were the main measurements that were logged throughout the testing process. 

Moreover, engine combustion was monitored by means of the Kistler combustion analyzer to have 

an appropriate control on ECU tuning parameters. All parameters affecting the engine output were 

also controlled and kept the same for the two spark plug designs.     

6.1.1. Engine Emission, Performance and Fuel Consumption Tests 

    The tests pertaining to engine emissions, performance and fuel consumption covered the engine 

speed range of 1000 to 3000 rpm and engine loads of 20 to 100%. Five different engine speeds 

have been considered and for each speed, five different loads are applied to the engine. The mass 

air flow to the engine was controlled by setting the position of the engine’s throttle by the ECU 

application software. The engine load is calculated by the following formula at each engine speed: 

𝐸𝑛𝑔𝑖𝑛𝑒 𝐿𝑜𝑎𝑑 (%) =  
𝑀𝑎𝑠𝑠 𝐴𝑖𝑟 𝐹𝑙𝑜𝑤 𝑡𝑜 𝐸𝑛𝑔𝑖𝑛𝑒 @ 𝑆𝑝𝑒𝑒𝑑 𝑁

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑃𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝐴𝑖𝑟 𝐹𝑙𝑜𝑤 𝑡𝑜 𝐸𝑛𝑔𝑖𝑛𝑒 @ 𝑆𝑝𝑒𝑒𝑑 𝑁
× 100                                           (6.1) 

    At each engine speed and load, i.e. each engine operating point, six different spark timings are 

applied to the engine in increments over its entire range. To eliminate the effects of day to day 

variations, all tests for each engine speed are done in one day with the sequence OEM-NS-NS-

OEM, where OEM and NS indicate the use of OEM and NanoSpark plugs respectively. Table 6.1 

shows the engine test points, where the default spark timings of the Coyote engine are highlighted 

for each engine operating condition. The table shows that 150 tests points are considered to build 

the engine response models pertaining to emissions, fuel consumption and performance.   

    Emission data collection required specific consideration of exhaust gas content stabilization. 

Considering this issue and the response time of the emission analyzer, the engine was kept at each 

operating point for one minute to have emission readings stabilized. After emission reading 

stabilization at each engine operating point and spark timing (see Table 6.1), data logging 

performed for one minute for the engine dynamometer and ECU parameters. Data logging using 

the Kistler combustion analyzer was performed for a duration of 200 engine cycles at each test 

point. The collected data was then averaged for analysis and engine modeling.  
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Table 6.1: Coyote engine test points 

 

 

6.1.2. Controlling Engine Tests 

   One critical part of the testing activity was keeping the engine at the same operating conditions 

in order to have reliable data for the comparison of spark plugs. To manage this issue, engine tests 

for each speed were conducted in a single day to avoid the day to day ambient condition variations. 

Moreover, careful attention was paid to controlling parameters that affect engine performance and 

emission attributes. These parameters include mass air flow to engine, engine coolant temperature, 

engine oil temperature, intake air temperature, and air to fuel ratio. The variation of these 

parameters for engine tests performed at the engine speed of 2000 rpm are shown in Figure 6.1 to 

Figure 6.5. In addition, engine tests were performed twice for each spark plug design to prove the 

repeatability of the test results.  



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

115 
 

 

Figure 6.1: Intake air flow to engine for 2000 rpm, different engine loads and spark timings 

 

 

Figure 6.2: Intake air temperature for 2000 rpm, different engine loads and spark timings   
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Figure 6.3: Engine oil temperature for 2000 rpm, different engine loads and spark timings 

 

Figure 6.4: Engine coolant temperature for 2000 rpm, different engine loads and spark timings 
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Figure 6.5: Lambda values for 2000 rpm, different engine loads and spark timings 

    As the above figures indicate, these parameters were appropriately controlled to eliminate the 

effects of their variations on engine outputs and to have fair comparisons of the performance of 

the spark plugs. However, careful attention should be paid to air mass flow to the engine as a small 

change in this parameter has a noticeable effect on the engine performance. The relationship 

between the engine torque to the air mass flow rate is depicted in Figure 6.6. According to this 

figure, a higher value of air mass flow (OEM1 test case) results in a higher output torque.  
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Figure 6.6: Effect of air mass flow to engine on engine torque 

    To eliminate the effects of air mass flow differences on the performance of spark plugs, the 

engine torque outputs for each test point were corrected against OEM1 test case. The engine torque 

was corrected according to the following formula:  
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𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒 (𝑂𝐸𝑀2) = 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒(𝑂𝐸𝑀2)  × 
𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑂𝐸𝑀1)

𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑂𝐸𝑀2)

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒 (𝑁𝑆1) = 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒(𝑁𝑆1)  × 
𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑂𝐸𝑀1)

𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑁𝑆1)

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒 (𝑁𝑆2) = 𝐸𝑛𝑔𝑖𝑛𝑒 𝑇𝑜𝑟𝑞𝑢𝑒(𝑁𝑆2)  × 
𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑂𝐸𝑀1)

𝐴𝑖𝑟 𝑀𝑎𝑠𝑠 𝐹𝑙𝑜𝑤 (𝑁𝑆2) }
 
 

 
 

               (6.2) 

where OEM1 is the first round of test for OEM spark plugs, OEM2 is the second round of test for 

OEM spark plugs, NS1 is the first round of test for NanoSpark plugs and NS2 is the second round 

of test for NanoSpark plugs. By doing this, the engine power, the break specific fuel consumption 

and the break specific emissions were also corrected since engine torque is used to calculate these 

parameters (see Equations (6.3) and (6.5)). Figure 6.7 shows the dependency of the engine torque 

to the air flow for the Ford Coyote engine at different engine speeds. According to the figure, the 

engine torque increases almost linearly with the air flow, which shows the validity of the linear 

correction of the engine torque against the mass air flow to the engine.           

 

Figure 6.7: Dependency of output torque of the Coyote engine to air flow 

6.2. Engine Test Results 

    To analyse engine test results, the parameters of interest form all the three data loggers (engine 

dynamometer, ECU application software and Kistler combustion analyser) were averaged and 

plotted against spark timing for each engine speed and load and for all the tests performed for the 

two different spark plug designs. The parameters of interest to be discussed include engine torque, 

fuel consumption, exhaust temperature, engine emissions, in-cylinder pressure and engine 

knocking parameters.  
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6.2.1. Engine Torque 

    Engine torque is the result of combustion pressure acting on pistons during the engine power 

stroke. The combustion pressure curve in a specific engine is a function of many different 

parameters including in-cylinder air charge, AFR, spark timing, injection timing, heat transfer to 

combustion chamber surfaces and the overall combustion quality. The important contributing 

parameters to in-cylinder pressure are the cylinder air charge, air to fuel ratio and spark timing. 

Cylinder air charge with a specific air to fuel ratio determines the amount of energy that is released 

in each combustion cycle. So a higher air charge generates a higher in-cylinder pressure. The air 

fuel ratio affects the flame propagation speed and the speed of pressure build-up in the combustion 

stroke of ICEs. Applying either too lean or too rich AFR negatively affects flame speed and in-

cylinder pressure curve. Ignition timing controls the phasing of combustion in the engine crank 

angle domain. Variation of ignition timing is an affecting parameter because it controls the location 

of combustion process in the crank angle domain. Since the in-cylinder pressure is in interaction 

with the changing volume of engine cylinders, the start of energy release and hence the pressure 

build-up needs careful attention for optimal operation of ICEs. As previously mentioned in the 

literature review part of this thesis, there is an optimum value for the location of in-cylinder peak 

pressure, which is controlled by ignition timing. Too advanced ignition timing causes engine knock 

while too retarded ignition timing causes the combustion energy release to happen late in power 

stroke and not to be used to generate engine torque.  

    According to the above explanation, for a specific AFR, a higher engine load (higher air flow 

to engine) is expected to generate more engine torque. In addition, advanced spark timing is 

expected to generate higher engine toque until it is affected by knocking. Beyond the engine 

knocking limit, engine torque drops by further advancing the spark timing because of the adverse 

effects of knocking pressure waves interacting with each other inside the combustion chamber. 

Figure 6.8 shows the dependency of engine torque to engine load and spark timing for the engine 

speed of 2000 rpm. As expected, a higher engine load (higher cylinder air charge) generated more 

torque. Moreover, engine torque increased with advanced spark timing until it reaches the 

knocking limit, after which the torque drops with further advanced spark timing. For a better 

illustration of the effects of the in-cylinder pressure on engine torque, the variations of the engine 

torque and the in-cylinder pressure against spark timing are depicted in Figure 6.9 and Figure 6.10 

for the engine speed of 2000 rpm and 68% engine load. As shown in Figure 6.9, the engine peak 

torque happens around 26 degrees BTDC of spark timing. Beyond this point, the engine torque 

drops and severe knocking happens for the most advanced spark timing as depicted in Figure 6.10. 

It is also clear that for the most retarded spark timing, combustion starts too late and the fuel energy 

is dissipated in late stages of power stroke. For too large of a retarded spark advance, in-cylinder 

pressure curve changes from a single peak curve to a double peak curve, where the first peak is 

associated to the motoring pressure rise and the second peak shows the late combustion energy 

release as shown in Figure 6.10 for the most retarded spark timing (12 Degrees BTDC).         
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Figure 6.8: Dependency of engine torque to engine load and spark timing 

 

Figure 6.9: Dependency of engine torque to spark timing at 2000 rpm and 83% load 
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Figure 6.10: Dependency of in-cylinder pressure to spark timing at 2000 rpm and 83% load 

6.2.2. Fuel Consumption 

    The amount of fuel applied to engine by its injection system follows the amount of air mass per 

stroke and the lambda set point. Initial injection pulses are calculated by injection feedforward 

map and corrections are applied to injection pulses according to signals from lambda sensors. As 

illustrated in Figure 6.11, the fuel flow to engine is almost constant for a specific engine speed and 

load. For high load conditions, fuel flow slightly decreases with time because the high level of heat 

rejection from engine exhaust system heats up the engine dyno room, which results in less air mass 

flow to engine and hence less fuel flow and engine torque (see Figure 6.1).   

    To eliminate the effects of ambient conditions on fuel consumption, the break specific fuel 

consumption parameter is calculated according the following formula and used as a measure for 

fuel consumption comparisons of spark plugs.  

