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PERMODELAN DINAMIK DAN KAWALAN SUAI PID ENJIN BIODIESEL 

MINYAK SAWIT 

 

ABSTRAK 

 

 Penggunaan biodiesel sebagai bahan api alternatif bagi pengangkutan menjadi 
semakin popular bagi menggantikan bahan api petroleum yang tinggi harganya. 
Kejayaan pelaksanaan penggunaan biodiesel dalam pengangkutan memerlukan 
pemahaman yang baik terhadap dinamik enjin dan pengawal yang boleh diharap untuk 
menguruskan enjin. Justeru itu,  kajian ini bertujuan untuk membangunkan model 
matematik dan pengawal suai bagi enjin automotif yang menggunakan bahan api 
minyak sawit “methyl ester”  (minyak sawit biodiesel). Penyelidikan pemodelan proses 
bermula dengan model matematik dinamik lelurus satu-masukan-satu-keluaran 
mewakili hubung kait antara kelajuan enjin dengan pendikit enjin bagi satu unit uji enjin 
diesel. Kedua-dua jenis model berketentuan dan stokastik telah diterbitkan dan 
disahkan. Tiga teknik anggaran parameter iaitu kaedah Jadi Semula Kuasa Dua 
Terkecil, Jadi Semula Di Panjangkan Kuasa Dua Terkecil dan Evolusi Kebezaan 
digunakan untuk menganggar parameter enjin. Kemudian, model dinamik jenis tak 
lelurus pula telah dibangunkan dan disahkan. Teknik anggaran Ortogon Jadi Semula 
Kuasa Dua Terkecil bersama dengan tatacara Nisbah Pengurangan Ralat digunakan 
untuk memilih struktur model kikir dan menganggarkan parameter model tak lelurus 
tersebut. Ketepatan model dinamik lelurus dan tak lelurus telah dibanding dan dianalisa. 
Keputusan kajian menunjukkan semua model yang telah diterbitkan adalah stabil dan 
bagus dalam menganggarkan keluaran enjin. Seterusnya, pengawal suai kelajuan PID 
yang berpandu kepada kaedah tugasan kutub telah direkabentuk, dibangunkan, diuji dan 
disimulasi sebelum dilaksanakan dalam masa nyata pada unit uji enjin. Pengawal suai 
ini telah direkabentuk bagi tujuan menjejaki dan melaras kelajuan titik set disamping 
menolak gangguan yang diperkenalkan kepada sistem tersebut. Sepanjang penyelidikan 
ini, algoritma kawalan yang dibangunkan telah diuji pada kelajuan titik set yang 
pelbagai dan gangguan beban. Keputusan kajian menunjukkan algoritma yang 
digunakan menghasilkan sambutan keluaran dinamik yang amat baik oleh enjin minyak 
sawit biodiesel. Algoritma yang dibangunkan telah berjaya mencapai objektif kawalan 
bagi mengesan dan melaras kelajuan enjin. Tambahan pula, keputusan ujikaji telah 
membuktikan pengawal ini mempunyai kemampuan menolak gangguan. Prestasi 
pengawal suai ini dalam mengesan, melaras dan menolak ganguan dibandingkan dengan 
enjin yang menggunakan bahan api diesel petroluem. Dalam kedua-dua kes, pengawal 
yang dibina telah menunjukkan prestasi yang amat baik dan terbukti boleh diharap 
untuk penggunaan kedua-dua jenis bahan api. Kajian ini telah membuktikan dengan 
nyata bahawa pengawal suai kelajuan berkadaran-kamiran-terbitan yang dibangunkan 
berjaya menunjukkan prestasi yang berkesan dalam mengawal kelajuan enjin automotif 
tanpa pengubahsuaian yang menggunakan minyak sawit biodiesel dan petroleum diesel.  
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DYNAMIC MODELLING AND ADAPTIVE PID CONTROL OF PALM OIL 

BIODIESEL ENGINE 

 

ABSTRACT 

 

The use of biodiesel seems set to become a popular alternative fuel for 
transportation to replace the high price petroleum fuel. To successfully implement the 
usage of biodiesel in transportation requires good understanding of the engine dynamics 
and reliable controller to manage the engine. Hence, this study is aimed at the 
development of mathematical models and adaptive controller of automotive engine 
fuelled with palm oil methyl esters (palm oil biodiesel). The process modelling 
investigation started with linear discrete-time single-input-single-output (SISO) 
dynamic mathematical models representing the relationship between engine speed and 
engine throttle of a diesel engine test-unit. Both deterministic and stochastic model 
types are derived and validated. Three parameter estimation techniques of Recursive 
Least Squares (RLS), Recursive Extended Least Squares (RELS) and Differential 
Evolution (DE) are used to estimate the engine parameters. Then, the nonlinear dynamic 
model of the engine type is derived and validated. Orthogonal Least Squares (OLS) 
estimation technique together with Error Reduction Ratio (ERR) procedures are used in 
the selection of the parsimonious model structure and parameter estimation for 
nonlinear ARX (NARX) model. The accuracy of linear and nonlinear dynamic models 
are compared and analyzed. The results show that all models derived are stable and 
good in predicting the engine output. Next, adaptive PID speed controller based on pole 
assignment method was designed, developed, tested and simulated before implemented 
in real-time on the engine test-unit. The adaptive controller is designed to track and 
regulate set-point speed as well as reject the disturbance introduced to the system. 
Throughout the investigation the control algorithm developed is tested at various engine 
set-point speeds and load disturbances. The results show that the algorithms produce 
very good dynamic output responses of the palm oil biodiesel engine. The algorithms 
have successfully achieved the control objective of tracking and regulating the engine 
speed. Furthermore, the experimental results also proved the disturbance rejection 
capability of the controller. The performance of the adaptive controller is compared 
with tracking, regulating and rejecting disturbance of automotive engine fuelled with 
petroleum diesel. In both cases, the controllers performed very well and proved to be 
reliable for both types of fuel. This study has significantly proved that adaptive PID 
speed controller developed performed effectively in controlling automotive engine 
speed fuelled with palm oil biodiesel and petroleum diesel without engine modification.  
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CHAPTER 1 

 

INTRODUCTION 

 

“The use of vegetable oils for engine fuels may seem insignificant today. But such oils may 

become in the course of time as important as the petroleum and coal tar products of the 

present time” 

Rudolf Diesel, 1912 

 

The importance of energy in our lives is very crucial that without energy life will be 

badly affected. The economic activities will cripple if the energy demand is not met.  

Development will stop without fuel supply. The industrial revolution came together with 

the dependency on energy. With the demand for energy to increase skyrocketing in this 

new century, searching for alternative energy is no longer an option but rather a must for 

the world to survive. In addition, awareness of environmental issues is becoming another 

factor that forces people to look for ‘greener’ alternatives to energy sources. One of the 

promising alternative energy available is biodiesel.  

This chapter introduces the scenario of biodiesel in Malaysia, with a description of its 

history and its chronology of development.  The implementation of advanced control 

engineering conducted for this research is presented.  The thesis objectives and outline of 

this research are also discussed. 
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1.1 Introduction 

 

Currently, there is extensive interest in using biofuel, especially biodiesel, in 

transportation (Kalam & Masjuki, 2008b; Demirbas, 2007a, b; Pichalai, 2005). In Malaysia, 

the effort to use renewable energy in transportation is highly supported by the government. 

However, to successfully implement the usage of biodiesel in transportation requires a 

thorough study in all related areas such as availability and reliability of the fuel and also the 

performance of the engine. Most of the studies carried out in Malaysia focuses on the 

engine performance and tribology (Adnan, Azre & Zulkifli, 2008; Masjuki, Abdulmuin & 

Sii, 1997; Masjuki et al., 2006; Fazal, Haseb & Masjuki, 2010) but very few focus on 

modelling and control. Among the studies involving in the modelling of biodiesel fuelled 

engine is a thermodynamic model developed by Ramadhas, Jayaraj and Muraleedharan, 

(2006) for analyzing the performance characteristics of the compression ignition engine 

fuelled by biodiesel and its blends. Using the model, the effect of relative air-fuel ratio and 

compression ratio on the engine performance of different fuels is analyzed. However, the 

model is based on a steady-state single zone thermodynamic model.  

Thus far, no study on dynamic modelling of biodiesel engine, particularly using palm 

oil biodiesel, has been reported. Hence, there is a need to carry out such studies for engine 

controller design and development especially with the usage of palm oil biodiesel in public 

transportation. The findings from this study will provide researchers as well as engine 

control designers with a better understanding of the dynamic response of the existing 

automotive diesel engine fuelled with palm oil biodiesel.  

The present study is to design and implement adaptive controllers in managing  

biodiesel engine. This research will focus on modelling and control for a palm oil biodiesel 
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engine. In this work, dynamic mathematical models of palm oil biodiesel engine will be 

derived, validated and an adaptive control system for the engine will be developed. This 

study was motivated due to the unstable oil price situation in the world market, the fast 

depletion of fossil fuel and the environmental issues of public transportation. Research by 

Choo, Ma, Chan and Basiron, (2005) indicated that tests on palm oil biodiesel as diesel 

substitute from 1983 to 1994 have shown that palm oil biodiesel is suitable for diesel 

engine. In the studies they found that in general, palm oil biodiesel exhibits fuel properties 

comparable to those of petroleum diesel and can be used directly in unmodified diesel 

engines. Thus, this study will develop the first ever linear and nonlinear dynamic 

mathematical models for unmodified automotive diesel engine running on Malaysian palm 

oil biodiesel. In addition, an adaptive PID controller will be designed, developed and 

implemented in real-time for speed tracking and regulating as well as the disturbance 

rejection capability based on the model derived. The performance of the adaptive controller 

will be compared to engine fuelled with petroleum diesel.  

 

1.2  Biodiesel in Malaysia 

 

When Rudolf Diesel, the inventor of the diesel engine, first demonstrated his invention 

in the 1900s he used peanut oils as fuel to run the engine. For several years vegetable oils 

continue to fuel diesel engines before petroleum diesel derive from fossil fuel emerged and 

replaced its usage. Petroleum diesel was cheaper and easier to get at that time. Because of 

its low cost and easy availability, petroleum became the dominant energy  source and 

petroleum diesel was then developed as the primary fuel for diesel engine (Pousa, Santos & 

Suarez, 2007). 



 4 

However, the situation for energy supply and demand has changed drastically lately. 

Since the late 1970s the world has been facing critical fossil fuel supply. As a result, the 

fuel prices have been rocketing since then and supply is unstable. While the world fuel 

demand increases by each year unfortunately the world oil reserves are getting lesser and 

lesser. Fossil fuel has been used for years for all kinds of human activities. Economic 

activities especially are strongly related to the high usage of energy in infrastructure 

development and transportations of a country.  The continuously high demand for energy 

has reached the point where looking for alternative energy to fulfil the demand is a must 

rather than an option for the world to survive. Fortunately, there are a lot of natural 

resources available to be explored and benefited as alternative energy. Renewable energy 

from natural resources like wind, sunlight, rain, tides, and geothermal heat are commonly 

used to replace fossil fuel. Until recently biodiesel, vegetable oil or animal fat based diesel 

fuel, has regained peoples' attention to be used as engines fuel.  

The history of biodiesel sector in Malaysia could be dated back in 1980s. Being the 

world’s largest producer and exporter of palm oil, Malaysian government had realized the 

importance of developing biodiesel as an alternative energy in the long term.  Research and 

development of biodiesel in a laboratory scale started at the Palm Oil Research Institute of 

Malaysia (now known as the Malaysian Palm Oil Board, MPOB). Since then, palm oil 

biodiesel development systematically evolved to become an important alternative fuel for 

transportation. Table 1.1 summarized the chronology of biodiesel development in Malaysia.  
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 Table 1.1: Chronology of Biodiesel Development in Malaysia 
 

Year Milestone 

1982 
 
Laboratory research on palm methyl esters (PME) biodiesel began 
 

1983 
Palm Diesel Steering Committee formed by the Minister of Primary 
Industries 
 

1984 
Construction of a PME biodiesel pilot plant (3000 tonnes a year capacity) 
began 
 

1984-1985 
 
Preliminary field trials in taxis conducted 
 

1985 PME biodiesel pilot plant launched 

1986-1989 
 
Field trials phase I began—31 commercial vehicles and stationary engines 
 

1990 
 
Field trial phase II began—bench test by Mercedes Benz in Germany 
 

1990-1994 
 
Field trials phase III began—commercial buses 
 

1995 
Transfer of PME production technology to industry to produce 
oleochemicals, carotenes (pro-Vitamin A) and Vitamin E 
 

2001 
Use of a CPO and fuel oil blend for power generation initiated 
Research on low-pour-point palm oil biodiesel initiated 
 

2002 

Field trials using processed liquid palm oil and petroleum diesel blends (B2, 
B5, B10) in MPOB vehicles began (i.e. a straight vegetable oil [SVO] 
biofuel blend) 
 

2004 
Trials of refined, bleached and deodorized (RBD) palm oil and petroleum 
diesel blends (B5) using MPOB vehicles (i.e. an SVO biofuel blend) began 
 

2005 

Transfer of technology from the MPOB to Lipochem (M) Sdn Bhd and 
Carotino Sdn Bhd to build PME biodiesel plants. 
Design of commercial low-pour-point PME biodiesel plant. 
National Biofuel Policy drafted. 
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2006 

National Biofuel Policy launched. 
First commercial-scale biodiesel plant began operations. 
Envo Diesel launched. 
92 biodiesel licences approved. 

2007 

 
Increase in CPO price caused many biodiesel projects to be either suspended 
or cancelled 
 

2008 
Malaysian Biofuel Industry Act 2007 came into force 
Usage of Envo Diesel was scrapped and replaced with B5 
 

2009 Government vehicles from selected agencies began use of B5 blend 

2010 
Government announcement that the B5 mandate for commercial use will be 
deferred to June 2011 
 

2011 
 
The palm oil-based B5 biodiesel program began on June 1 at Putrajaya 
 

2012 

B5 biodiesel program has been extended from June 2011 to Malacca, Negeri 
Sembilan, Kuala Lumpur and Selangor. Malaysia is ready to have 
nationwide implementation of the B5 biodiesel by year-end said Tan Sri 
Bernard Dompok-Plantation, Industries and Commodities Minister.  
 

Sources: (Chin, 2011; Shen & Yeap, 2012) 
 

Biodiesel is made through a chemical process called transesterification. In this process, 

the glycerin is separated from the fat or vegetable oil and leaves behind methyl esters and 

glycerin. In case of converting the feedstock crude palm oil (CPO) into fuel grade 

biodiesel, the CPO first undergoes pre-treatment processes to convert it into Bleach Palm 

Oil (BPO). Then, the BPO will undergo refining and separating processes to convert it into 

biodiesel. Figure 1.1 shows the block flow diagram of biodiesel production (Lim & Teong, 

2010).  
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Figure 1.1: Schematic diagram of palm oil biodiesel processing by MPOB.  
(Lim & Teong, 2010)  
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In Malaysia, the palm-oil-based B5 biodiesel program officially began on Jun 2011. B5 

biodiesel refers to 5% of palm oil blended with petroleum diesel. Malaysia is the second 

country in this region to implement the use of B5 after Indonesia. However, B5 was only 

available in Putrajaya at that time before the fuel is made available in other locations 

nationwide in phases. The main concerns of using biodiesel to fuel the engine are whether 

it could damage the engine in the long run or whether the engine performance will drop. 

Thus, researches around the world have conducted numerous studies regarding issues 

related to engine performances and environmental effects (Roy, 2011). Experimental results 

conducted to evaluate the performance and emission characteristics of direct injection 

diesel engine show better reduction of NOx, HC, CO, CO2 and improved thermal 

efficiency of the engine (Haribabu, Appa, Adinarayana, Sekhar & Rambabu, 2010). 

However, in order to ensure a safe and efficient engine performance and emission of 

biodiesel engine, an engine control unit (ECU) must be carefully developed. Thus, study on 

engine controller is a very important area that researchers must attend.  

 

1.3 Advanced Control Engineering 

 

The highly advance and reliable electronics technology has made computers and 

microcontrollers be part of our daily life. Almost all electrical appliances, machineries and 

electronic gadgets use electronic devices in their design. These phenomena have also 

transformed today’s vehicles into ‘computerized machines’. Several decades ago, 

conventional vehicle engines are mechanically governed using a number of adjusting 

mechanisms to adapt to different engine operating conditions. A simple engine-based 

control loop is used and this has restricted the performance of the engine. As customers 
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demand increases and due to the rapid development on microcontroller, the previously 

simple and straight forward mechanically engine control system has evolved into a more 

sophisticated and complex Electronic Control Unit (ECU). The ECU has become the 

‘brain’ of the engine that is capable of processing large amount of data very quickly and in 

real time. As a result, ECU has enabled precise and quick response of engine performance. 

 The ECU is a processing unit that receives the electrical signals from sensors, 

evaluates them and then calculates the triggering signal for the actuators (Robert Bosh 

GmbH, 2004). The control program is the main algorithm that is responsible for the control 

action taken in response to the actual demand put on the engine. Nowadays, automotive 

control applications, especially engine control, are the main criteria in producing highly 

fuel efficient and environmental friendly vehicles. The ultimate goal of engine control 

development is to optimize the performance of the engine with minimal environmental 

effect.  

It has always been a challenge for automotive engineers to control engine speed 

corresponding to load variations and unpredictable disturbances. In order to effectively 

control a system, the behavior or the dynamics of the system without a controller must be 

fully understood. (Wellstead & Zarrop, 1991). The system dynamics can be represented in 

mathematical term known system modelling. In control engineering, system models are 

mathematical representation of the system dynamics. In order to characterize or predict the 

system behavior, the considered process has to be modeled. Although mathematical models 

never represent the exact systems in real life, they can approximate the actual dynamics of 

the system to the extent that the models derived are good for the intended applications. 

System modelling helps the analyst or designer understand the functionality and the 

behavior of the actual system. Models allow the system’s dynamics to be simulated and 
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analyzed without having to build the actual system. In general, models are needed for the 

interpretation, observation and measurement of the system under study. Good decision 

making and successful problem solving outcome rely on adequate and accurate information 

predicted or approximated by the models. Thus, it is very important to have good models to 

represent the actual system.  

Models are derived for specific use or purposes based on various requirements such as 

process design, process control, plant optimization or fault detection. There are various 

techniques available for deriving the desired models. However, standard modelling 

approaches can be classified into three categories: the white-box model (based on physical 

laws), the black-box model (based on its input-output experimental data and transfer 

function) and the grey-box model which is based on physical laws as well as experimental 

data. The white-box models are derived using the physical laws that govern the behavior of 

the system. The models may be described by a set of algebraic and differential equations. 

The structure of the models reflects all the physical insight about the process and all the 

variables and parameters have direct physical interpretations. Often, this type of modelling 

is time consuming and may end up being very complex. In addition, in certain cases the 

knowledge of the system’s mechanism or properties may be incomplete. Thus, if adequate 

theoretical knowledge about the system is not available, the black-box models derived 

using identification techniques from experimental data is preferable (Ikonen & Najim, 

2002).  

The models derived to approximate the actual system are important in the development 

of the control system. Control systems are important to human civilization. These can be 

found  practically everywhere in our daily activities and applications. With the 

advancement in control engineering, applications of control system can be found 
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widespread in industries, military, space exploration, planes, ships, electrical appliances 

and automotive to name a few. Actually control system is not new to us since our body 

itself consists of numerous ‘highly advanced control system’ which regulates and maintains 

our body system.  

The application of control systems in our day-to-day activities has become an 

increasingly important role in the present development of automation. The highly advanced 

and reliable integration of microelectronics, software engineering and communication 

systems greatly improved the development of process automation. The conventional 

procedure for control and signal processing has changed together with the emergence of 

state-of-the-art digital controller. The first successful applications for direct digital control 

with process computers were reported in 1962. The advent of microprocessors in 1971 and 

the first industrial digital controllers in 1975 motivated the development of adaptive digital 

control systems (Isermann, Lachman & Matko, 1992). 

On most modern systems, the controller is a digital controller. The advantage of using 

digital controller is that many loops can be controlled by the same computer through time 

sharing. In addition, the flexibility of making adjustments to the control algorithm stored in 

the software to yield a desired response or control objective is the other main advantages of 

developing digital controller either for completing or replacing the process analog control 

technique. With digital controller, the feed-forward and feedback control schemes can be 

realized in software. The controller can automatically perform the analysis of the process 

and the synthesis of the controller. For small automation systems, a microcontroller or 

microprocessor is used for supervision, protection, optimization and feedback control. 

 Advanced control technology is the combination of advanced hardware, such as online 

sensors, microcontroller and electronic devices, with advanced control algorithm. Control 
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methods such as self-tuning or adaptive control, robust control, predictive control, optimal 

control and intelligent control are commonly applied in regulating, control and optimizing 

the process under supervision. The evolution of advanced control algorithms required fast 

and accurate process models. These models are obtained either by theoretical modelling or 

by process identification. The combination of identification process together with controller 

design in order to meet a particular requirement or situation is known as self-tuning or 

adaptive controller. In general, both terminologies convey the same idea. The main idea is 

to construct an algorithm that will automatically adjust its model and controller coefficients 

in order to maintain the required performance. Loannou and Fidan (2006) define adaptive 

control as the combination of a parameter estimator, which generates parameter estimates 

online, with a control law in order to control classes of plants whose parameters are 

completely unknown and/or could change with time in an unpredictable manner. The first 

digital self-tuning or adaptive controllers came on the market in 1981 (Iserman, 1992). 

Since then self-tuning control has continuously evolved. 

Basically, there are two approaches in self-tuning control, the indirect self-tuning 

control and direct self-tuning control. In the first approach, the model coefficients are 

estimated online at each sampling time and used to calculate the controller coefficients. 

This method is also called as explicit self-tuning control. The second approach, direct self-

tuning control or implicit self-tuning control, estimated the model coefficients according to 

the desired controller coefficients. In this method, the controller coefficients are estimated 

without involving the calculation of plant model coefficients. The basic structures of these 

two approaches are shown in Figure 1.2 and 1.3. 
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Figure 1.2 Indirect self-tuning control structure 
 

 

Figure 1.3: Direct self-tuning control structure 

 

In this study an unmodified automotive diesel engine mounted on a test-bench with 

electric dynamometer is the plant selected. Diesel engines are inherently more fuel-efficient 

than petrol engines. It offers the greatest overall efficiency by more than 50% in the case of 

large, slow-running types of engine (Robert Bosh GmbH, 2004). The higher overall 
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efficiency of the diesel engine compared with the conventional petrol engine is essentially 

due to three factors: 

• Higher compression ratio 

• Greater excess air  

• Absence of throttle flap-and consequently no throttle related losses in the part 

load range 

The power output of a diesel engine is controlled by regulating the quantity of fuel that 

is injected into the cylinder. The amount of injected fuel per stroke is then proportional to 

engine torque. Generally, the amount of air is almost constant at a given speed, and only 

the amount of fuel injected changes according to the driver’s request. Thus, the diesel 

engine is controlled by the relative fuel supply. The air supply is always at its maximum. 