𝐵𝑆𝐹𝐶 (𝑔/𝑘𝑊ℎ) =  
𝐹𝑢𝑒𝑙 𝐶𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 (𝑔/ℎ)

𝐸𝑛𝑔𝑖𝑛𝑒 𝑃𝑜𝑤𝑒𝑟 (𝑘𝑊)
                                                                                       (6.3) 

This parameter is a good measure of engine efficiency and indicates the amount of fuel that an 

engine burns in a specific steady state operating condition to produce 1 kWh of energy.      
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Figure 6.11: Fuel consumption of the Ford Coyote engine at 2000 rpm and different loads 

 

Figure 6.12: Dependency of BSFC to engine load and spark timing 

    Dependency of BSFC to spark timing and engine load at 2000 rpm is depicted in Figure 6.12. 

As expected, BSFC decreases by advancing the spark timing since engine torque increases with 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

124 
 

spark timing for a constant air and fuel flow. Beyond the knocking limit, BSFC deteriorates 

because of engine torque drop. It is also clear from Figure 6.12 that BSFC improves as engine load 

increases. This is an indication of throttle opening on engine efficiency, where for higher engine 

loads, the throttle valve area is bigger than low load conditions. 

6.2.3. Exhaust Temperature 

    Monitoring of the exhaust temperatures of ICEs is a proper method of detecting abnormal 

operations. For the Coyote engine, exhaust temperatures of the left and right banks were monitored 

during the tests to make sure that both banks are operating identically and there is no sign of 

abnormal combustion. Figure 6.13 shows the average exhaust temperature of right and left banks 

of the Coyote engine for the engine speed of 2000 rpm and for different engine loads and spark 

timings. As expected, higher engine loads produced higher exhaust temperatures as more air and 

fuel are mixed and burnt in the combustion process. Variation of spark timing also affects the 

exhaust temperature. A more retarded spark timing produces a higher exhaust temperature because 

combustion happens late in the engine crank angle domain and closer to exhaust valve opening 

event.   

 

Figure 6.13: Dependency of exhaust temperature to engine load and spark timing 

6.2.4. Engine Emissions 

    Engine emission is an important consideration for comparing spark plugs as an abnormal 

combustion caused by a malfunctioning spark plug adversely affects engine emissions. The 

emissions that were measured were NOx, THC and CO2. As expected, CO2 showed the same 

behaviour as fuel consumption of the engine because it follows the amount of the burnt fuel 
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according to carbon balance of the combustion chemistry. THC emission did not show a repeatable 

behaviour for different tests that was due to a malfunctioning emission analyzer. So THC emission 

is not considered in the comparison of the spark plugs. NOx emission showed a repeatable 

behaviour for different tests and followed the physics of engine combustion. As depicted in Figure 

6.14 , with increased engine load, NOx concentration in the exhaust gas increased. NOx emission 

also increased for more advanced spark timings. This is due to the elevated in-cylinder 

temperature. According to Zeldovich mechanism for NO formation, a higher in-cylinder 

temperature produces a higher level of NOx [88].  

 

Figure 6.14: Dependency of NOx concentration to engine load and spark timing 

    Break specific NOx emissions were calculated to eliminate the effects of ambient conditions on 

emissions results. Calculation of the NOx break specific emission includes the following steps: 

1. Measurement of concentration of NOx in the exhaust gas 

2. Measurement of engine power 

3. Measurement of air mass flow rate to engine 

4. Measurement of fuel flow rate to engine 

5. Calculation of exhaust flow rate (air flow rate + fuel flow rate) 

6. Calculation of NOx flow rate using the following equation:  

   

𝑁𝑂𝑥 (
𝑔

ℎ
) =

𝑁𝑂𝑥 (𝑝𝑝𝑚)×10−6×𝑀.𝑊 𝑜𝑓 𝑁𝑂𝑥 (𝑔/𝑚𝑜𝑙𝑒)×𝐸𝑥ℎ𝑎𝑢𝑠𝑡 𝐹𝑙𝑜𝑤 𝑅𝑎𝑡𝑒 (𝑘𝑔/ℎ)

𝑀.𝑊 𝑜𝑓 𝐸𝑥ℎ𝑎𝑢𝑠𝑡 𝐺𝑎𝑠 (𝑔/𝑚𝑜𝑙𝑒)
× 1000                      (6.4) 

7. Calculation of brake specific NOx emission using the following equation: 
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𝑁𝑂𝑥 (
𝑔

𝑘𝑊ℎ
) =

𝑁𝑂𝑥 𝐹𝑙𝑜𝑤 𝑅𝑎𝑡𝑒 (𝑔/ℎ)

𝐸𝑛𝑔𝑖𝑛𝑒 𝑃𝑜𝑤𝑒𝑟 (𝑘𝑊)
                                                                                               (6.5) 

Where M.W stands for molecular weight and ppm is parts per million in volume base. Molecular 

weights of NOx and exhaust gas are 46.006 and 28.700 g/mole respectively. As depicted in Figure 

6.15, the break specific NOx emission increases with engine load and spark advance.  

 

Figure 6.15: Dependency of the break specific NOx emission to engine load and spark timing 

6.2.5. In-Cylinder Pressure 

    The in-cylinder pressure of Coyote engine was measured during the tests by means of a pressure 

transducer installed in cylinder number 1 of the engine. The pressure data was the primary means 

of monitoring combustion of the engine during the tests. It is possible to control the peak pressure 

value and its location in engine cycle by means of spark timing (see Figure 6.10).  One important 

feature of the in-cylinder pressure is its cycle to cycle variation. All engine cycles in a steady state 

operation do not produce identical in-cylinder pressure due to the variation of combustion process 

in different cycles. Such a cycle to cycle variation for 20 engine cycles is shown in Figure 6.16, 

where the variation of peak pressure ranges from 110 to 170 bars.  
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Figure 6.16: Cycle to cycle variation of in-cylinder pressure 

    To consider this cycle to cycle variation, 200 engine cycles were recorded for each test condition 

and the averaged values of in-cylinder pressure features were analyzed. The considered features 

are peak pressure, location of peak pressure and IMEP, which are represented for the engine speed 

of 3000 rpm and 68% engine load in Figure 6.17, Figure 6.18, and Figure 6.19 respectively. The 

location of peak pressure for the most retarded spark advance (19 degrees BTDC) is closer to TDC 

compared to the default spark timing (23 degrees BTDC). This is due to the late combustion in 

retarded spark timing, which produces dual peaks in the in-cylinder pressure where the motoring 

peak that is closer to TDC is bigger than the firing pressure peak. The calculated IMEP from the 

in-cylinder pressure data is an indicator of engine torque generation. Such a correlation between 

IMEP and engine torque is observable by comparing Figure 6.19 to Figure 6.6.     



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

128 
 

 

Figure 6.17: Dependency of cylinder peak pressure to engine load and spark timing 

   

Figure 6.18: Dependency of cylinder peak pressure location to engine load and spark timing 
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Figure 6.19: Dependency of IMEP to engine load and spark timing 

6.2.6. Engine Knocking Parameters 

    Since engine knocking should be avoided, the knocking features of the in-cylinder pressure 

curve were monitored during the tests. The most important feature of engine knocking from in-

cylinder pressure curve is the knocking peak pressure. This is the maximum magnitude of the saw-

shape pressure curve that happens due to knocking. Such a knocking pressure curve is depicted in 

the pressure curve of the most advanced spark timing in Figure 6.10. The magnitude of this saw-

shape pressure curve is an indication of the knocking severity. As indicated in Figure 6.20, 

knocking peak pressure increases with engine load and spark advance and becomes very critical 

at high engine loads with advanced spark timings. This parameter along with the engine knock 

sensor signals where used to avoid critical knocking and determination of the spark timing range 

for each operating condition. The spark timing ranges are useful when optimizing the engine for 

comparing spark plugs. The optimization algorithm is set to search within the spark timing limits 

of each engine operating point to avoid misleading the optimization algorithm in the search space 

of the engine optimization problem. Figure 6.21and Figure 6.22 show the signals of the four knock 

sensors of the Coyote engine for one engine cycle in normal and severe knocking conditions at 

2000 rpm and 83% engine load. The peak to peak value of signals show how engine block vibrates 

in normal and knocking conditions.        
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Figure 6.20: Dependency of knocking peak pressure to engine load and spark timing 

 

Figure 6.21: Knock sensor signals of the Coyote engine in normal condition 
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Figure 6.22: Knock sensor signals of the Coyote engine in knocking condition 

6.3. Results Analysis 

    After applying correction factors on engine responses, all outputs of interests associated to 

NanoSpark and OEM spark plugs were compared. Figure 6.23 to Figure 6.25 show the engine 

torque, BSFC and the break specific NOx emission for the engine speed of 1000 rpm and different 

engine loads. These parameters for the engine speeds of 2000 rpm and 3000 rpm are illustrated in 

Figure 6.26 to Figure 6.31. Analyzing engine outputs show that: 

For engine torque and BSFC: 

- At low load condition, NanoSpark plugs are superior to OEM spark plugs.  

- At moderate load condition, NanoSpark and OEM spark plugs are identical. 

- At high load condition, OEM spark plugs are marginally better than NanoSpark.  

For break specific NOx emission: 

- At low engine speed condition, OEM spark plugs are better than NanoSpark.  

- At moderate engine speed condition, NanoSpark and OEM plugs are identical. 

- At high engine speed condition, NanoSpark plugs are better than OEM plugs. 

   As expected, the performance of the plugs in terms of the engine torque and BSFC is the same. 