With the change in load the quantity of fuel is changed, which alters the air/fuel ratio. As 

the load increases, more fuel is used.  Therefore, the ratio of air to fuel is very important for 

the combustion process of internal combustion engine. As the air/fuel ratio reduces because 

of the injection of more fuel, the power output increases. However, there is a limit where if 

the air/fuel ratio is further reduced, it will lead to production of undesirable quantity of 

smoke. Thus the power output of diesel engines by increasing the quantity of fuel is limited 

to the smoke produced by the engine. The main objective of control in this study is to track 

and regulate the engine speed that run on 100% palm oil biodiesel by manipulating the fuel 

intake. The aim is to design, develop and implement in real-time an engine speed controller 

for palm oil biodiesel engine.  
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1.4 Implementation of Advanced Control Engineering For Modelling and Control 

of Palm oil biodiesel engine 

 

The implementation of the advance controller system in this study is based on model 

identification adaptive controllers (MIACs). The adaptive controller performs three basic 

tasks; information gathering of the present process behavior; control performance criterion 

optimization; and adjustment of the controller (Isermann et al., 1992). The basic structure 

of adaptive controllers implemented to model and control the palm oil biodiesel engine in 

this study is shown in Figure 1.4.  

 

 

Figure 1.4: Basic structure of the adaptive controller implemented to model and control 
palm oil biodiesel engine. 
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However, the whole research activities have a number of stages. First, some 

modifications have to be carried out on the engine test-unit for modelling and control 

activities. The next stage is to develop a series of design of experiments for data acquisition 

and system identifications. Both linear and nonlinear dynamic mathematical models of the 

palm oil biodiesel will be derived. Then, an adaptive controller for speed regulation and 

tracking will be designed, simulated and implemented in real-time. The whole activities for 

modelling and control of palm oil biodiesel engine are summarized in Figure 1.5.  

 

Figure 1.5: Summary of research activities for modelling and control of palm oil 
biodiesel 
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1.5 Problem Statement and Motivation 

 

  Most of the reported studies focused on the performance of the biofuel as an 

alternative energy. For example, Sii (1996), Adnan et al., (2008) and Choo at al., (2005) 

evaluate the performance and emissions of palm oil biodiesel used in diesel engines. Kalam 

and Masjuki, (2008a) on the other hand, investigate the potential and properties of palm 

diesel as an alternative fuel for automotive engine. While the research by Serrano, Carreira, 

Camara and Silva, (2012a) investigate on-road performance comparison of two identical 

cars consuming petroleum diesel and biodiesel. Currently, data on dynamic modeling and 

speed control of internal combustion engine fuelled with palm biodiesel are not available or 

reported for researchers to study on the engine dynamic response and controller 

development for future design of biodiesel engine. Thus, this study will focus on dynamic 

modeling and engine speed control of unmodified automotive diesel engine fuelled with  

palm oil biodiesel.  

 The world energy crisis as well as the awareness of  green technology in recent 

years is among the reasons why this study is being carried out. Implementation of palm oil 

biodiesel as an alternative fuel for transportation, for example, will lessen the world’s  

demand for fossil fuel and at the same time contribute to green technology. This research 

also dedicated to support  The National Biofuel Policy where biofuel will be enhancing the 

nation’s prosperity and well-being by the five strategic trusts: Biofuel for transportation, 

Biofuel for industry, Biofuel for technologies, Biofuel for export and Biofuel for cleaner 

environment. Most importantly, this research is to study the dynamic response of biodiesel 

engine and develop suitable engine speed controller for the engine to run on petroleum 

diesel and palm oil biodiesel. 
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1.6 Research Objectives 

 

This thesis deals with the application of modern system identification and real-time 

control technique to model and control the dynamic relationship between the throttle 

opening and the shaft speed of an automotive diesel engine. The thesis can be divided into 

two parts; the first part deals with the estimation of linear and nonlinear mathematical 

models of automotive diesel engine fuelled with palm oil biodiesel. The nonlinear 

modelling is carried out to compare and evaluate the accuracy of the two model types using 

simulation studies. This is to justify that the plant can be adequately modelled by linear 

approximation for the purpose of designing an adaptive PID engine speed controller with 

acceptable accuracy. Methods of recursive least squares and differential evolution are used 

to optimize the linear models. The recursive and non-recursive versions of polynomial 

nonlinear models are also derived in the study. The second part deals with the development 

of engine speed controller for real-time application. The adaptive controller design 

technique of pole/zero placements developed mainly for the palm oil biodiesel automotive 

engine was studied in simulation before implemented in real-time using engine test-unit. 

The analysis and discussion of the engine speed controller developed for palm oil biodiesel 

engine are presented at the end of the thesis. A program of work to meet the following 

objectives was planned and implemented:  

 

Objectives: 

1. To develop linear dynamic mathematical model of automotive diesel engine 

fuelled with palm oil biodiesel. 
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2. To develop nonlinear dynamic mathematical model of automotive diesel engine 

fuel with palm oil biodiesel. 

3. To develop and validate adaptive PID engine speed controller for a palm oil 

biodiesel engine in simulation. 

4. To implement and analyze the adaptive PID speed controller developed and 

validated in the previous objective in real-time using an automotive engine test 

unit and compare its performance with petroleum diesel engine. 

This study is carried out on a nonlinear plant, the internal combustion engine 

specifically the compression engine. Thus, the experience and problems encountered during 

the design, development and implementation of the self-tuning control scheme based on 

simple dynamic model is very challenging but interesting. As a result, procedures and the 

results of this study may find informative and suitable for engine controller development.    

 

1.7 Research Scopes 

 

Considering that engine control unit design and development is a very 

comprehensive, complex and difficult tasks, the present study scope of work has been 

limited to:   

1. Development of engine speed controller based on single-input-single-output  (SISO) 

model. 

2. The usage of 100 % Palm oil biodiesel (Palm Methyl Esters) as fuel. 

3. Derivation of linear and nonlinear dynamic engine modelling at engine speed 

around 2100 RPM 

4. Application and implementation of adaptive PID control theory 
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Emphasis has been given to the design and implementation of palm oil biodiesel 

engine speed controller for tracking varying engine speed references and ability of the 

controller to reject disturbances. 

 

1.8 Outline of Thesis 

 

Chapter 2 begins with the literature surveys on biofuel, particularly biodiesel 

application in transportations. Theory and application of linear and nonlinear modelling, 

identification and control of previous work done on diesel engine are also given. The 

application of self-tuning control method is reviewed.  Chapter 3 gives a general 

description of a compression ignition internal combustion engine and its operation. The 

research methodology used in this study is also described. This chapter also discusses the 

instrumentations and experimental setup used in deriving the mathematical model of the 

palm oil biodiesel and the design, development and implementation of adaptive controller 

in real-time.  

Chapter 4 introduces the identification of automotive engine fuelled with palm oil 

biodiesel model parameters from input/output data. The system identification procedures 

for experiment of data collection, selection of model structure, parameter estimation and 

model validation are described. Recursive estimation algorithms and differential evolution 

technique implemented in deriving the linear dynamic models of palm oil biodiesel are 

simulated. The results of various parameter estimation techniques applied in identification 

of linear dynamic models are presented and discussed. 

Chapter 5 presents the nonlinear modelling of automotive engine considered in this 

study. Input-output nonlinear models obtained from a black-box modelling procedure are 
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presented. The nonlinear model representation considered in this study is a simple NARX 

(Nonlinear Autoregressive with eXogeneous input) model which is a special case of 

NARMAX (Nonlinear Autoregressive Moving Average with eXogeneous input) model 

with the noise term excluded. An orthogonal estimation algorithm which efficiently 

combines with a model structure selection that determine the significant terms of a model 

are described. The analysis and discussion of the nonlinear engine models estimated in this 

chapter provide the basis for comparison study between linear and nonlinear modelling of 

palm oil biodiesel engine. 

In Chapter 6 the development of the adaptive engine speed controller for palm oil 

biodiesel engine is presented. The controller is developed based on linear modelling 

structure which performed best on the model validation processes. The linear-time-

invariant model of ARX model was selected. PID controller with control strategy based on 

pole-placement method is developed. The controller is tested and validated, first in 

simulation in order to fine tune the most efficient controller parameters setting for real-time 

implementation. The chapter proceeds with the real-time implementation the controller 

applied to an automotive engine test unit. The performance of the controller in tracking 

varying reference speed and its capability to reject the disturbances are presented and 

discussed. Finally, chapter 7 outlines the main conclusions of the study and some 

recommendations for further research are presented.   
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CHAPTER 2 

 

LITERATURE REVIEW 

 

This chapter serves to introduce the current scenario of energy crisis and the 

alternative energy available especially biodiesel.  A review of the application of biofuel 

in transportation and biodiesel development in Malaysia is presented. This chapter also 

discussed the work previously conducted in internal combustion engine modelling and 

control. The dynamic system modelling and identification techniques are discussed and 

attention is put on the discrete-time black-box modelling of linear and nonlinear 

dynamic systems. Adaptive control strategy and its application in process control is 

presented and reviewed. 

2.1 Introduction 

 
Energy crisis is commonly defined as a situation in which the demand of energy 

exceeds the supply. If the shortfall in the supply of energy continues and the demand 

keeps on rising, it will create the conditions for the price of the available energy 

resources to rise. The main factor that causes energy price to increase is the cost of 

petroleum. The oil crisis may throw the world into turmoil. The world economies will 

cripple and these will create social unrest. If the price of oil increases so rapidly, it may 

threaten the economic and national security. The correlation between energy and 

economic growth is shown by the close relationship between oil production and world 

Gross Domestic Product (GDP) as indicated by Hirsch (2008) in Fig. 2.1. Studies by 

Stern (1993 & 2004) show that there are causal relationship between energy supplies 

and growth. The possibility of declining economic growth, increasing inflation and 
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rising unemployment may eventually put the national security at risk. Williams and 

Alhajji (2003) in their study indicates that many of the warning signs that existed before 

the energy crisis of 1973 and 1979 exist now and they indicated that the current 

situation could even be worse. Recently, Tverberg (2012) in his works outlined how, in 

practice, a reduction in oil supply might affect the credit system and the economic 

leverage it provides.   

 

 
 

Figure. 2.1: World GDP growth and world oil production growth from 1986 to 2006 
(Hirsch, 2008) 

 
 

 Today's energy crisis has put so much pressure on economic activities around 

the world that researchers are continually searching for solutions. The demand for 

energy will continue to increase over the years since it is one of the key ingredients in 

any economic activity. Unfortunately, the world energy resources are declining so 

rapidly that funding for the alternative sources is not an option but rather a must. For 

years people have been depending on fossil fuels to move and to live. Therefore, the 

depletion of fossil fuels is a major and critical issue that must be handled wisely. The 

unstable oil price situation in the world market worsens the crisis at hand. The rapid 

decline in energy resources, the increasing environmental concerns, and the high 
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demand of energy consumption have pressured  many countries to look for alternative 

energy to substitute petroleum. Energy generated from natural resources such as solar 

energy, hydro energy and wind energy are among the most common alternative energy 

available. In recent years, researchers have been giving a great deal of attention to 

search for viable alternative sources of energy. One of the alternatives is to use bio-fuel 

as renewable energy.  

    

2.2 Bio-fuel 

 

The history of using biodiesel to fuel an automotive engine start as early as the 

day when the diesel engine was invented. In 1892 Rudolf Diesel embarked on research 

work based on his idea of a totally new engine in which the fuel would be ignited by 

compression. Fuel is injected nearly at the end of compression which was then ignited 

by hot compressed air. After many years of hard work, the world’s first diesel engine 

was produced in 1897. The diesel engine offers better efficiency, low fuel consumption, 

low-emission exhaust compared to the spark ignition engine. In 1900, Rudolf Diesel 

demonstrated his engine powered by peanut oil at the World Fair in Paris, France. He 

believed that bio-fuel was the future of his engine, unfortunately diesel engine 

manufacturers decided to alter their engines utilizing the lower viscosity of the fossil 

fuel. Today, Rudolf Diesel proved that he was correct right from the beginning when 

the world has turned back to renewable energy that once had been abandoned.  

2.2.1 Bio-fuel in Transportation 

It is a fact that almost all modes of transportation depend on fossil fuel such as 

petroleum fuel, diesel fuel, liquefied petroleum gas and natural gas. Thus, the demand 
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for energy to fuel all the transportations and machineries around the world is so high 

that so often the demand surpluses the supply. This will consequently increase the fuel 

price. In the effort to reduce the dependency of transportation on fossil fuel, automotive 

makers have started producing hybrid and electric vehicles. While this effort has shown 

promising results, there are many more opportunities for improvement before electric 

vehicles could totally replace the internal combustion engine. Therefore, as a fast 

solution to the world oil crisis, researchers intensively explore the use of renewable 

energy such as biodiesel to fuel passengers and commercial vehicles. The alternative 

fuel must be technically feasible, economically competitive, environmentally acceptable 

and easily available. Biodiesel has demonstrated a number of promising characteristics 

and has become more attractive recently because of its environmental benefits. 

Several researchers reviewed the performance and emission of biodiesel in 

compression ignition engines, combustion analysis, wear performance on long term 

engine usage and economic feasibility. A very comprehensive review and importance of 

biodiesel as transportation fuel was done by M. Balat and H. Balat (2008) and Demirbas 

(2007b). With the high prices of petroleum fuel, biodiesel seems set to become the 

popular alternative fuel for transportation. In addition, Agarwal (2007) reviews the 

performance and emission of biodiesel in compression ignition engines, combustion 

analysis, wear performance on long term engine usage and economic feasibility. 

Rahema and Ghadge (2008) studied the performance of Ricardo E6 Engine using 

biodiesel from Mahua oil (B100) and its blend with high speed diesel at a variable 

compression ratio, injection timing and engine loading. They concluded that biodiesel 

gives the same performance as that with petroleum diesel as long as it is blended not 

more than 20%. From their finding, it is caused by the fact that the performance of the 

engine reduces with the increase of biodiesel in the blend. Anpu, Ajaya and Baiju 
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(2011) investigate diesel engine performance using sunflower oil. They found that the 

B20 biodiesel engine gives comparable performance to that of diesel fuel.  Table 2.1 

presents some of recent studies on bio-fuel for diesel engine.  

 

Table 2.1: Some recent studies on application of bio-fuel in diesel engine. 

Year Authors Bio-Fuel Engine/Test 

2003 Zhou, Fet A., Micheksen &  
Fet K. 
 

Rape seed 
 

Recreational 
boats/emissions 

2003 
 

Prateepchaikul & Apichato 
 

Palm oil 
 

1-cylinder IDI/ performance 
 

2004 
 

Forson, Oduro & Donkoh  
 

Jatropha oil 
 

1-cylinder DI/performance 
 

2006 
 

Ramadhas, Jayaraj & 
Muraleedharan. 
 

Rubber seed oil 
 

1-cylinder DI/ modelling 
 

2007 
 

Pradeep & Sharma 
 

Jatropha oil  
 

1-cylinder DI/emissions 
 

2008 
 

Raheman & Ghadge 
 

Mahua oil  
 

1-cylinder IDI/performance 
 

2008a 
 

Kalam & Masjuki 
 

Palm oil 
biodiesel 

 

4-cylinder IDI/performance 
and emissions 
 

2011 Anpu et al. Sunflower oil 1-cylinder DI/performance 
and emission 
 

2012 
 

Celikten, Mutlu & Solmaz.  
 

Rapeseed oil 
and hazelnut 

 

4-cylinder DI/performance 
and emission 
 

2012 
 

Banapurmath, Tewari & 
Gaitonde. 
 

Honge oil 
 

1-cylinder DI/performance 
and emission 
 

2012a 
 

Serrano, Carreira, Camara, & 
da Silva 

Soybean oil and 
palm oil 

 

4-cylinder TDI/performance 
and fuel consumption 

2012b 
 

Serrano, Camara, Carreira, & 
Gameiro da Silva 

Soybean and 
rapeseed 

 

6-cylinder TDI/Emission 
and fuel consumption 
 

2012 
 

Sharon, Karuppasamy, 
Soban Kumar, & Sundaresan 

Used palm oil 
 

1-cylinder DI/performance, 
emission and combustion  
 

2012 Valente, Pasa, Belchior, & 
Sodre 

Wastes cooking 
oil 

50kW Diesel Gen set/ 
emission 
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2.2.2 Biodiesel In Malaysia 

 

Studies related to alternative energy from palm industry in Malaysia have been 

rigorously done since the late 1990s. For example, Masjuki, Abdulmuin and Sii (1997) 

studied the performance and tribological characteristics of an indirect diesel engine 

operating on palm oil methyl esters and its emulsion. Mahlia, Abdulmuin, Alamsyah 

and Mukhlishien (2001) in their studies have shown that the usage of fibre and shell 

obtained from the processing of palm oil can generate more than enough energy to meet 

the energy demand for the steam boiler of a palm oil mill. They even extend their 

studies toward the development of a dynamic model and simulation of the palm waste 

boiler (Mahlia et al., 2003). Research and development efforts have demonstrated that 

palm oil biodiesel (palm oil methyl esters) is a good source for energy production 

(Mekhilef, Siga, & Saidur). Generally, palm oil biodiesel exhibits fuel properties 

comparable to those of petroleum diesel and can be used directly in unmodified diesel 

engines (Choo et al., 2005). Kalam and Masjuki (2008b) in their work investigate the 

effect of using  palm oil biodiesel with additive-added (4-Nonyl phenoxy acetic acid, 

NPAA) on brake power, specific fuel consumption, exhaust emissions and  anti-wear 

characteristics of fuels lubricants. The results show that palm oil biodiesel with additive 

produce higher brake power and lower specific fuel consumption. It also reduces NOx, 

CO and Hydrocarbon emissions. Overall, the palm industry has an opportunity to play a 

significant role in the worldwide energy economy (Halsall, 2011) 

However, studies on engine modelling and control using biodiesel are scanty. 

Among the foremost studies are those of (Ganapathy, Murugesan & Gakkhar, 2009) 

who studied a methodology for thermodynamic model analysis of biodiesel engine and 

Ramadhas et al. (2006) who developed a theoretical model and analyzed the 
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performance characteristics of a compression ignition engine fuelled by biodiesel and its 

blends.  Anpu et al., (2011) model one cylinder engine using ANN to predict engine 

performance on brake thermal efficiency, specific fuel consumption, NOx and CO.  

However, the ANN model was not developed for controller development purposes. The 

model was derived to predict engine performance under varying conditions. Thus, to the 

best of the author's knowledge this study is among the first attempt in Malaysia to 

develop dynamic mathematical models and implement an adaptive controller for diesel 

engine fuelled with palm oil methyl esters (palm oil biodiesel). The mathematical 

models develop in this study will be used to develop an engine speed controller for real-

time implementation.  

 

2.3 Previous Related Work in Internal Combustion Engine Modelling and 

Control 

 

Previously, the development of engine control units is normally based on an 

iterative procedure by using an engine test rig. A controller development procedure that 

relies on the test rig as the principle development step is not reliable and satisfactory 

because of the random nature of the engine processes. Repeatable engine behaviour 

within experiments are almost impossible to obtain because of the uncontrollable test 

condition. In order to address this problem, the mathematical models that best represent 

the engine under study must be constructed preceding the controller development. With 

this technique, perturbation studies, sensitivity and error analysis and system response 

measurement can be readily performed on such models, and the effect of such system 

modifications can be demonstrated simply (Ramli & Morris, 1991). A requirement for 

the success of controller development via mathematical models is that the model must 
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be highly accurate. Considering the nonlinearity and time-varying characteristics of the 

engine, modelling of this plant is very difficult. In general, there are two classes of 

models that have been developed for the purpose of controlling synthesis: physical 

models and empirical models. 

The physical models are derived from fundamental thermodynamic, fluid 

mechanics and rigid body mechanics laws. The advantage of this type of model is that 

the governing equations for the engine are expressed in term of physical parameters, 

which means that the models can be used to evaluate controller performance for a range 

of different operating conditions and engine sizes. However, the complexity of such 

models is a major disadvantage. 

The empirical models on the other hand, are based on the functional relationship 

between input and output variables. In control engineering, system identification is a 

method of deriving a mathematical model of a dynamic system from observed data. The 

model should be adequate to represent the actual system for the intended purposes. Such 

models serve as useful tools in the synthesis of controllers for specific engine under 

defined conditions but cannot be readily generalized to other engines or operating 

conditions. The relative mathematical simplicity compared with physical models is their 

main advantage. 

There have been a great number of research efforts directed toward the 

development of internal combustion engine models for control reported in literatures. 

For example, Powell (1979) developed a basic nonlinear representation of an engine 

dynamic system that described the induction process and engine power system as well 

as dynamic characterization of the throttle mechanism, sonic EGR valve, and a fuel 

injection system. Tenant, Rao and Powel (1979) derived mathematical models 

empirically from engine data using multivariable regressions in their studies for 
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establishing optimum engine performance, in terms of fuel economy and exhaust as a 

function of spark advance, exhaust gas recirculation and air-fuel ratio. Ramli and Moris 

(1991) constructed a non-linear physical model which is based on the work of Dobner 

(1982). The principal elements of the engine model developed are the carburettor, 

intake manifold, combustion process, and engine dynamics. The structure of the model 

enables various engines to be studied with few input parameter changes. Jiang (1994) 

obtained a set of dynamic diesel engine models by using system identification technique 

for various engine speed and power outputs. The input signal to the system 

identification algorithm is the engine speed error signal. He used System Identification 

ToolBox from MathWorks, Inc, to derive the parametric models of the engine in the 

form of difference equations.  The dynamic model of the engine is of an ARMA type.  

Shim, Park, Khargoneksr and Ribbens (1995) linearized a nonlinear time-varying 

engine model in their studies to improve the engine speed fluctuation due to the cylinder 

imbalances. The control strategy was a combination of error detectors, dead zones, and 

PI controllers. 