This is because of the relationship between the two objectives. Further details of the relationships 

between the objectives and the comparison of the spark plugs is provided in chapter 7.    
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Figure 6.23: Corrected engine torque for OEM and NanoSpark plugs at 1000 rpm 
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Figure 6.24: Corrected BSFC for OEM and NanoSpark plugs at 1000 rpm 
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Figure 6.25: Corrected break specific NOx emission for OEM and NanoSpark plugs at 1000 rpm 
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Figure 6.26: Corrected engine torque for OEM and NanoSpark plugs at 2000 rpm 
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Figure 6.27: Corrected BSFC for OEM and NanoSpark plugs at 2000 rpm 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

137 
 

 

 

 

Figure 6.28: Corrected break specific NOx emission for OEM and NanoSpark plugs at 2000 rpm 
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Figure 6.29: Corrected engine torque for OEM and NanoSpark plugs at 3000 rpm 
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Figure 6.30: Corrected BSFC for OEM and NanoSpark plugs at 3000 rpm 
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Figure 6.31: Corrected break specific NOx emission for OEM and NanoSpark plugs at 3000 rpm 
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6.4. Engine Modeling 

    The above test results showed good correlations between the engine torque, the fuel 

consumption, the NOx emission, and the in-cylinder pressure data. In addition, the test results 

followed the expected dependency to engine load and spark timing. It is also observed that all the 

parameters of interest were repeatable for NanoSpark and OEM spark plugs. This repeatability is 

shown in Figure 6.1 to Figure 6.5 for parameters that affect the engine outputs. Repeatability of 

the engine torque, BSFC and break specific NOx emissions for the engine speed of 2000 rpm and 

different engine loads and spark timings are illustrated in Figure 6.8, Figure 6.12, and Figure 6.15 

respectively. The repeatable test results show the good control of the engine throughout the tests 

and also the lack of abnormal engine operation.  

    By analyzing the test results, it is concluded that the second set of tests for spark plugs were 

more representative of the engine operation.  The reason for choosing the second set of tests is that 

they are more identical than the first set of tests when comparing their associated parameters that 

affect the engine performance. These parameters include intake air mass flow, intake air 

temperature, coolant temperature, and oil temperature. Therefore, the second set of tests (OEM2 

and NS2) used for engine modeling. Figure 6.32 shows the variation of the above mentioned 

parameters for the engine speed of 2000 rpm and 28% engine load for the test cases (OEM1, 

OEM2, NanoSpark1, and NanoSpark2). The dashed lines, which are the second round of tests for 

each spark plug have been chosen for engine modeling.  

 

 

Figure 6.32: Variation of affecting parameters on engine performance 
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    The engine outputs considered for engine modeling are engine torque, BSFC and break specific 

NOx emission. The behaviour of these parameters were modeled versus engine inputs, i.e. engine 

speed, engine load and spark timing. As explained in chapter 5, the modeling approach is the two-

stage engine modeling, where the local variable (spark timing) is varied in an operating condition 

of the engine (engine speed and load) and models are fitted to experimental data. These local 

models provide the coefficients to explain the variation of engine responses between the spark 

sweep tests, i.e. moving form one engine operating condition (speed N and load L) to another 

engine operating condition (Speed N´ and Load L´) according to the DoE that was considered for 

engine testing. Depending on the type of local model fit, the features of the local models are 

different. The equations that describe the local model curves have coefficients such as minimum 

BSFC and location of minimum BSFC. These coefficients are available for any engine operating 

point where the spark sweep test is performed and are used to build the engine models in the global 

space. Such an engine model enables the prediction of engine outputs globally i.e. any arbitrary 

engine speed and load. As illustrated in Figure 6.33, the local fit to engine torque has coefficients 

for maximum torque and its location in spark timing domain. The maximum engine torque for 

each spark sweep test is then used for fitting the engine torque model in the global space. The 

outputs of the engine models in the global space are a set of surfaces that are built by means of the 

response features of the local model at each test point in the engine speed and load domain. Using 

these surfaces, it is possible to determine the response features of the local models at any arbitrary 

point in the engine load and speed domain and predict the variation of the engine outputs by 

building the local models.  

 

Figure 6.33: Structure of two-stage model; local model fit to engine torque data (left) and 

maximum engine torques in speed-load global space (right) and the pseudo code for predicting 

the engine outputs 
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    In developing this two-stage model for the Coyote engine, local models of BSFC, NOx and 

engine torque were fitted to available experimental data. The total number of spark sweep tests 

were 25 as indicated in Table 6.1 (5 speeds x 5 loads). From the available experimental data, 21 

spark sweep tests were selected for engine modeling and 4 were randomly chosen for model 

validation. Different alternative models were developed in local and global spaces and the best 

models were chosen based on their accuracy of modeling the engine responses. The available local 

and global model types in MATLAB MBC Toolbox1 are listed in Table 6.2.  

Table 6.2: Local and global model types in the MATLAB MBC Toolbox 

Model type Local Global 

Linear model Yes Yes 

Radial Basis Function (RBF) No Yes 

Hybrid RBF No Yes 

Interpolating RBF No Yes 

Free knot spline Yes Yes 

Neural Network (NN) No Yes 

Average fit Yes No 

Polynomial* Yes No 

Polynomial spline* Yes No 

Gaussian process No Yes 

*Polynomial and polynomial spline are two special case linear models for local models with one input factor. 

 

    The general structure of the two-stage model for the Coyote engine is depicted in Figure 6.34. 

According to the above explanation for the two-stage modeling strategy, the local models were 

built for the engine responses, i.e. engine torque, NOx emission and BFSC, by means of the engine 

data collected for a spark sweep test. The local parameter that was varied in the local space was 

spark timing. The limits associated to the engine loads and speeds were extracted from the DoE 

that was developed for engine testing. The limits of the spark timing parameter were determined 

by observing the in-cylinder pressure in terms of engine knocking due to over advanced and 

abnormal combustion due to over retarded spark timing values. Once the local model was built, its 

features are used to build engine response surfaces in the global space. 

    As explained in chapter 4, evaluating the accuracy of the model is a matter of two different 

factors. The first one is called bias and indicates the average difference of the model and 

experimental data in the whole training domain. The second one is called variance, which is the 

difference between the individual data sets and the average value that is predicted by the model. 

The bias and variance parameters are represented by the RMSE and Predicted Sum of Square 

(PRESS) RMSE values in the MATLAB MBC Toolbox. For calculation of the PRESS RMSE, the 

test points are removed one by one form the data set and the model is requested to predict the 

                                                           
1 The Model Based Calibration Toolbox of MATLAB is a powerful graphical tool for building and evaluating 

statistical models for engines and powertrain subsystems. The hierarchical statistical model types available in the 

MBC toolbox library can capture the variabilities in engine data both within and between tests. Further details of MBC 

Toolbox are available in [83], [91]  
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engine outputs for the removed data. According to the error between the actual and predicted 

engine outputs, the PRESS RMSE values are calculated.          

 

Figure 6.34: Structure of the two-stage model for the Coyote engine 

6.4.1. Engine Torque Model 

    To model engine torque, the torque output data for NanoSpark and OEM spark plugs in 21 spark 

sweep tests were used. In the local space, different model types were applied to engine torque data. 

By comparing the RMSE values associated to each spark sweep, the appropriate local model 

candidates were shortlisted to be analyzed in the global space. For the response features of the 

local models, i.e. maximum torque value of each spark sweep test, alternative modeling techniques 

were applied in the global space to come up with the proper fits. According to RMSE and PRESS 

RMSE values associated with each modeling techniques, the best fit for local and global spaces 

were selected. Figure 6.35 illustrates the flowchart of the model selection strategy for engine 

outputs. 
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Figure 6.35: Flowchart for choosing the best models for engine responses 

    As an example, Figure 6.36 illustrates the local fit of engine torque for spark sweep test at 3000 

rpm and 68% load as well as the two-stage fit after building the coefficients of the local fit in the 

global space. The local model in this case is a single knot polynomial spline with second order 

polynomials before and after its knot (PS22). Knot is the break point between the different sections 

of a spline. For the engine torque curve, knot is the location of peak torque in the spark timing 

domain (see Figure 6.36). The reason for choosing the single knot polynomial spline is the shape 

of engine torque curve, which has a single peak just before the knocking limit of the engine. The 

form of a polynomial spline regression model is: 

𝑦𝑗 = 𝛽0 + ∑ 𝛽𝐿𝑜𝑤_𝑎(𝑥𝑗 − 𝑘)−
𝑎𝑐

𝑎=2 + ∑ 𝛽𝐻𝑖𝑔ℎ_𝑏(𝑥𝑗 − 𝑘)+
𝑏ℎ

𝑏=2                                                               (6.6) 

where 𝑘 is the knot location, 𝛽 is the regression coefficient, 𝑐 is the order of the polynomial on the 

left side of the knot, ℎ is the order of the polynomial on the right side of the knot and the subscripts 

𝐿𝑜𝑤 and 𝐻𝑖𝑔ℎ denote to the left and right side of the knot respectively. In Equation (6.6): 

(𝑥𝑗 − 𝑘)− = min{0, (𝑥𝑗 − 𝑘)}    (6.7) 

(𝑥𝑗 − 𝑘)+ = max{0, (𝑥𝑗 − 𝑘)}      (6.8) 
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    For each feature of the local models i.e. knot, peak, 𝛽𝐻𝑖𝑔ℎ and 𝛽𝐿𝑜𝑤 for PS22 regression model, 

different alternative models are applied to build the best fit in the global space. As explained in 

chapter 4, a variety of black box modeling techniques can be used to build the relationships 

between engine inputs and outputs. The applied models in the global space are polynomials, RBF, 

and Gaussian process models. For each feature, the best model type is chosen according to the 

calculated RMSE and PRESS RMSE values. For the knot feature of the PS22 model for engine 

torque, the best model in the global space was the Gaussian process model with RMSE and PRESS 

RMSE of 1.699e-3 and 2.33 degrees respectively.  

 

Figure 6.36: Local and global fits for engine torque at 3000 rpm and 68% load 

    Table 6.3 shows RMSE and PRESS RMSE values for all the coefficients of the PS22 used for 

modeling the engine torque of OEM spark plugs. The actual and predicted response features of the 

PS22 model for all spark sweep tests of OEM spark plugs are reported in Table 6.4. After applying 

all alternative local models to engine torque data and choosing the best model types in the global 

space according to calculated RMSE and PRESS RMSE values, the two-stage models were 

compared against the validation data. As already mentioned, out of 25 spark sweep tests, four tests 

were randomly selected for validation. The RMSE values calculated for each local model (with 

the best selected models for their global space) are reported in Table 6.5 for OEM spark plugs. 