Arsie, Gambino, Pianese and Rizzo (1997) adopted a mixed modelling approach 

in order to realize the best compromise among precision, computational time and 

flexibility. Models based on the physical description of the most significant aspects 

related to the study of control strategies have been integrated with black-box models 

based on a synthesis of steady-state experimental data. They mentioned that the direct 

use of physical models would require excessive computational time, not compatible 

with the hundred or thousands of iterations often required by an optimization analysis. 

On the other hand, the exclusive use of black-box models, which require very extensive 

experimental analysis, would result in poor flexibility and precision. Kusin (1998) used 

a black-box technique to identify the plant in his study in order to control the speed of 
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the existing automatic cruise control system in a Toyota Corona car. The identification 

of the plant parameters is done by using the recursive least square method. The plant 

discrete-time model parameters are identified from a sequence of input-output data 

which in turn are used to determine controller parameters.  

Omran (2000) provided a comprehensive study on the development of controllers 

for IC speed control and their applications. He studied the application of advanced 

theory to an engineering system. Nonlinear and linear engine dynamic models of the 

idle speed system were developed, evaluated and validated. The dynamic models are 

not only useful for studying the general dynamic behaviour of the engine dynamic 

process but also serves as an analytical foundation for the synthesis of complex 

interacting of dynamic control laws. A number of controllers were developed and tested 

in simulation. These controllers include Linear Quadratic Regulator, Linear Quadratic 

Gaussian and Loop Transfer Recovery, Robust H� control and Pole Assignments 

controllers. Their simulation results show that the proposed idle speed control structure 

successfully regulates the idle speed to the command value during various throttle 

angles with H� control strategy gives the best performance. Ayadi, Langlois and 

Chafouk (2004) used a simplified nonlinear model of the diesel engine in their work. 

This model is linearized around an operating point for controller design. Canova, 

Garcian, Mohler, Guezennec and Rizzoni (2005) in their study in the development of a 

combustion process in an (HCCI) Diesel engine, focuses on the behaviour of the system 

from intake valve closing to the exhaust valve opening used the first-law of 

thermodynamic analysis approach. Killingsworth, Aceves, Flowers and Krstic (2006) 

proposed a simple model of the HCCI combustion process valid over a range of intake 

pressures, intake temperatures, equivalence ratios, and engine speeds. The model 

provides an estimate of the combustion timing on a cycle-by-cycle basis. An ignition 
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threshold, which is a function of the in-cylinder motored temperature and pressure is 

used to predict  the start of combustion. This model allows the synthesis of nonlinear 

control laws, which can be utilized for control of an HCCI engine during transients. The 

model is based on first principles considering only subsystems that affect the behaviour 

of the engine under consideration for control (compression, ignition, heat release, 

expansion and exhaust blow down within the cylinder during an engine cycle) 

Outbib, Dovifaaz, Rachil and Ouladsine (2006) considered a nonlinear model that 

takes into account the main nonlinearities of the process, and the approach used to 

design the controller is based on a nonlinear method that utilizes Lyapunov theory 

without any kind of linearization. In comparison to the methods based on linearization, 

the authors claim that the approach proposed in their paper has the advantages that the 

obtained controller is valid in a large physical domain and not only around the 

equilibrium point, as it is the case for linear methodologies. Rupp and Guzzella (2010) 

applied Iterative Feedback Tuning (IFT) to sequentially tune the parameters of the 

internal model and the parameters of the controllers for air-to-fuel ratio application. 

Normally IFT concept is a model free method for tuning controller parameters in a 

feedback loop system. The authors however, combined the  IFT concept together with 

the IMC structure to yield a better tuning procedure. The experimental results show that 

their strategy exhibits robust properties in the presence of unmodelled disturbance. 

Karlsson, Ekholm, Strandh, Johansson and Tunestal (2010) modelled a simple low-

complexity black-box dynamic models of six cylinder turbo-charged heavy duty diesel 

engine for NOx and soot emission control. 

Hu and Ju (2011) investigated three methods, BP neural network, RBF neural 

network and Elman neural network, in identifying the nonlinear parameters-effective 

flow area of the throttle and volumetric efficiency of mean-value engine model. Among 
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the three, RBF neural network is the most suitable that improved the model accuracy 

greatly. Dutka, Javaherian and Grimble (2011) introduced new model-based engine 

identification and adaptive control algorithm by implementing different schemes for fast 

and slow parameter adaptation. Using the mean value engine models, the fast parameter 

adaptation is to compensate the effect of temperature sensitivity due to cold operating 

condition. The slow parameter adaptation scheme on the other hand allows for engine to 

engine variation and component aging and degradation. Jia, Zhu and Schock (2011) 

improved the intake valve lift repeatability by more than 30% reduction of standard 

deviation using adaptive system identification technique and closed-loop PI control 

strategy. Their strategy was tested in real-time using a Ford 4.6 liter four-valve V8 

engine head as test bench over steady-state and transient operations. Results show that 

the error is within 0.5mm for one cycle at 1200 RPM and a steady-state error of 0.4mm 

and 1.3mm at high and low valve lift. 

Liao, Roelle, Jyh-Shin, Sungbae and Gerdes (2011) also studied the error and 

inconsistency of valve position modern engine design. In order to achieve valve profile 

tracking at the level of 40 �m, they proposed a combine of the feedback and feed-

forward repetitive controller strategy. The experimental results indicate that the 

controller strategy has demonstrated an effective performance for tracking the valve 

motion. In the work of (Chwan-Hsen, Hsien Chiu, & Hsu-Lun, 2011) the authors 

applied the system identification technique in the closed-loop control condition to 

investigate the nonlinear effect of preload spring effect and the large friction force in the 

valve mechanism. They derived the mathematical model for the electronic throttle 

control using closed-loop identification method to identify the model parameters. 

Applying the pole placement design method, a two-degree-of-freedom control structure 

with disturbance observer is implemented in the feedback loop. Their experimental 
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results show the controller that based on the soft spring ETC model is robust against 

high stiffness. In addition, the disturbance observer in the feedback loop can effectively 

compensate the friction force. 

Albin et al. (2011) identified a low temperature combustion engine to develop a 

controller for reference tracking and rejection of disturbances. Using correlation 

clustering algorithms to identify piecewise affine models the authors used a hybrid 

Model Predictive Controller for controlling the engine in different operating modes. The 

simulation results show that the hybrid MPC controller performed better than linear 

constrained MPC. Thu Zar et al. (2011) used simple polynomial approximation and 

parameter identification by least squares algorithm to describe a diesel engine dynamics 

model based on heat release rate. They introduced a simple polynomial equation to 

describe the fuel burnt fraction. The simulation and experimental results show good 

overall agreement with acceptable error.  (Vasu, Deb, Mukhopadhyay, & Pattada, 2011) 

derived mean value engine models from a within-cycle, crank-angle-based model 

(WCCM) simulation package with a structure desired for its use in fault diagnosis 

schemes. 

Recently, Gerasimov and Pshenichnikova (2012) addressed the problem of 

simultaneously torque tracking and air-fuel ratio stabilization in spark ignition engine. 

A neural network model structure and model-based adaptive tuning of the network 

weights approach is used to improve the torque and the air-fuel controller performance. 

(Yunpeng, Shuying, & Wanqing, 2012) proposed a nonlinear marine liquefied 

petroleum gas engine model for the development of air-fuel ratio control algorithm. The 

model is based on mean value model consist of throttle angle, fuel flow rate, spark 

timing, load torque, intake manifold pressure, engine speed and air-fuel ratio. According 

to their experimental results, the transient response of the intake manifold pressure, 
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exhaust port air-fuel equivalent ratio and the crankshaft speed for model in the loop 

simulation matches the hardware in the loop simulation. (Sharma, Nesic, & Manzie) 

(2012) linearized of an approximate discrete-time nonlinear engine model about the 

current operating point in order to alleviate the computational burden of model 

predictive controller.  

2.4 Modelling and Identification 

  

In this study, the modelling and identification technique is focused on the 

discrete-time black-box modelling of linear and nonlinear dynamic systems. The reason 

is that, this type of model is commonly used in process identification and is essential in 

digital process control (Ikonen & Najim, 2002). In addition, the system identification 

technique is a versatile tool for many problems in engineering and has proven its 

credibility in thousands of successful applications from a wide selection of area (Ljung, 

1999). Although there are some limitations associated with this technique, the use of 

good data and good model structure will ensure that the estimated model representing 

the system under consideration is useful for the intended purposes.  

 

2.4.1 Linear Dynamic System Model 

 

 Generally, a model can be either a priori model or a posteriori model. A priori 

model is derived from physical principles, balance equations, and structural 

interconnections, where as, a posteriori model is derived from experimental data. The 

former is known as the first-principle approach whereas the later is the systematic 

identification black-box modelling approach. If adequate theoretical knowledge about 

the system is available, then the first principle approach is preferred. However, the first 
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principle approach could end up into an extremely complex model equation. In addition, 

in some cases, a priori knowledge regarding the system might not be accurate or even 

unavailable. On the other hand, system identification is the experimental approach of 

building mathematical model of dynamic systems from input-output data. The resulting 

model can be linear or nonlinear. The complexity of the model needed depends on the 

purpose of the modelling and identification. A model can be categorized according to 

the following criteria: 

• Time domain models or frequency domain models,  

• Deterministic or stochastic  

• Single-input single-output (SISO) or multi-input multi output (MIMO) 

• Continuous-time or discrete-time 

• Parametric or nonparametric  

A linear system can be described by their impulse response or step response or by their 

frequency functions. The linear dynamic system model is frequently used in process 

identification. This type of model is important in digital process control. The three 

common time-series models are difference equations and ARMAX models, transfer 

function models, and state-space models. For advanced applications, the mathematical 

models are usually expressed using difference or differential equation (Ljung, 1999).  

The most basic relationship between the input and output can be represented as: 

)(...)1(1)(0)(...)1(1)( mkumbkubkubmkymakyaky −++−+=−++−+                       (2.1)  

The equation can be represented in a more compact vector notation such as: 

T
mn bbaa ]  ...       ...  [ 11=θ                                                                                             (2.2) 

Tmtutuntytyt )](  ...  )1(   )(  ...  )1([)( −−−−−−=ϕ                                                       (2.3) 

Thus Equation (2.1) can be rewritten as: 
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θϕ )()( tty T=                                                                                                               (2.4) 

For a system with dead time (d), Equation (2.1) becomes 

)(...)1(1)(0)(...)1(1)( mdkumbdkubdkubmkymakyaky −−++−−+−=−++−+       (2.5) 

 

 

There are several ways to estimate the model parameters based on a given set of 

observed data. One of them is the prediction error identification approach. Some well 

known procedures classified under this approach are the least-squares method, the 

maximum-likelihood method, Bayesian maximum a posteriori estimation and Akaike’s 

information criterion. The other approach is correlation approach such as instrumental-

variable technique. The key ingredient in real-time application of self-tuning control is 

the recursive parameter estimation techniques. In practice, gradient-based methods of 

parameter estimation techniques are widely used (Ikonen & Najim, 2002). The goal is to 

obtain an estimate of the parameters so that the model is a good approximation of the 

system under consideration. A commonly accepted method is the least squares method 

where the values of the parameters are calculated to minimize the selected criterion or 

cost function. Given an input and output data over a time interval Nt ≤≤1 : 

)}(),(),.....,1(),1({ NyNuyuN =ϕ                                                                                   (2.6) 

and a cost function  
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the task is to minimize the cost function J with respect to parameters � 

J
θ

θ min argˆ=                                                                                                                (2.8) 

The minimum value of � can be found by setting the derivation of Equation (2.7) to 

zero: 
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For adaptive or self-tuning control implementation, the parameter estimation scheme 

should be iterative so that the estimated model of the system can be updated at each 

interval time.  

 

2.4.2 Nonlinear Dynamic System Model 

 

Nonlinear system identification can be very complex and difficult because a 

nonlinear system can be nonlinear in so many ways. The best approach to describe 

nonlinear dynamic systems is to consider the physical information about the system 

under consideration. Most of time, the complete physical information is not available. 

Furthermore, detailed description of many physical plant usually results in many 

different nonlinear high-order mathematical models, which makes and application of 

general controller design procedures difficult. Thus, it is preferable to obtain 

mathematical equations describing the input-output behaviour of nonlinear systems 

using black-box description. A unified overview of nonlinear black-box modelling in 

system identification is discussed in (SjÃ¶berg et al., 1995). The dynamic behaviour of 

nonlinear system can be described by the use of functional series such as Volterra 
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series. Volterra series is a nonparametric system model with a high number of kernel to 

be estimated. Although there are several methods available to estimate the Volterra 

kernels, but they are not suitable for online analysis of nonlinear system because of their 

high complexity and excessive computation time (Isermann et al., 1992).   

The advantages of parametric system models are the finite number of model 

parameters, the possibility of estimation in closed loop and the relatively simple design 

of control algorithms. There are several numbers of different black-box approaches for 

describing nonlinear dynamic systems. For practical purposes in process identification, 

black-box time series structures of the NARX, NOE and NARMAX are common 

(Ikonen & Najim, 2002).  Rahrooh and Shepard (2009) discussed the advantage and 

practical aspect of the identification of nonlinear system using NARMAX model over 

functional series representation such as Volterra and Wiener series. They also claimed 

that the NARMAX model provides a unified representation for a wide class of nonlinear 

systems. The NARMAX structure consists of past inputs and outputs of the process: 

)( ))(),....,1(),(),....,1(),(),...,1(()( tenteteuntutuyntytylfty e +−−−−−−=           (2.10) 

where f is any polynomial function, n =max{nu, ny} is the order of the model and e is the 

noise. The NOE and NARX structures are the special case of the NARMAX structure. 

There are several methods available to determine the parameters of process models 

which are linear-in-parameters:  

 Least squares method 

 Extended least squares method 

 Suboptimal least squares method 

 Instrumental variable method 

 Parametric correlation method 

 Orthogonal parameter estimation 
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Chiras, Evans and Rees (2001) employed the forward regression orthogonal 

estimation algorithm to select the NARMAX model terms using error reduction ratio. 

They successfully model the relationship between the fuel feed and the shaft speeds of 

an aircraft engine. Glass and Franchek (1998) designed an idle speed control system for 

a Ford 4.6L V-8 using a single-input-single output NARMAX model. They claimed that 

the polynomial MARMAX modelling methodology is effective in identifying an 

analytic engine model due to the linear-in-coefficients structure. According to Guan-

Chun and Rizzoni (1994) the orthogonal least squares estimator for nonlinear systems 

has been shown to be very efficient in determining the significant terms and providing 

final unbiased parameter estimates. They applied this technique for identification of a 

nonlinear multi-input-multi-output internal combustion engine model for the purpose of 

testing compliance with vehicle emissions standard. In addition, research by Rachid, 

Liazid and Champoussin (1994) and also by Zito and Landau (2005) found that the 

polynomial NARMAX model together with the simple and effective procedure of error 

reduction ratio has successfully provide the parsimonious model for a turbocharged 

diesel engine. 

 

2.5 Adaptive Control 

 

2.5.1 Introduction  

 

The first digital self-tuning or adaptive controllers came on the market in 1981. 

Since then industry’s interest in adaptive control has continuously increased. (Isermann 

et al., 1992). Adaptive control is the ability of the controller to adjust its behaviour to 

the changing properties of the controlled processes and their signals. In general, 
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adaptive control is used to handle systems that have varying process dynamics. 

Basically there are two classifications of adaptive controllers; model reference adaptive 

controllers and model identification adaptive controllers. The basic structure of the two 

adaptive controllers classification is shown in Fig. 2.2. In model reference adaptive 

controllers strategy the control systems are designed to obtain a closed-loop response 

performance very close to a given reference model of the desired closed-loop behaviour. 

The reference model is used to specify the desired performance of the system. However, 

when using a fixed reference model, the control system will eventually try to approach 

the given reference model. Unfortunately, the reference model might not necessarily an 

optimal one.  

Whereas, in model identification adaptive controllers strategy, the control systems 

are designed to achieve an optimal process model identification and optimal control 

behaviour of the closed-loop system for all process conditions. The system or plant to 

be controlled is identified as part of a closed-loop system and the controller signal 

depends on the measureable output signal. The basic tasks of self-tuning controllers are 

information gathering of the present process behaviour, optimization of control 

performance criterion and adjustment of the controller. Information gathering means 

that the actual condition of the process to be controlled is continuously verified through 

the input and output proses signals. This can be achieved through identification and 

parameter estimation of the system or plant model. Control performance optimization is 

the calculation of the closed-loop system error and the mechanism on how the controller 

will be adjusted. While adjustment of the controller refers to the determination of the 

new controller parameter set to replace the old values in order to adapt to the current 

process model. This type of adaptive controllers is also called self-tuning controllers. 

The block diagram of a model identification adaptive controller or self-tuning controller 
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used in this thesis is given in Fig. 2.2(b).  

 

 

(a) Model reference adaptive controller  

 

 

 
(b) Model identification adaptive controller 

 
Figure 2.2: Basic structure of adaptive controller 

  

 

 

Controller 
Synthesis 

Process model 
identification 

Controller System or 
Plant 

 
output 

 
reference 

value 

- 

+ 

Controller 
signal 

error 
signal 

Process model 

Controller 
parameters 

reference 
value 

Reference 
Model 

Adaptation 
mechanism 

 

Controller System or 
Plant 

output 

- 

+ controller 
signal 

error 
signal 

reference model  output 



 43 

2.5.2 Self-Tuning Identification  

  

Identification is a process of deriving mathematical models of dynamic systems 

from experimental data. The observed input-output data are used to determine 

mathematical equations that approximate the real system behaviour. The differences 

between the mathematical model and the real process output should be as minimal as 

possible. System identification is the link that interface between the real world of 

applications and the mathematical world of control theory and model abstraction 

(Ljung, 2010). For self-tuning control system online identification in real-time is the 

main concern of  this method. In digital control, the process signals are sampled and 

digitized resulting in discrete signals which are then used to derive the process model. 

A linear, time-invariant system with lumped parameters and continuous input and 

output signals, u (t) and y (t), s-transfer function can be described as: 
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the corresponding z-transfer function is 
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If the system has dead time, then Gp(z-1) has to be multiplied by z-d 
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Furthermore, if the measured output y(k) is contaminated  by disturbance or noise, 

then the noise model must be added to the process model: 
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where e(t) is a discrete white noise.  
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There are several methods available to estimate the process and disturbance model 

parameters. However, in order to be useful in self-tuning control the parameter 

estimation scheme should be iterative, allowing the estimated model of the system to be 

updated at each sample interval as new data become available. For parametric self-

tuning control the recursive least squares (RLS) method has proved to be the most 

robust method (Isermann et al., 1992).  

The RLS method can be applied to a large variety of problems. For estimation 

purposes it is convenient to write the process model in the form of: 

)(ˆˆ)()( tetty += �xT                                                                                                     (2.15) 

where  

 y(t) is the model output 

 xT (t) is a regression vector consist of measured input and output variables 

 �̂ is a vector of adjustable model parameters 

 ê(t) is the corresponding modelling error at time t 

The objective is to minimize the modelling error by selecting the appropriate values of 

�̂ . If N numbers of consecutive data vectors of the system modelled by Equation (2.15) 

has been obtained, the model can be expressed in a matrix form: 
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The least squares estimator for the parameter vector is 

]y[X]X[X�
T1T )()()()()(̂ ttttt −=                                                                                (2.17) 
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At time t+1 the estimates are given by 

]y[X]X[X�
T1T )1()1()1()1()1(̂ ++++=+ − ttttt                                                            (2.18) 
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Define error variable )1( +tε  by: 

)(̂)1()1()1( tttyt �x�
T +−+=+                                                                                    (2.22) 

We get  

)1()1()(̂1)(t1)(t )()1( T ++++++=+ ttttt �x�xxBB                                                     (2.23)  

 

Substituting Equation (2.20) in (2.23) gives: 

)1()1()1()(̂)1(̂ ++++=+ ttttt �xP��                                                                           (2.24) 

where  

P(t) is the covariance matrix and  

�(t) is the output prediction error.  
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Equation (2.24) is the recursive least squares parameter estimators based on past 

information of the system. The detail derivation of the recursive estimators can be found 

in (Wellstead & Zarrop, 1991). 

The ability to track variations in process dynamic is very important in self-tuning 

control. Basically the parameter variations can be classified into two situations: when 

the parameters are slowly drifting and second when parameters are constant for a long 

period and then change to another value. In the first case, it is desirable to base the 

estimation on many measurements to reduce the effects of disturbances. However, if the 

parameters are changing, estimation based on many old data can be misleading because 

the parameters might not be the same. One way to get rid of old data is by using 

exponential forgetting factor. 

The forgetting factor (�) is a number between 0 and 1. It is used to progressively 

reduce the emphasis placed on the old data. The technique is based on the assumption 

that the least squares loss function is replaced by a loss function in which the past 

information is discounted exponentially. The covariance matrix of Equation (2.21) then 

becomes:  
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The covariance matrix P (t) directly influences the parameter tracking capability 

of recursive least squares estimator. The signs of its magnitude (+ve or –ve) determine 

the direction of parameter tracking while the values determine the rate of parameter 

tracking.  However, the covariance matrix will decay to a small value over some periods 
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of time. This property will eventually cause the estimator to lose its ability to track 

parameter variations especially in situations when the parameters are constant over a 

long period of time and change abruptly to a new operating point. In order to overcome 

or prevent these weaknesses, the covariance matrix needs to be reset when the changes 

occur (Tham & Mansoori, 1988). This technique is called covariance resetting and has 

been adopted effectively to improve the parameter tracking ability as shown in 

(Boskovic, 2009; Jen-Wei, Shun-Feng, Jin-Tsong, & Bor-Sen, 2010; Rigney, Pao, & 

Lawrence, 2009; Yan & Larsson, 2010). 