According to the RMSE for the validation data, PS22 with Gaussian process modeling technique 

for its coefficients in global space is selected for engine torque modeling. The same modeling 

approach was applied to the engine torque data for Nanospark plugs. The actual and modeled 

torque curves for all spark sweep tests (150 test points including the validation test points) for 

NanoSpark and OEM spark plugs are illustrated in Figure 6.37 and Figure 6.38 respectively. The 

spikes in the torque modeling error curve are associated to validation spark sweep tests, which 

show 4% of maximum torque modeling error.  
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Table 6.3: RMSE and PRESS RMSE values for response features of PS22 for engine torque 

modeling of OEM spark plugs 

Response Feature PRESS RMSE RMSE Global Model Type 

Knot 2.33 1.699e-3 Gaussian Process 

Peak 5.3 0.290 Gaussian Process 

𝜷𝑯𝒊𝒈𝒉 0.043 2.955e-5 Gaussian Process 

𝜷𝑳𝒐𝒘 0.038 2.578e-5 Gaussian Process 

 

Table 6.4: Actual and predicted response features of PS22 local model for engine torque 

modeling of OEM spark plugs 

Engine 

Speed 

(rpm) 

Engine 

Load 

(%) 

Knot 
Predicted 

Knot 
Peak 

Predicted 

Peak 
𝜷𝑳𝒐𝒘 

Predicted  

𝜷𝑳𝒐𝒘 
𝜷𝑯𝒊𝒈𝒉 

Predicted  

𝜷𝑯𝒊𝒈𝒉 

1000 20 36.308 36.306 64.747 64.348 -0.057 -0.057 -0.057 -0.057 

1000 68 22.218 22.218 255.587 255.625 -0.194 -0.194 -0.194 -0.194 

1000 89 14.941 14.944 332.321 332.511 -0.360 -0.360 -0.360 -0.360 

1000 100 14.313 14.314 372.344 372.499 -0.381 -0.381 -0.381 -0.381 

1500 38 31.462 31.464 133.042 133.440 -0.094 -0.094 -0.025 -0.025 

1500 69 27.056 27.054 267.738 267.223 -0.175 -0.175 -0.092 -0.092 

1500 84 22.128 22.127 326.084 325.949 -0.289 -0.289 -0.289 -0.289 

2000 28 37.938 37.936 84.728 84.931 -0.061 -0.061 -0.022 -0.022 

2000 47 34.779 34.777 172.590 172.678 -0.091 -0.091 -0.091 -0.091 

2000 83 25.716 25.716 331.246 331.650 -0.244 -0.244 -0.217 -0.217 

2000 100 19.595 19.598 399.319 399.466 -0.450 -0.450 -0.450 -0.450 

2500 29 35.555 35.558 88.583 88.600 -0.071 -0.071 -0.027 -0.027 

2500 46 33.305 33.308 170.098 169.830 -0.102 -0.102 -0.053 -0.053 

2500 64 31.404 31.405 256.205 256.136 -0.150 -0.150 -0.092 -0.092 

2500 83 29.795 29.794 343.172 342.933 -0.203 -0.203 -0.203 -0.203 

2500 100 25.828 25.827 413.311 412.998 -0.385 -0.385 -0.465 -0.465 

3000 34 41.441 41.438 109.578 109.486 -0.068 -0.068 -0.009 -0.009 

3000 51 37.821 37.821 189.795 190.476 -0.103 -0.103 -0.026 -0.026 

3000 68 34.846 34.846 274.345 274.106 -0.148 -0.148 -0.089 -0.089 

3000 85 31.542 31.541 352.923 352.662 -0.227 -0.227 -0.227 -0.227 

3000 100 27.043 27.045 414.391 414.599 -0.392 -0.392 -0.392 -0.392 
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Table 6.5: RMSE values for local models for engine torque modeling of OEM spark plugs 

Local Model Type Local RMSE Two-Stage RMSE Validation RMSE 

PS22 0.538 0.425 5.757 

PS32 0.516 0.222 10.427 

POLY3 0.284 0.165 19.643 

POLY2 0.601 0.425 10.990 

Free Knot Spline 0.270 0.111 11.605 

PS23 0.951 0.388 11.160 

 

  

Figure 6.37: Actual versus modeled engine torque for NanoSpark plugs (arrows show validation 

spark sweep tests) 

 

Figure 6.38: Actual versus modeled engine torque for OEM spark plug (arrows show validation 

spark sweep tests) 
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6.4.2. BSFC Model 

    Like engine torque modeling strategy, 21 spark sweep tests were selected for BSFC modeling 

and the other four spark sweep tests were used for BSFC model validation. Different alternative 

model types in local and global spaces were applied to build the best possible fit for BSFC.  

    Figure 6.39 illustrates the local fit of BSFC for spark sweep test at 3000 rpm and 68% load as 

well as the two-stage fit after building the coefficients of the local fit in the global space. The local 

model in this case is a single knot polynomial spline with second orders polynomials before and 

after its knot (PS22). For each coefficient of the local models, different alternative models are 

applied to build the best fit in the global space. The applied models in the global space are 

polynomials, RBF, and Gaussian process models. For the knot feature of the PS22 model, the best 

alternative model in the global space is the Gaussian process model with RMSE and PRESS RMSE 

of 1.586e-3 and 2.597 degrees respectively. Table 6.6 reports the RMSE and PRESS RMSE values 

for all the coefficients of the PS22 for BSFC model. The actual and predicted coefficients of PS22 

model for all the spark sweep tests of the OEM spark plugs are reported in  

Table 6.7.   

 

Figure 6.39: Local and global fits for BSFC at 3000 rpm and 68% load 

Table 6.6: RMSE and PRESS RMSE values for response features of PS22 for BSFC modeling of 

OEM spark plugs 

Response Feature PRESS RMSE RMSE Global Model Type 

Knot 2.597 1.586e-3 Gaussian Process 

Minimum 23.372 7.945e-3 Gaussian Process 

𝜷𝑯𝒊𝒈𝒉 0.153 1.823e-5 Gaussian Process 

𝜷𝑳𝒐𝒘 0.334 4.269e-5 Gaussian Process 
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Table 6.7: Actual and predicted response features of PS22 local model for BSFC modeling of 

OEM spark plugs 

Engine 

Speed 

(rpm) 

Engine 

Load 

(%) 

Knot 
Predicted 

Knot 
Minimum 

Predicted 

Minimum 
𝜷𝑳𝒐𝒘 

Predicted  

𝜷𝑳𝒐𝒘 
𝜷𝑯𝒊𝒈𝒉 

Predicted  

𝜷𝑯𝒊𝒈𝒉 

1000 20 28.990 28.991 405.804 405.790 0.311 0.311 -0.045 -0.045 

1000 68 22.000 22.001 273.752 273.757 0.374 0.374 0.712 0.712 

1000 89 15.738 15.742 272.481 272.470 0.174 0.174 0.374 0.374 

1000 100 24.657 24.653 245.772 245.784 0.208 0.208 0.174 0.174 

1500 38 31.867 31.866 307.464 307.481 0.236 0.236 0.070 0.070 

1500 69 26.416 26.415 267.552 267.556 0.263 0.263 0.015 0.015 

1500 84 22.936 22.937 265.787 265.790 0.391 0.391 0.263 0.263 

2000 28 36.177 36.175 385.353 385.340 0.192 0.192 0.060 0.060 

2000 47 34.603 34.601 308.622 308.625 0.265 0.265 0.192 0.192 

2000 83 25.997 25.998 283.115 283.110 0.282 0.282 0.105 0.105 

2000 100 22.412 22.414 287.462 287.453 0.346 0.346 0.282 0.282 

2500 29 35.648 35.648 385.487 385.478 0.225 0.225 0.135 0.135 

2500 46 32.698 32.700 311.809 311.819 0.197 0.197 0.053 0.053 

2500 64 31.332 31.332 282.017 282.018 0.141 0.141 0.076 0.076 

2500 83 31.967 31.965 269.038 269.041 0.190 0.190 0.141 0.141 

2500 100 28.379 28.378 269.821 269.823 0.406 0.406 0.190 0.190 

3000 34 38.143 38.143 366.549 366.542 0.292 0.292 0.002 0.002 

3000 51 34.879 34.881 309.416 309.420 0.176 0.176 -0.002 -0.002 

3000 68 35.050 35.049 280.664 280.666 0.174 0.174 0.083 0.083 

3000 85 32.808 32.808 270.263 270.265 0.193 0.193 0.174 0.174 

3000 100 30.487 30.487 272.135 272.133 0.311 0.311 0.193 0.193 

 

    After applying all alternative local models to BSFC data and choosing the best model types in 

the global space according to calculated RMSE and PRESS RMSE values, the two-stage models 

were compared against the validation data. The RMSE values calculated for BSFC for each local 

model (with the best selected models for their global space) are reported in Table 6.8. According 

to the RMSE for the validation data, the candidate models for BSFC modeling are PS22 and PS32 

with Gaussian process modeling technique for their coefficients in global space. To select the best 

fit, the actual and modeled BSFC curves for all spark sweep tests (150 test points including the 

validation test points) for NanoSpark and OEM spark plugs are compared for the two model types. 

Figure 6.40 and Figure 6.41 show the accuracy of PS32 and PS22 model types for NanoSpark 

plugs respectively. While the overall accuracy of PS32 against validation data is better than PS22, 

the PS22 model is a better fit by looking at RMSE values in local and global spaces. The same 

observation is shown in Figure 6.42 and Figure 6.43 for the OEM spark plugs. So, if the validation 

data set at 1000 rpm and 42% engine load for NanoSpark and OEM spark plugs (shown by red 

arrows in Figure 6.41 and Figure 6.43) are considered as outlier test data, the PS22 model type is 

an acceptable fit for BSFC with modeling error of less than 5%.   
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Table 6.8: RMSE values for different local models for BSFC modeling of OEM spark plugs 

Local Model Type Local RMSE Two-Stage RMSE Validation RMSE 

PS32 2.311 6.838 10.538 

PS22 2.335 1.348 39.692 

PS23 3.598 1.473 42.662 

POLY2 3.877 2.741 42.003 

POLY3 1.866 1.079 390.315 

Free Knot Spline 1.524 0.623 75.805 

 

  

Figure 6.40: Actual versus modeled BSFC for NanoSpark spark plug for PS32 local model type 

(arrows show validation spark sweep tests) 

 

Figure 6.41: Actual versus modeled BSFC for NanoSpark spark plug for PS22 local model type 

(arrows show validation spark sweep tests) 
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Figure 6.42: Actual versus modeled engine torque for OEM spark plug for PS32 local model 

type (arrows show validation spark sweep tests)  

    

Figure 6.43: Actual versus modeled engine torque for OEM spark plug for PS22 local model 

type (arrows show validation spark sweep tests) 
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6.4.3. Break Specific NOx Model 

    To model break specific NOx emission, the same approach as engine torque and BSFC was 

applied to emission test data. Number of spark sweep tests considered for modeling and validation 

are 21 and 4 respectively. The only difference is the type of local models that are applied to NOx 

emission data. Unlike engine torque and BSFC with a peak in their curve shape, there is no peak 

and its associated knot in the curve shape of NOx emission data (see Figure 6.15). Hence, a 

polynomial spline regression model is not a good choice for NOx modeling in the local space.   