 

2.5.3 Adaptive Controller 

 

 The are a number of feedback control algorithms which can be linked to the 

recursive estimators discussed in the previous section. The main objectives in designing 

feedback controller are to modify the dynamic response of the system and to reduce the 

sensitivity of a system output to disturbances. A feedback controller should also be able 

to ensure that the system output tracks changes in the reference or the set point signal 

and equal the reference set point during a steady - state condition. There are several 

design procedures available with different control algorithms with regard to their 

application to parameter self-tuning control. Among them are general linear controller, 

PID controller, cancellation controller, deadbeat controller, predictor controller, 

minimum variance controller, generalized predictive controller and state controller and 

observer. However,  linear controller based on the pole placement method is very 

attractive and often used in the design procedure for adaptive control (Isermann et al.,  

1992).  
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A general discrete-time  linear controller can be described by  
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and substituting u(t) in Equation (2.14) with the assumption that D(z-1) = A(z-1), the 

closed-loop transfer function of control system becomes 
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In pole assignment method, the idea is to shift the open loop poles to some 

desired set of closed loop poles. The poles of a system determine the stability of the 

system and influence the nature of its transient response. The relationship between pole 

position and the system transient response is always used to select the desired pole set in 

pole assignment method. For example, the closed loop transfer function of a 

deterministic system shown in Fig. 2.3 is 
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Figure 2.3: Closed-loop deterministic system    

 

The characteristic equation for the above transfer function is then forced to follow 

specified desired closed loop characteristics polynomials, T (z-1), such as 
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)()()()()( 11111 −−−−−− =+ zTzGzBzzFzA d                                                                (2.29) 

where 
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For first order system response, the desired pole set will be specified by 
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with  

 T = sampling time  

 Tm= the desired closed loop time constant 

If a second order is required the desired pole set will be  
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with  
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Equation (2.29) is called the Diophantine equation and it always has solutions if the 

polynomials A and B do not have common factors. 

 



 50 

2.5.4 Application of Adaptive Controller   

 

The application of adaptive controller in process control has gained a lot of 

attention of many researchers. Abdulmuin (1988) in his research work has thoroughly 

developed, simulated, implemented and evaluated the application of different  self-

tuning  controllers for a double effect evaporator. Three self-tuning strategies based on 

minimum variance, generalized minimum variance and pole assignment are considered 

and all algorithms produced satisfactory dynamic output response. Augustine and 

Kumar (1991) developed a self-tuning Proportional-Integral-Derivative (PID) controller 

to control a small to medium sized diesel engine model. The estimator used in the 

controller is a discrete square root (DSQRT) filter, an estimator that is algebraically 

equivalent to a recursive least square estimator but more numerically stable and better 

suited to implementation on digital computers.  The output of the DSQRT filter will 

determine the coefficients of the Laplace transform of the plant. The simulation results 

verify that the self-tuning controller is able to tune the system’ s phase and gain margin 

to meet the design requirements. Kanso (1994) reports the control of engine speed 

subjected to unknown and time varying external load disturbances. The adaptive self-

tuning regulator based on Lyapunov stability conditions and the estimation algorithm 

adopted based on the recursive maximum likelihood method yield good performance 

when following a desired and steady state model response from a series of computer 

simulation results. Jones, Ault, Franklin and Powel (1995) implemented an adaptive 

control strategy based on Linear Quadratic method to regulate the air-fuel ratio on a 

single cylinder, spark-ignition engine. The model parameters of the engine were 

identified on-line using a recursive nonlinear least square identification technique and 

incorporated into a model based controller and  estimator. With the identified values of 
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the model parameters, the LQ controller used in their research manage to maintain the 

air-fuel ratio within 0.5% rms of the commanded stoichiometric value during 10 degree 

throttle steps. 

Burnham, Disdell, James and Smith (1995) highlighted in their studies the 

different demands in the implementation of self tuning controllers to two classes of 

industrial systems: speed control of a gas engine; and control of a high temperature 

heating plant. It is found that a great deal of care needs to be taken when considering the 

parameter estimation scheme to be used in developing self tuning control scheme for 

gas engine speed. In the case of the high temperature heating plant, the enhanced 

version of the control law design scheme should be given more attention. Karacan, 

Hapoglu, Cabbar and Alpbaz (1997) compared both experimental and theoretical works 

on the application of pole placement self-tuning control for a packed-distillation column 

in a pilot plant. They found that  pole placement self-tuning control mechanism was 

controlling overhead temperature very well under the load effects. Guzzella and 

Amstutz (1998) reported that there is a study which used a fast on-line smoke sensor 

that formed the core of a new controller concept. The smoke signal is used to identify 

on-line the smoke model’ s parameters. The difference between predicted and tolerated 

smoke is used to control the command of the fuel quantity.  The pole placement 

approach was experimentally compared with a fixed gain and a self tuning PI-controller 

using the smoke predictor. In all cases the smoke predictor proves to be very beneficial 

with respect to smoke, but at the price of slower speed dynamics. Both adaptive 

approaches proved to have advantages compared to the fixed gain PI controller when 

large load-changes were requested. The pole placement controller shows some 

oscillatory behaviour at steady-state. 
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Kusin (1998) described the application of self-tuning pole assignment controller 

to control the existing automotive cruise control (ACC) in spark ignition engine 

passenger car. The design of their controller has successfully estimated the model 

parameters which in turn are used to calculate the controller parameters. The results of 

their experiments illustrate that it is capable of handling the control system of the ACC 

system on actual production car. Yaacob and Mohamed (1999) study the application of 

self-tuning controller for induction motor based on PI method and pole assignment 

method. Both methods are tested in no-load and with load condition. Memering and 

Meckl (2002) developed two self-tuning algorithms, Minimum Variance Self-Tuning 

Regulator and Pole Placement Self-Tuning Regulator, for heavy duty diesel engine. 

Recursive least squares is used to do the parameter identification. Both self-tuners were 

implemented in the nonlinear simulation model and the result suggested that they are 

able to quickly converge to the correct controller, even when starting with incorrect 

initial parameter estimates. However, the Minimum Variance algorithm achieves faster 

settling time at the expense of slightly higher overshoot. 

Mohamed and Koivo (2005) proposed a new procedure in controlling the speed 

of a diesel engine using genetic algorithm self-tuning PID controller. By using indirect 

estimation for the dead time and recursive least squares for parameter estimation, an 

explicit estimate of the plant parameters and dead time is obtained. From the simulation 

studies, the proposed controller controls the system very efficiently even if the system 

has time delay or load variations. In addition, a research using active method to reduce 

disc brake noise and vibration by integrating the PID-AFC (Active Force Control) 

scheme is found very effective in suppressing the vibration and hence the noise 

(Hashemi-Dehkordi, Mailah & Bakar, 2009).  Recently, Behn and Steigenberger (2009) 

design universal adaptive controllers, which achieve a pre-specified control objective. 
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They present simulations of several gain parameter models primarily in application to 

bio-inspired sensors. 

 

2.6 Summary 

 

 The need to develop reliable and efficient controllers under stringent customers 

demand, regulations, and cost constraints has motivated control engineers and 

researchers to design more efficient and innovative engine controller. With the 

increasing demand and prices of fossil fuel, biodiesel has become a promising 

alternative fuel energy especially for transportation. In order to optimize the 

performance of internal combustion engine that run on biodiesel blend or pure biodiesel, 

an engine controller need to be developed. The success of controller development via 

mathematical models is that the model must be useful to predict the dynamic behaviour 

of the process and serves as an analytical foundation for the synthesis of complex 

interacting of dynamic control laws. However, considering the nonlinearity and time-

varying characteristics of the engine, modelling of this plant is very difficult. For 

control system design purposes, the model need only portray the dominant dynamics 

while keeping the interrelationships between measured variables consistent with the 

physical processes. The development of dynamic engine models for controller design 

and implementation has been driven by the necessity for more precise engine control 

systems. 

A few advanced control strategies implemented in internal combustion engine, 

particularly automotive engine, have been reviewed. It was found that the application of 

advanced control strategies for engine controller development is vital for the success of 

the engine management systems. The common control strategies applied, to name a few, 
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were adaptive and self tuning, H� controller, gain scheduling, and nonlinear controllers. 

All the controller strategies showed good performance in the applications adopted by 

the researchers. However, certain control methods show slightly better performance in 

automotive engine application as indicated in Omran (2000). This work will apply 

linear and nonlinear dynamic modelling to diesel engine fuelled with palm oil biodiesel. 

The accuracy of both types of model will be compared and evaluated. The ability of 

adaptive control to handle systems that have varying process dynamics is the most 

important factor in choosing the advanced control strategies in this study.  This study 

was also intended as an initial stage to the development of a more complete engine 

control unit for biodiesel engine.   
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CHAPTER 3 

 

EXPERIMENTAL SET-UP AND INSTRUMENTATION 

 

This chapter discusses the experimental set-up and the plant modification 

undertaken to the existing engine test-unit in order to meet the objectives of the study. 

The experimental procedures were designed for the purpose of modelling and speed 

control of automotive diesel engine run with palm oil biodiesel. Plant modification is 

one of the major tasks in this study to allow experimental activities on data acquisitions 

and online engine speed controller implementation. The experimental setup from this 

chapter is used to collect data for the derivation of the plant linear dynamic models in 

Chapter 4 and nonlinear dynamic models in Chapter 5. The process model will then be 

used to design and develop the adaptive speed controller  in Chapter 6.  

This chapter first presents the method of study in deriving the plant models and its 

adaptive speed controller, followed by the description of the existing engine test-unit. 

The description covered the main components of plant essential to the modelling and 

control activities. Then, the essential modifications undertaken to the engine test-unit 

and the instrumentations involved are discussed. The biodiesel use to fuel the engine is 

also discussed. The experimental procedures are then presented followed by the 

implementation of hardware interfacing for the plant’s  modelling and control.  

 

3.1 Introduction 

 

The internal combustion engine (ICE) used in this study is a 4-cylinder in line, 

SOHC 2000cc, Direct Injection Mitsubishi Diesel Engine. The diesel engine is fitted on 

a sturdy main frame mounted with an electric dynamometer. The dynamometer is 
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controlled and monitored by a dynamometer controller, Dycon 201A. The whole system 

is linked to a computer via Data Acquisition Package customized for ICE testing 

purposes. The computer, the engine, the electric dynamometer, the system controller, 

the data acquisition package interface together with all the necessary hardware and 

measurement devices constitute the whole existing system. The experimental setup used 

in this study serves two important roles:  

i) To provide an experimental test unit for system identification activities in 

deriving mathematical models that could represent the engine speed of an 

unmodified automotive diesel engine fuelled with palm oil biodiesel and 

ii) To provide a platform for on-line real-time implementation of engine speed 

controller testing and validation for automotive engine fuelled with palm oil 

biodiesel.  

The test unit was originally designed to carry out performance test on ICE. There 

are two types of automotive engine available at the test unit, spark-ignition engine and 

compression engine.  All experimental works carried out in this study were done on 

diesel engine mounted on Internal Combustion Engine (ICE) Dynamometer Test Unit. 

The test unit has been equipped with a modular braking unit for performance test over 

the engine speed range under test. A performance testing device with electric 

dynamometer is used to determine the power delivered by the engine under test. The 

electric dynamometer used in the system serves as a load absorption device and 

determine the torque of the test engine. The engine test unit block diagram is shown in 

Fig. 3.1.  
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Figure. 3.1:  Schematic diagram of the automotive diesel engine test unit. 
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3.2 Method of Study 

 

Considering that this study is the beginning of a more comprehensive research in 

the design and development of modern engine control unit (ECU), the scope of the 

present study has been emphasis on Single-Input-Single-Output (SISO) modelling and 

control of unmodified automotive engine fuelled with one-hundred percent (B100) palm 

oil biodiesel. The first part of the study will involve modelling of palm oil biodiesel 

engine. Both linear and nonlinear SISO dynamic models of palm oil biodiesel engine 

will be developed for modelling the behaviours of the engine. The following tasks were 

designed and implemented in the modelling stage of this research: 

1. Design computer programs and interfaced with the test unit for step response 

experiments to determine the plant time constant, settling time and the system 

delay. 