    Figure 6.44 illustrates the local fit of break specific NOx emission for spark sweep test at 3000 

rpm and 68% load as well as the two-stage fit after building the coefficients of the local fit in the 

global space. The local model in this case is a linear quadratic model. The form of a linear 

polynomial regression model is: 

𝑦𝑗 = 𝛽0 + ∑ 𝛽𝑎(𝑥𝑗)
𝑎𝑐

𝑎=1                                                                                                                           (6.9) 

where 𝛽 is the regression coefficient and 𝑐 is the order of the polynomial. The form of the linear 

quadratic regression model is: 

𝑦𝑗 = 𝛽0 + 𝛽1𝑥𝑗 + 𝛽2(𝑥𝑗)
2                                                                                                                        (6.10) 

    To build the NOx model in the global space, different alternative models are applied to predict 

each coefficient of the local models. The applied models in the global space are polynomials, RBF, 

and Gaussian process models. For each coefficient, the best model type is chosen according to the 

calculated RMSE and PRESS RMSE values. For the response features of the linear quadratic 

model, the best alternative models in the global space was the Gaussian process model with RMSE 

and PRESS RMSE values reported in Table 6.9. The actual and predicted coefficients of the linear 

quadratic local model for all spark sweep tests of the OEM spark plugs are reported in Table 6.10.     

 

Figure 6.44: Local and global fits for break specific NOx emission at 3000 rpm and 68% load 
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Table 6.9: RMSE and PRESS RMSE values for response features of linear quadratic model for 

break specific NOx emission modeling of OEM spark plugs 

Response Feature PRESS RMSE RMSE Global Model Type 

𝜷𝟎 3.705 1.999e-3 Gaussian Process 

𝜷𝟏 6.888 2.725e-3 Gaussian Process 

𝜷𝟐 4.38 1.689e-3 Gaussian Process 

 

Table 6.10: Actual and predicted response features of the linear quadratic model for NOx 

emission modeling of OEM spark plugs 

Engine 

Speed 

(rpm) 

Engine 

Load 

(%) 

𝜷𝟎 
Predicted  

𝜷𝟎 
𝜷𝟏 

Predicted  
𝜷𝟏 

𝜷𝟐 
Predicted  

𝜷𝟐 

1000 20 2.278 2.281 2.209 2.211 5.282 5.283 

1000 68 20.615 20.618 19.437 19.442 9.115 9.117 

1000 89 42.777 42.771 64.173 64.164 38.089 38.084 

1000 100 45.260 45.256 64.167 64.165 37.711 37.710 

1500 38 10.899 10.897 13.362 13.359 1.025 1.026 

1500 69 18.497 18.496 13.908 13.908 1.440 1.441 

1500 84 22.603 22.606 18.700 18.705 5.758 5.761 

2000 28 5.693 5.694 7.478 7.478 3.023 3.023 

2000 47 8.302 8.303 8.050 8.050 1.407 1.406 

2000 83 16.496 16.495 11.396 11.397 0.059 0.060 

2000 100 18.641 18.642 20.824 20.824 13.027 13.025 

2500 29 5.897 5.897 8.086 8.086 3.122 3.122 

2500 46 8.099 8.098 9.298 9.297 0.111 0.112 

2500 64 9.216 9.216 8.018 8.018 -0.448 -0.448 

2500 83 9.492 9.494 7.132 7.133 0.772 0.772 

2500 100 13.205 13.205 10.218 10.219 2.771 2.772 

3000 34 4.993 4.994 5.790 5.791 3.916 3.915 

3000 51 6.810 6.810 8.461 8.460 1.175 1.175 

3000 68 7.964 7.964 7.841 7.841 -0.425 -0.425 

3000 85 8.313 8.314 7.278 7.278 2.073 2.072 

3000 100 10.630 10.630 9.454 9.454 1.481 1.482 

 

    After applying all alternative local models to break specific NOx emission data and choosing 

the best model types in the global space according to calculated RMSE and PRESS RMSE values, 

the two-stage models were compared against the validation data. The RMSE values calculated for 

each local model (with the best selected models for their global space) are reported in Table 6.11 

for the break specific NOx emission models. According to the RMSE for the validation data, the 

linear quadratic model type with Gaussian process modeling technique for its coefficients in global 

space is the best fit for break specific NOx modeling. As already mentioned, SP22 is not a good 
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choice for NOx modeling according to its reported RMSE values. The actual and modeled break 

specific NOx emission curves for all spark sweep tests (150 test points including the validation 

test points) for NanoSpark and OEM spark plugs are illustrated in Figure 6.45 and Figure 6.46 

respectively. Like the BSFC modeling approach, the validation data set at 1000 rpm and 42% 

engine load for NanoSpark and OEM spark plugs (shown by red arrows in Figure 6.45 and Figure 

6.46) are considered as outliers and eliminated from engine models. After excluding the test 

outliers, the big spikes in the break specific NOx emission modeling error curves that are 

associated to validation spark sweep tests, show about 8% of maximum NOx emission modeling 

error.  

Table 6.11: RMSE values for different local models for break specific NOx modeling 

Local Model Type Local RMSE Two-Stage RMSE Validation RMSE 

Linear Quadratic 0.123 0.087 0.962 

POLY2 0.123 0.087 1.415 

POLY3 0.108 0.093 27.034 

Linear Cubic 0.108 0.062 4.920 

PS22 0.151 96.552 11.913 

 

 

 

Figure 6.45: Actual versus modeled break specific NOx emission for NanoSpark spark plug 

(arrows show validation spark sweep tests) 
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Figure 6.46: Actual versus modeled break specific NOx emission for OEM spark plug (arrows 

show validation spark sweep tests)     

    Engine test data have been used for building engine models for optimization part of this thesis. 

Test results showed repeatability through out the two rounds of tests for each spark plug and test 

results followed the physics of combustion for the objectives of interest. The two-stage modeling 

approach worked properly for building engine models for the engine torque, BSFC and break 

specific NOx emission. While PS22 was an appropriate local model for the engine torque and 

BSFC modeling, the linear quadratic model showed the best accuracy for break specific NOx 

emission modeling. In the global space, the Gaussian process modeling was superior to RBF and 

polynomial models and returned the most accurate fits for response features of the local models 

for all the objectives.  

    Comparing the modeled engine responses with the actual data indicated that the engine data 

collected at 1000 rpm and 42% load did not follow the behaviour of other spark sweep tests. Hence 

engine data collected for the mentioned operating point considered as outlier and excluded from 

engine response models. In spite of having modeling errors for the engine torque, BSFC and break 

specific NOx emission, the way that modeled engine responses deviated from the actual data was 

the same for both of the spark plug designs. Figure 6.47 illustrates the comparison of the modeling 

errors associated with engine torque modeling for OEM and NanoSpark plugs. According to the 

figure, the difference between the torque modeling errors is less than ±1% if the outliers are 

excluded. Figure 6.48 shows the same comparison for the BSFC modeling, where the difference 

between the BSFC modeling errors is about ±1% if the outliers are not considered. Similarly, 

Figure 6.49 depicts the comparison for the NOx modeling, where the difference between the 

modeling errors is around ±2% if the outliers are excluded.    
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Figure 6.47: Comparison of the engine torque modeling errors for OEM and NanoSpark plugs 

 

 

Figure 6.48: Comparison of the BSFC  modeling errors for OEM and NanoSpark plugs 
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Figure 6.49: Comparison of the NOx modeling errors for OEM and NanoSpark plugs 

    The models developed for the engine torque, BSFC and NOx emission will be the representatives 

of these objectives in the multi-objective optimization process. In spite of the modeling errors 

associated to the engine torque, BSFC and NOx, the difference between the errors associated to 

the models for the two spark plugs are less than the absolute errors. According to the provided 

model accuracies, differences beyond the relative error values for the engine torque, BSFC and 

NOx are the meaningful comparisons for the spark plugs. This comparison will be made by 

analysing the objectives in the form of Pareto fronts.    
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7. Chapter 7: Engine Optimization and Spark Plugs Comparison 

    Engine optimization is an important task to be done before comparing the spark plugs. By doing 

this, the spark plugs are compared according to their best performance in different operating points 

of the engine. The optimization approach considered in this thesis is the Pareto-front multi-

objective optimization since there are more than one objective for the comparison of the spark 

plugs. As explained in chapter 3, in case of multi-objective problems with conflicting objectives, 

there is no unique solution but a number of equivalent best solutions. The classical approach to 

solving multi-objective problems involves combining the objectives into a singular function 

(referred to as cost function) by creating a weighted sum of objectives. The challenge of this method 

is the choice of the weights, which needs reliable information on the relative importance of the 

objectives and hence the problem. The optimization strategy considered in this thesis results in an 

optimal Pareto front which provides a range of quantitatively best solutions in the form of an 

optimal multi-dimensional front in the objective space. This means that the objectives are treated 

separately and compared using a Pareto front allowing both a qualitative as well as a quantitative 

comparison of the solutions. 

7.1. Optimization Procedure 

    The representatives of the engine responses in the optimization process are the models that are 

built by using the MATLAB MBC Toolbox. The models are exported to Simulink for optimization. 

When the multi-objective optimizer is searching for trade-off solutions, the candidate solutions are 

sent to the Simulink models developed for the engine torque, BSFC and break specific NOx 

emission. According to the outputs of the Simulink models for each candidate solution, the 

optimization algorithm comes up with the trade-off solutions. Figure 7.1 shows the steps of the 

engine map optimization process used for spark timing. The upper and lower limits of the variable 

in the search space (spark timing) were determined by the most retarded and advanced spark timing 

obtained during the engine testing process for each engine operating point (see Table 6.1).  

 

 

Figure 7.1: Steps for Pareto front optimization of the Coyote engine 
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7.2. Single Objective Optimization 

    The Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) optimizers are applied to 

the optimization problem. Before using these optimizers for the multi-objective problem, their 

performances were studied by running single objective optimizations via linking the optimizers to 

the torque, BSFC and NOx models. Figure 7.2, Figure 7.3, and Figure 7.4 show the outputs of the 

single objective GA for the engine torque, BSFC and the break specific NOx objectives respectively 

for the engine speed of 3000 rpm and 68% engine load. The cost functions of the engine torque, 

BSFC and NOx emission are: 

 

{
 

 
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑇𝑜𝑟𝑞𝑢𝑒(𝑆𝐴)

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐵𝑆𝐹𝐶(𝑆𝐴)

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑁𝑂𝑥(𝑆𝐴)

 𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: 𝑆𝐴(𝐿) ≤ 𝑆𝐴 ≤ 𝑆𝐴(𝑈)

                                                                                                          (7.1) 

 

where 𝑆𝐴(𝐿) and  𝑆𝐴(𝑈) are the lower and upper limits of the spark timing that were determined for 

each operating point of the engine during the testing process. The determined spark timings for 

maximum torque and minimum BSFC are the same as the knot values associated to these objectives 

in the engine torque and BSFC models (see the engine speed of 3000 rpm and 68% engine load in  

Table 6.7). This means that the optimizer determined the spark timing associated to the maximum 

torque and minimum BSFC. This spark timing is defined as the knot feature of the torque and BSFC 

curves when using the polynomial spline model type for the engine torque and BSFC (see Figure 

6.36 and Figure 6.39). For the NOx emission, the determined optimum spark timing is the minimum 

value of spark timing defined for the engine speed of 3000 rpm and 68% engine load (see Table 

6.1). This is expected since the NOx emission increases with advanced spark timing as discussed 

in chapter 6 and the minimum value of the NOx emission happens at the lower limit of the spark 

timing at each operating point of the engine. According to the outputs of the single objective 

optimization runs, the population size of 200 and the number of generations of 20 provided accurate 

results for the optimum values of engine outputs.  

 

 

Figure 7.2: Performance of the single objective GA in finding the optimum spark timing for the 

engine torque (Population size: 200) 
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Figure 7.3: Performance of the single objective GA in finding the optimum spark timing for 

BSFC (Population size: 200) 

 

 

Figure 7.4: Performance of the single objective GA in finding the optimum spark timing for the 

break specific NOx emission (Population size: 200) 

    To compare the GA and PSO algorithms in terms of determination of the Pareto front solutions 

by considering the torque, BSFC and NOx emission objectives, their trade-off solutions for the 

multi-objective engine optimization problem were compared. The multi-objective GA is available 

in the optimization Toolbox of MATLAB and the multi-objective PSO is a MATLAB code written 

by Victor M. Cagigal according to the publication by Coello et. al. [89]. The parameters of the 

multi-objective GA and PSO optimizers are summarized in Table 7.1. 
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Table 7.1: Parameters of the multi-objective GA and PSO optimizers 

GA PSO 

Population Size 200 Population Size 200 

Number of Generations 20 Number of Generations 20 

Selection Function Tournament Inertia Weight 0.4 

Tournament Size 2 Individual Confidence Factor 2 

Crossover Function Intermediate Swarm Confidence Factor 2 

Crossover Fraction 0.8 Uniform Mutation Percentage 0.5 

Mutation Function Uniform Maximum Velocity in Percentage 5 

 

    Figure 7.5 illustrates the Pareto front solutions for the break specific NOx and BSFC objectives 

at the engine speed of 1000 rpm and 75% engine load for OEM spark plugs. The number of 

population and generations were 200 and 20 respectively for both of the optimizers. According to 

the figure, the GA and PSO optimizers returned the same trade-off solutions for the Coyote engine 

multi-objective problem. The Pareto fronts for the engine torque versus NOx and the engine torque 

versus BSFC are shown in Figure 7.6 and Figure 7.7 respectively. For the mentioned objectives, 

the GA and PSO optimizers returned the same solutions as well. Therefore, the multi-objective GA 

that is available in the MATLAB optimization toolbox has been used for optimization runs in this 

thesis.  

 

 

Figure 7.5: Comparison of the multi-objective GA and PSO algorithms in finding the Pareto 

fronts for BSFC and NOx objectives for the Coyote engine optimization problem 
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Figure 7.6: Comparison of the multi-objective GA and PSO algorithms in finding the Pareto 

fronts for the engine torque and NOx objectives for the Coyote engine optimization problem 

 

Figure 7.7: Comparison of the multi-objective GA and PSO algorithms in finding the Pareto 

fronts for the engine torque and BSFC objectives for the Coyote engine optimization problem 
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7.3. Multi-Objective Optimization 

    The optimization runs were performed at the engine speeds of 1000, 1500, 2000, 2500 and 3000 

rpm and at low, moderate and high engine loads. The Pareto front solutions for the engine torque, 

BSFC and the break specific NOx emissions were compared for the NanoSpark and OEM spark 

plugs. The resulting Pareto fronts for the NanoSpark and OEM spark plugs were the best possible 

solutions, so that it was not possible to have a better solution for one objective without worsening 

the other objectives. Therefore, comparing the Pareto fronts of the objectives for the NaoSpark and 

OEM spark plugs is the best way to compare the plugs at different operating points of the engine.   

 

    As explained in chapter 3, the dependency of the objective to each other in a multi-objective 

optimization problem is an important issue. So, it is worth observing the dependency of the 

objectives of interests for the Coyote engine optimization problem. Figure 7.8, Figure 7.9, and 

Figure 7.10 illustrate the dependency of the objectives. As illustrated in Figure 7.8, there is almost 

a linear dependency between the engine torque and BSFC. The reason for this kind of dependency 

is that at each engine operating condition (a constant speed and load) the fuel flow to the engine is 

almost constant. By changing the spark timing, engine toque changes and follows the air flow to 

the engine and the lambda set point. Calculation of the BSFC (Equation (6.3)) considers the fuel 

flow and the engine power. The fuel flow is constant and the power is linearly related to engine 

torque in a constant engine speed. Therefore, it is expected to have a linear output of the optimizer 

in the torque-BSFC objective space as shown in Figure 7.7. The reported torque and BSFC values 

in this figure are the corresponding values to the spark timings found for optimal values of all the 

three objectives. As shown by the arrow in Figure 7.7, the optimal Pareto front solution for the 

torque and BSFC objectives is a single point because the maximum torque and the minimum BSFC 

happen in an almost the same spark timing for the engine speed of 3000 rpm and 68% engine load 

(see Figure 7.2 and Figure 7.3). If the engine torque and BSFC optimums happen in different spark 

timings, a number of optimum points in the form of a curve will be reported by the optimizer in the 

torque-BSFC objective space. The optimal spark timing for each engine operating point should be 

determined by considering all the three objectives. One may choose the maximum torque, minimum 

BSFC and maximum NOx point (shown by the arrow in Figure 7.7) if there is a good NOx catalyst. 

Other alternative solutions are available from the Pareto fronts in case of considering other 

qualitative information for selecting the best solution. As an example, an alternative solution can 

be an spark timing with a lower NOx emission with the penalty of lower engine torque and higher 

BSFC.        
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Figure 7.8: Dependency of engine torque to BSFC at 3000 rpm, different loads and spark 

timings (OEM spark plug) 

 

Figure 7.9: Dependency of NOx emission to BSFC at 3000 rpm, different loads and spark 

timings (OEM spark plug) 
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Figure 7.10: Dependency of the engine torque to NOx emission at 3000 rpm, different loads and 

spark timings (OEM spark plug) 

7.4. Spark Plug Technology Evaluation by Pareto Fronts 

    To compare the NanoSpark and OEM spark plugs, their performance in the form of Pareto fronts 

are compared. The comparisons are made at the engine speeds of 1000, 1500, 2000 and 3000 rpm 

and at low, moderate and high engine loads. The Pareto fronts associated to each spark plug design 

are prepared in the 3D objective space. For better clarity, the Pareto fronts are also prepared in the 

2D objective spaces (NOx vs. BSFC, Torque vs. NOx and Torque vs. BSFC). In addition to the 

values of the objectives, the error values associated to each objective are added to the 2D Pareto 

fronts. These error bars help comparing the spark plugs by considering the uncertainties of the 

objectives associated to model accuracies. As discussed in chapter 6, the relative errors of the 

torque, BSFC and NOx models are ±1%, ±1%, and ±2% respectively.       

 

    The Pareto fronts for NanoSpark and OEM spark plugs for the engine speed of 1000 and three 

different engine loads are illustrated in Figure 7.11, Figure 7.12, and Figure 7.13. According to the 

trade-off solutions, at the engine load of 50%, the NanoSpark plug is obviously better than the OEM 

spark plug in terms of the BSFC objective. This superiority is more highlighted at the retarded spark 

timing. With advanced spark timing (moving toward the higher torque and lower BSFC values), 

the difference between the two spark plugs decreases. By increasing the engine load to 75%, the 

difference between the two spark plugs in terms of BSFC objective decreases but NanoSpark is still 

performing better than OEM at retarded spark timings. However, at full load condition, the OEM 

and Nanospark plugs are identical in terms of the torque and BSFC objectives. At this operating 

point, the OEM spark plug is marginally superior to the NanoSpark plug in terms of NOx emission 

and this superiority is more highlighted at retarded condition. Table 7.2 summarizes the optimum 

values determined for the engine torque, BSFC and NOx objectives for the OEM spark plug at the 
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engine speed of 1000 rpm and different engine loads. The optimum objective values for the 

NanoSpark plug are reported in Table 7.3. These are the minimum values for BSFC and NOx and 

the maximum value for the engine torque. For selecting the multi-objective solutions, a lower NOx 

is possible with a penalty of the engine torque and BSFC degradation and vice versa. Selection of 

the solutions that locate between these optimum values of the objectives is possible by using the 

Pareto fronts for each operating point of the engine. The associated spark timings to the optimum 

values (reported in parentheses for each objective) indicate that the desired regions for all the three 

objectives are not the same in the spark timing domain. Comparing the reported values in Table 7.2 

and Table 7.3 shows the better performance of the NanoSpark plug at the low and moderate engine 

loads for the BSFC objective. To highlight the difference between the spark plugs in terms of the 

optimum values of the objectives, the improvements by the NanoSpark plug with reference to the 

OEM plug are reported in Table 7.4.  

Table 7.2: The optimum values for engine torque, BSFC and NOx for the OEM spark plug at the 

engine speed of 1000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

1000 rpm, 50% Load 186.14 (27.61) 307.19 (25.72) 7.51 (8.01) 

1000 rpm, 75% Load 281.65 (19.99) 274.27 (19.99) 12.34 (5.02) 

1000 rpm, Full Load 361.72 (8.99) 288.39 (8.99) 17.96 (3.73) 

 

Table 7.3: The optimum values for engine torque, BSFC and NOx for the NanoSpark plug at the 

engine speed of 1000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

1000 rpm, 50% Load 186.48 (28.09) 299.82 (29.14) 7.42 (8.08) 

1000 rpm, 75% Load 284.90 (19.96) 271.60 (19.96) 12.75 (5.00) 

1000 rpm, Full Load 361.55 (8.99) 288.41 (8.99) 18.54 (3.89) 

 

Table 7.4: Improvements of the objective optimum values by the NanoSpark plug with reference 

to the OEM plug at the engine speed of 1000 rpm and different loads 

Operating Condition Max. Torque (%) Min. BSFC (%) Min. NOx (%) 

1000 rpm, 50% Load 0.18 2.40 1.20 

1000 rpm, 75% Load 1.15 0.97 -3.32 

1000 rpm, Full Load -0.05 -0.01 -3.23 
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Figure 7.11: Pareto fronts for the engine speed of 1000 rpm and 50% engine load 

 
 

  

Figure 7.12: Pareto fronts for the engine speed of 1000 rpm and 75% engine load 
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Figure 7.13: Pareto fronts for the engine speed of 1000 rpm and 100% engine load 

    As depicted in Figure 7.14, Figure 7.15, and Figure 7.16, at the engine speed of 1500 rpm and 

38% engine load, the NanoSpark plug is marginally better than OEM spark plugs in terms of the 

BSFC objective. By advancing the spark timing at this working condition, the superiority of the 

NanoSpark plug is more pronounced. For the torque and NOx objectives, the two spark plugs are 

performing identically at this engine load except for the most advanced spark timing where the 

NanoSpark plug is slightly better than OEM. It is also obvious form the Pareto fronts that at the 

moderate load, the two spark plugs are performing the same except for the most advanced spark 

timing where NanoSpark is superior to the OEM plugs in terms of BSFC and torque. At full load 

condition, the two spark plugs are preforming identically for all the objectives. Table 7.5 

summarizes the optimum values determined for the engine torque, BSFC and NOx objectives for 

the OEM spark plug at the engine speed of 1500 rpm and different engine loads. The optimum 

objective values for the NanoSpark plug are reported in Table 7.6. The improvements of the 

optimum values of the objectives by the NanoSpark plug with reference to the OEM plug are 

reported in Table 7.7, which indicate the improvement of the BSFC by the NanoSpark plug toward 

the low load condition. For the NOx emission at full load condition, the improvements values are 

less than the NOx model uncertainties, hence the spark plugs considered to perform identically. 

Table 7.5: The optimum values for engine torque, BSFC and NOx for the OEM spark plug at the 

engine speed of 1500 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

1500 rpm, 38% Load 133.44 (31.46) 307.48 (31.87) 5.72 (15.01) 

1500 rpm, 69% Load 267.22 (27.05) 267.56 (26.41) 10.19 (9.00) 

1500 rpm, Full Load 385.53 (16.98) 271.14 (16.98) 14.52 (7.00) 
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Table 7.6: The optimum values for engine torque, BSFC and NOx for the NanoSpark plug at the 

engine speed of 1500 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

1500 rpm, 38% Load 134.63 (31.91) 296.57 (33.40) 5.89 (15.00) 

1500 rpm, 69% Load 270.17 (27.63) 262.72 (27.33) 10.03 (9.00) 

1500 rpm, Full Load 384.95 (16.99) 273.81 (16.99) 14.33 (7.01) 

Table 7.7: Improvements of the objective optimum values by the NanoSpark plug with reference 

to the OEM plug at the engine speed of 1500 rpm and different loads 

Operating Condition Max. Torque (%) Min. BSFC (%) Min. NOx (%) 

1500 rpm, 38% Load 0.89 3.55 -2.97 

1500 rpm, 69% Load 1.10 1.81 1.57 

1500 rpm, Full Load -0.15 -0.98 1.31 

 

 

 

  

  

Figure 7.14: Pareto fronts for the engine speed of 1500 rpm and 38% engine load 
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Figure 7.15: Pareto fronts for the engine speed of 1500 rpm and 69% engine load 

 

  

  

Figure 7.16: Pareto fronts for the engine speed of 1500 rpm and 100% engine load 
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    According to the trade-off solutions provided in Figure 7.17, Figure 7.18, and Figure 7.19, there 

is not a considerable difference between the two spark plugs at the engine speed of 2000 rpm and 

all the engine loads. One minor difference is the better performance of the NanoSpark plug in terms 

of the BSFC and NOx objectives at the engine load of 28%. This superiority is very marginal at the 

retarded spark timing and becomes more pronounced by advancing the spark timing. At the engine 

load of 67%, the OEM spark plug is slightly better than the NanoSpark plugs for BSFC and NOx 

objectives especially at retarded spark timings. When the spark timing is advanced, the NanoSpark 

plug becomes better than the OEM spark plug in terms of the break specific NOx and BSFC 

objectives. At the engine speed of 2000 rpm and full load condition, the two spark plugs are identical 

in terms of all the objectives. Table 7.8 summarizes the optimum values determined for the engine 

torque, BSFC and NOx objectives for the OEM spark plug at the engine speed of 2000 rpm and 

different engine loads. The optimum objective values for the NanoSpark plug are reported in Table 

7.9. The same performance of the two spark plugs at full load condition is obvious from the reported 

values for the objectives. The better performance of the NanoSpark plug at the low and moderate 

loads is highlighted by comparing the BSFC and NOx objectives. By considering the relative errors 

of the engine models for the NanoSpark and OEM spark plugs, the only meaningful differences 

between the two spark plugs is at low load condition for BSFC and NOx objectives as reported in  

Table 7.10.   

   

Table 7.8: The optimum values for engine torque, BSFC and NOx for the OEM spark plug at the 

engine speed of 2000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

2000 rpm, 28% Load 84.93 (37.93) 385.34 (36.18) 4.84 (22.01) 

2000 rpm, 67% Load 263.83 (29.64) 280.37 (29.03) 9.12 (15.02) 

2000 rpm, Full Load 399.46 (19.60) 288.49 (20.49) 10.84 (10.00) 

 

Table 7.9: The optimum values for engine torque, BSFC and NOx for the NanoSpark plug at the 

engine speed of 2000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

2000 rpm, 28% Load 85.45 (38.17) 380.28 (36.93) 4.69 (22.00) 

2000 rpm, 67% Load 265.66 (29.82) 277.19 (29.70) 9.15 (15.09) 

2000 rpm, Full Load 400.12 (19.61) 288.45 (20.50) 10.81 (10.00) 

 

Table 7.10: Improvements of the objective extremum values by the NanoSpark plug with 

reference to the OEM plug at the engine speed of 2000 rpm and different loads 

Operating Condition Max. Torque (%) Min. BSFC (%) Min. NOx (%) 

2000 rpm, 28% Load 0.61 1.31 3.10 

2000 rpm, 67% Load 0.69 1.13 -0.33 

2000 rpm, Full Load 0.17 0.01 0.28 
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Figure 7.17: Pareto fronts for the engine speed of 2000 rpm and 28% engine load 

 

 
 

  

Figure 7.18: Pareto fronts for the engine speed of 2000 rpm and 67% engine load 
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Figure 7.19: Pareto fronts for the engine speed of 2000 rpm and 100% engine load 

    By increasing the engine speed to 3000 rpm, the NanoSpark plug shows its better performance 

in terms of the NOx objective especially at low load condition. This superiority is more pronounced 

at advanced spark timings and the two spark plugs show the same outputs for retarded conditions.  

At the other engine loads as depicted in Figure 7.20, Figure 7.21, and Figure 7.22, the two spark 

plugs are almost identical. The only difference at the full load condition is the better BSFC values 

of the OEM spark plug. This superiority is valid in the whole spark timing domain associated with 

the full load condition at the engine speed of 3000 rpm but is very close to the model uncertainty. 

By considering the uncertainties of the model outputs, the obvious difference between the spark 

plugs is only at low load condition and the two spark plugs perform identically at moderate and full 

load conditions. Table 7.11 summarizes the optimum values determined for the engine torque, 

BSFC and NOx objectives for the OEM spark plug at the engine speed of 3000 rpm and different 

engine loads. The optimum objective values for the NanoSpark plug are reported in Table 7.12. The 

same performance of the two spark plugs at the moderate load condition is obvious from the 

reported values for the objectives. As reported in Table 7.13 the better performance of the OEM 

spark plug at the full load condition is highlighted by comparing the BSFC values but this difference 

is almost the same as the error of the BSFC model. The superiority of the NanoSaprk plug to the 

OEM plug in terms of the NOx emission is obvious in all the engine loads at the speed of 3000 rpm 

and the reported improvements are bigger than the error of the NOx model.  
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Table 7.11: The optimum values for engine torque, BSFC and NOx for the OEM spark plug at 

the engine speed of 3000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

3000 rpm, 34% Load 109.49 (41.44) 366.54 (38.15) 4.38 (22.14) 

3000 rpm, 68% Load 274.11 (34.85) 280.67 (35.05) 6.06 (19.01) 

3000 rpm, Full Load 414.48 (26.50) 275.20 (26.50) 8.10 (18.00) 

Table 7.12: The optimum values for engine torque, BSFC and NOx for the NanoSpark plug at the 

engine speed of 3000 rpm and different loads 

Operating Condition 
Max. Torque (SA) 

[Nm (Deg. BTDC)] 

Min. BSFC (SA) 

[g/kWh (Deg. BTDC)] 

Min. NOx (SA) 

[g/kWh (Deg. BTDC)] 

3000 rpm, 34% Load 111.67 (40.51) 365.05 (34.92) 4.14 (22.00) 

3000 rpm, 68% Load 275.03 (35.28) 281.84 (35.21) 5.75 (19.01) 

3000 rpm, Full Load 412.59 (26.50) 277.83 (26.50) 7.85 (18.03) 

Table 7.13: Improvements of the objective optimum values by the NanoSpark plug with reference 

to the OEM plug at the engine speed of 3000 rpm and different loads 

Operating Condition Max. Torque (%) Min. BSFC (%) Min. NOx (%) 

3000 rpm, 34% Load 1.99 0.41 5.48 

3000 rpm, 68% Load 0.34 -0.42 5.12 

3000 rpm, Full Load -0.46 -0.96 3.09 

 

 
 

  

Figure 7.20: Pareto fronts for the engine speed of 3000 rpm and 34% engine load 
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Figure 7.21: Pareto fronts for the engine speed of 3000 rpm and 68% engine load 

 

 
 

  

Figure 7.22: Pareto fronts for the engine speed of 3000 rpm and 100% engine load 
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    The Pareto front optimization of the Coyote engine for the two different spark plugs was 

provided in this chapter. The trade-off solutions by considering the engine torque, BSFC and NOx 

were shown to be useful for choosing the best spark timing for each operating point of the Coyote 

engine. By considering the higher level information associated with the engine calibration, one 

may prefer the OEM spark plug to the NanoSpark and vice versa. The Pareto front optimization 

was also shown to be a powerful tool for engine technology evaluation when more than one 

objectives are involved. It was also discussed that the uncertainties of the engine models are 

important and should be taken into consideration when comparing the spark plugs by the Pareto 

front model based optimization.   
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8. Chapter 8: Conclusion and Future Work 

    Engine optimization is an important consideration for the optimal operation of the ICEs. The 

optimized ignition timing is an important part of the engine optimization process. The optimized 

spark timing depends on the engine operating point, ambient condition, fuel type, the engine 

design, design of the spark plugs and the type of the objectives considered. Different engine 

technologies can be compared if an engine is optimized for the applied modifications associated 

to the technologies. This work presented a new methodology for comparing components using 

multi-objective Pareto front optimization. The proposed methodology was applied to the 

comparison of spark plugs; OEM versus NanoSpark.  

    To do the fair comparison of the spark plugs, engine emission and performance tests were 

conducted to collect engine output data for both of the spark plugs. Engine models were built using 

the collected data and were used in the optimization process. The outputs of the optimization were 

the Pareto fronts for the two spark plugs at different operating points of the Coyote engine. By 

looking at the provided trade-off solutions, it was possible to determine the superiority of one spark 

plug design to the other in terms of engine torque, BSFC and NOx emission.  

The following are the contributions of this thesis:  

1. A brief review of the working principle of the Engine Management Systems (EMS), the 

injection system, the ignition system and their contribution to engine performance and 

emissions.  
 

2. A review of the different engine modeling techniques and their advantages and 

disadvantages.  
 

3. Preparation of a setup for combustion analysis of ICEs. This setup can be used for 

collection of engine data for engine diagnostic purposes as well. Apart from the combustion 

analyzer setup, other engine dyno facilities, as outlined in Figure 5.13, were also updated 

and involved in an engine testing process. 
 

4. Application of a model based Pareto front optimization methodology to engine components 

with the aim of comparing and evaluating their technologies. The proposed methodology 

showed its usefulness for evaluation of the spark plugs by considering the conflicting 

objectives of engine torque, BSFC and NOx emission.  
 

5. Development of an engine model for the Ford Coyote engine by considering its torque, 

BSFC and NOx emission responses. This engine model can be used as the representative 

of the Coyote engine in researches related to studying its responses at its different operating 

conditions or to be used in the vehicle level analysis.      
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The conclusions are as followings:  

1. For the fuel injection system of the SI-ICEs, by introducing the GDI technology, the 

problems associated with the fuel metering accuracy in PFI engines were addressed but 

there is still room for improvement of air charge estimation. This issue is more critical in 

transient modes and provides a better lambda regulation. On the other hand, the GDI 

technology has posed new challenges to ICEs, mainly those related to air and fuel mixing 

at low load and low speed operational conditions. The new approach is having both of the 

PFI and GDI injection systems to benefit from their positive functionalities in the entire 

operational conditions of SI engines.  
 

2. For the ignition control of SI engines, the current approach is a static feedforward map with 

a feedback knock control. This kind of feedback control is taking actions when knocking 

happens and has nothing to do with the optimal tuning of spark timing other than the 

knocking conditions. The location of the combustion peak pressure in the crank angle 

domain is the best reference for controlling the spark timing. However, this parameter is 

very expensive to measure. 
 

3. There were a number of research works in the literate that applied the Pareto optimization 

technique to multi-objective engine optimization problems [90]. However, application of 

the model based Pareto optimization to engine technology evaluation has not been 

published in the literature. The solutions can be regarded as being quantitatively equal, 

thereby presenting the possibility of choosing a solution based on qualitative assessment.     
 

4. Engine tests showed that the engine responses are more stable at higher speeds. At low 

speed and low load condition, the coefficient of variation of the engine outputs especially 

emissions are bigger than the high speed condition. Hence, careful attention should be paid 

to the engine testing at low speed and low load conditions. Moreover, the variation of 

ambient condition affects the engine outputs. The critical affecting parameter in this regard 

is the mass air flow to the engine, which almost linearly affects the engine torque.    
 

5. Engine modeling is a key part in in the model based optimization process. The built models 

should be accurate enough in order to make a meaningful evaluation of the engine parts by 

the comparison of their Pareto fronts. In addition, each engine output needs a specific 

model type based on its variation against the tuning parameter. The dependency of the 

engine torque and BSFC to spark timing followed a second order polynomial spline with a 

single knot for the Coyote engine. Moreover, studying the capabilities of the different black 

box modeling techniques showed that the Gaussian process modeling is superior to other 

black box modeling techniques for modeling the engine responses in the engine load and 

speed domain. 
 

6. While the engine torque is a relatively easy output to be modeled, emissions are the critical 

engine outputs to be measured and modeled. Amongst the different emission types, NOx, 

CO and CO2 were less critical than THC. In fact, the THC emission is dependent to several 

factors and varies considerably by changing the engine working condition i.e. speed, load, 

ratio of DI to PFI injection, injection timing, and ignition timing. 
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7. NanoSpark and OEM spark plugs showed comparable performances. In terms of the engine 

torque and BSFC objectives, the engine load parameter highlighted the difference between 

the spark plugs. Towards the low load, NanoSpark was marginally better than OEM. For 

the break specific NOx emission, the engine speed parameter highlighted the difference 

between the spark plugs. Towards the low speed of 1000 rpm, OEM spark plug was better 

than NanoSpark. For the engine speed of 3000 rpm, NanoSpark was superior to the OEM 

plugs.  
 

8. The Pareto front optimization showed to be a powerful tool for the engine technology 

evaluation. However, the accuracy of the engine models, the accuracy of the testing 

facilities in measuring the engine outputs and the way of managing the engine tests affect 

the reliability of the results provided by the model based Pareto optimization. This is a very 

critical issue when the components under study perform almost identically with minor 

differences.  

The future work associated to this research can be: 

1. In the developed engine models, all the engine control variables were kept constant except 

the spark timing. One possible improvement of the engine models can be the variation of 

other engine inputs and study their effect on the engine responses. This will provide a more 

comprehensive engine data to be used for building engine models. The suggested engine 

inputs in this regard are the air to fuel ratio, direct to port injection ratio, direct injection 

timing and valve timing.  
  

2. One other suggested future work is the determination of the operating points of the Coyote 

engine in the Federal and European driving cycles and comparing the spark plugs at those 

specific operating conditions. This will determine the contribution of the spark plugs to 

addressing the requirements of the legislations especially in terms of emission and fuel 

consumption.  
 

3. As outlined in the literature, the multi-tab spark plugs are superior to the J-leg types in 

terms of the probability of igniting lean fuel-air mixtures [3]. This is a key requirement of 

the spark plugs used in the state-of-the-art stratified lean combustion SI engines. Hence the 

assessment of the NanoSpark and OEM spark plugs in terms of igniting the fuel-air 

mixtures at different lean air to fuel ratios will provide a more comprehensive comparison 

of the two spark plugs. As the flame speed is lower in a lean fuel-air mixture compared to 

the stoichiometric condition, the spark timing of the engine should be tuned to have a 

proper combustion before performing the lean limit tests.   
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Appendix  

    The raw data for the emissions and fuel consumption are presented in this appendix to provide 

an outlook for the range of these parameters for an SI engine. The variations of these engine outputs 

are also highlighted for different engine speeds, loads and spark timings for the OEM and 

NanoSpark plugs. It is also illustrated in the figures that the THC emission is a very varying 

parameter while NOx has a repeatable behaviour. Moreover, the dependency of these parameters 

to engine speed and load are highlighted, which show that a more repeatable behaviour is achieved 

at higher engine speeds. 

 

Figure A.1: Fuel flow for OEM and NanoSpark plugs at 1000 rpm and different loads and spark timings 
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Figure A.2: CO2 raw emission for OEM and NanoSpark plugs at 1000 rpm and different loads and spark 

timings 

Figure A.3: THC raw emission for OEM and NanoSpark plugs at 1000 rpm and different loads and spark 

timings 
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Figure A.4: NOx raw emission for OEM and NanoSpark plugs at 1000 rpm and different loads and spark 

timings 

Figure A.5: Fuel flow for OEM and NanoSpark plugs at 2000 rpm and different loads and spark timings 



M.A.Sc. Thesis – Mehdi Sadeghkazemi                                              McMaster – Mechanical Engineering 

 

191 
 

Figure A.6: CO2 raw emission for OEM and NanoSpark plugs at 2000 rpm and different loads and spark 

timings 

Figure A.7: THC raw emission for OEM and NanoSpark plugs at 2000 rpm and different loads and spark 

timings 
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Figure A.8: NOx raw emission for OEM and NanoSpark plugs at 2000 rpm and different loads and spark 

timings 

Figure A.9: Fuel flow for OEM and NanoSpark plugs at 3000 rpm and different loads and spark timings 
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Figure A.10: CO2 raw emission for OEM and NanoSpark plugs at 3000 rpm and different loads and 

spark timings 

Figure A.11: THC raw emission for OEM and NanoSpark plugs at 3000 rpm and different loads and 

spark timings 
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Figure A.12: NOx raw emission for OEM and NanoSpark plugs at 3000 rpm and different loads and 

spark timings 

 