2. Design, develop and simulate input signal for black-box modelling of the 

plant. 

3. Design and develop computer programs for input-output data acquisitions 

from the plant. 

4. Develop off-line identification computer programs for linear and nonlinear 

dynamic plant parameters. 

5. Develop off-line computer programs for linear and nonlinear dynamic plant 

model validation. 

The second part of the study is focused on the design and development of online 

adaptive engine speed controller for the engine.  The tasks planned in achieving this 

objective can be summarized as follows: 
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1. Selection of mathematical model developed in the first part of this research 

for engine speed controller design and development. The most suitable 

model based on simplicity and suitability for real-time controller 

implementation will be considered. 

2. Design, develop, simulate and evaluate adaptive speed controller for the 

palm  oil biodiesel automotive engine. An adaptive control theory will be 

used in developing the speed controller. The speed controller together with 

mathematical model developed at this stage will be used for simulation 

studies to test and evaluate the control strategies. 

3. Finally, on-line implementation of the proposed controller for real-time 

engine speed controller performance evaluation will be carried out. 

A simplified process flow chart showing the main activities in the modelling and control 

of palm oil biodiesel engine is shown in Fig. 3.2. 

   

Figure 3.2: Process flow chart for modelling and control of palm oil biodiesel 
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3.3 Plant Description 

 

The internal combustion engine test unit was manufactured by Dixson FA 

Engineering Sdn. Bhd. It was designed to carry out performance tests over the engine 

speed range. The test unit constitutes of a system for engine performance test 

experiments and studies on vehicle engines for spark ignition (Otto cycle) or  Diesel 

(Compression cycle) engines. It is fitted on a sturdy main frame for laboratory 

installation equipped with instrumentation necessary to evaluate the essential 

parameters for the study of internal combustion engine. The general system 

specifications of the engine test unit are summarized in Table 3.1.  

 

Table 3.1 : Engine test-bed general specifications 

Item General Specifications 

Power supply 415 Vac 50 Hz. 10 A for motor, fan and pump 

230 Vac 50 Hz, 5 A for control panel and computer 

Air Supply 5 to 6 bars 

Diesel engine 4-cylinder in line, SOHC 2000cc, Direct Injection 

Mitsubishi Diesel Engine 

Eddy Current Dynamometer  Type: Z�LLNER Alpha 160 

Power: 240 KW 

Max speed: 10, 000 RPM 

Dynamometer Controller Type: DYCON 201 A 

Custom made by: AVL India (P) Ltd. 

Overall machine dimensions  Length: 2000mm, Width: 2000 mm 

Weight 800 kg 

Water circulating pump  2000 liter/hour 
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The test unit can be categorized into three main components, i.e.: the automotive 

engine, the dynamometer control unit, and the electric dynamometer braking unit. 

 

3.3.1 Compression Ignition (Diesel) engine 

 

This is actually the plant under study in this work. It is a 4-cylinder in line, 

Single-Over-Head-Cam 2000cc, Direct Injection Mitsubishi Diesel Engine. Fig. 3.3 

shows the diesel engine mounted on the engine test-bed unit. In compression ignition 

engine, air alone is inducted into the cylinder. The fuel is injected directly into the 

engine cylinder just before the combustion process is required to start. Generally the 

operation of a typical four-stroke compression ignition engine can be described as 

follows. During the intake stroke, the inlet valve opens  and air at close-to-atmospheric 

pressure is inducted as the piston moves from Top-Dead-Centre (TDC) to Bottom-

Dead-Centre (BDC).  With both inlet and outlet valves closed the piston then 

compresses the air to a pressure of about 4 MPa (600 lb/in2) and temperature of about 

800K (1000oF) during the compression stroke. At about 20o before TDC, fuel  is 

injected into the engine cylinder. The fuel vapor then mixes with air. The compressed 

air temperature and pressure is above the fuel’s ignition point, thus spontaneous ignition 

initiates the combustion process.   

The engine unit is coupled to an eddy current dynamometer (Alpha 160 model) 

through a shaft. The electric dynamometer is a measuring device that is used to 

determine the power delivered by the test engine. Table 3.2 summarizes the technical 

specifications of the diesel engine used in this study. 
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Figure 3.3: Diesel engine mounted on the test-bed unit 

  

Table 3.2: Technical specifications of the diesel engine 

Engine Type Diesel 2000cc 4-inline SOHC engine 

No. of cylinders Four (4) stroke engine 

Max power 63 bhp (63x0.7457=47 kW) at 4700 RPM 

Max torque 90lbt (122Nm) at 2600 RPM 

Bore (mm): 83 

Stroke (mm): 85 

Center distance of connecting rod (mm): 140 

Mass of connecting rod (kg): 0.53 

Mass of complete piston (kg): 0.93 

Cylinder to cylinder Centre Distance 

(mm): 

90 
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3.3.2 The Electric Dynamometer 

 

The performance testing device with electric dynamometer complete with system 

components were manufactured by AVL INDIA PVT. LTD. It is a measuring device 

used to determine the force, moment of force, or power delivered by a test engine. The 

electric  dynamometer used in the system serves as a load absorption device and to 

determine the torque and power of the test engine. The measured actual values for 

torque and speed are passed on to the dynamometer controller for evaluation, display 

and for further calculation and monitoring of defined values. The basic components of 

the testing device are a dynamometer controller and a power unit.  The electric 

dynamometer used in the performance testing device functions according to the eddy-

current principle and is used to determine the effective power generated by a test 

engine. Fig. 3.4 shows the set-up of the dynamometer.  

 

Figure 3.4: Electric dynamometer attached to engine test  unit 
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The basic principle of electric dynamometer is based on eddy current. The main 

components are a rotor which is driven by the test engine and magnetic poles known as 

stators. The stators are wound with coils in circumferential direction. When current runs 

through the coil, a magnetic flux loop is formed around the exciting coil through stators 

and a rotor. The rotation of the rotor of the test engine produces density difference. As a 

result eddy current is induced to the stators. An electromagnetic force applied in the 

opposite direction of the rotational direction will become brake to the system.  Table 3.3 

shows the technical specifications of the dynamometer. 

 

Table 3.3: Technical specifications of the dynamometer 

Item Technical Specifications 

Electric Dynamometer 

Type: Z�LLNER Alpha 160 

Power: 240 KW 

Max speed: 10, 000 RPM 

Permissible power  Ppem: 160 kW 

Speed range Max: 10000 RPM 

Permissible torque Tpem: 400 Nm 

Mass moment of inertia J: 0.237 kgm2 

Air gap between stator and rotor 
Smax: 0.473 mm 

Smin: 0.425 mm 

Load Cell 
Type: U2A/200 kg 

Signal output: 2 mV/V 

Speed sensor Type: Magnetic field pick-up FGL 3/1 

  

3.3.3 The Dynamometer Control Unit 

 

The operation of electric dynamometer is monitored by a control unit. If a fault 

occurs or if a limit value is exceeded, it must be possible to shut down the test engine. 
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These tasks are performed by the DYCON 201A, Fig. 3.5, Dynamometer Controller. 

The dynamometer control unit consists of the hardware and software for the control and 

manual operation of an eddy current dynamometer and for a combustion engine. The 

main functions of DYCON 201A are summarized as follows: 

• To control and monitor a load unit 

• For real-time control system application 

• Interfaces to all engine test-unit components, the throttle actuator, clutch 

actuator  etc.  

• Display for visualization of demand values, actual values, parameters and 

messages 

The most important task performed by the DYCON 201A is to control or 

regulation of the dynamometer. The regulating function consists of a comparison 

between set point and actual value, a PID servo amplifier and an output stage. Therefore 

there must be an actual value and a set point value present. The actual value and set 

point value are voltages, which are proportional to the quantity (speed or torque) to be 

regulated. The actual speed value is recorded on the dynamometer by means of a pulse 

disc (60 teeth) on the brake shaft, and this disc is scanned by a speed sensor. Table 3.4 

summarizes the general specifications of the dynamometer  controller. 

 

 

Figure 3.5: Electric dynamometer controller DYCON 201A  
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Table 3.4: General specifications of the dynamometer controller 

Item General Specifications 

DYCON 201 A 
Custom made by AVL India (P) Ltd. 

Power Supply : 220V ± 10%, 50 Hz 

Power consumption at full 

load 

Coil current max: 7.5 A 

Dyno controller unit: max 75 W 

Dimensions 480 mm x 360 mm 130 mm 

Weight  Approx. 10 kg 

 

 

3.4 Plant Modifications 

 

As mentioned previously, the existing internal combustion engine test unit was 

specifically designed for engine performance test over an engine speed range.  This 

means that the test unit is not ready for data acquisitions and engine speed controller 

development activities.  There are no input and output signal terminals available for 

data logging and signal manipulation. Thus some modifications were made to the 

system in order to allow experimental activities on data acquisitions and online engine 

speed controller implementation.  

Among the main modification carried out is to reconfigure the signal processing 

system on the engine test unit so that certain features of the existing controller can be 

bypassed and take over by an independent computer. This is to ensure that the engine 

speed can be controlled from a remote computer by monitoring and manipulating 

certain engine parameters. Thus, considerable modifications to the engine test unit were 

made in order to meet the research requirements. This required some major task in the 

design, purchase and installation of the necessary instrumentations in order to ensure an 

efficient and reliable data transfer to or from the plant and the personal computer.  In 
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order to ensure the reliability and repeatability of the engine test unit, the original 

vendor is assigned to carry out the modifications. The modification carried out is to add 

mode function of remote personal computer based data acquisition and control system 

capability of the existing engine test unit. Among the new system requirements for the 

upgrading test unit is that  the input signal is transmitted through an auto throttle servo 

actuator that provides an automatic throttle control by receiving a signal of 0 to 10 V, 

corresponding to 0 to 100% of throttle opening control. It has an accuracy of ± 0.1% 

with a linear sensor attached directly to the throttle assembly with no backlash errors.  

In addition, the engine speed is transmitted by optical encoder also with a signal range 

of 0 to 10 V.  

After the completion of the engine test unit modification, the system is capable to 

be linked to a remote personal computer via an interface card for modelling and control 

purposes. The computer and the interface card together with the necessary measurement 

hardware make a complete system for digital signal real-time data acquisition and 

control. 

 

3.5 Instrumentation 

  

In order to accomplish a successful system identification procedure and the 

implementation of on-line control strategies, the choice of suitable computer and 

interfacing devices is very important. The interfacing system should be able to handle 

real-time implementation capabilities. Not only that it is able to read and send data 

between the computer and the plant under study, the system memory as well as the 

microprocessor should be adequate to realize online system identification and control 

strategies. In addition, the interfacing system should be easy to set-up in a very simple 
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procedure. The hardware and the software used in the system should be reliable to 

handle long experimental runs. Useful data collected should be easily processed and 

retrieved without any problem. Furthermore, the input-output programming should be 

simple and straightforward using reliable programming software. Portability of the 

system is an added advantage for transporting the interface system to and from the 

laboratory site for further analysis and experimental runs. With the consideration of the 

criteria mentioned previously, the following instruments are used for the identification 

and control of palm oil biodiesel engine. 

  

3.5.1 Agilent U2351A USB Modular Multifunction Data Acquisition (DAQ) 

 

The data acquisition and control unit that interface the computer and the engine 

test unit is the Agilent U2351A DAQ card. The U2351A offers multifunction 

capabilities in a module (Fig. 3.6). It can be used like a digital Multimeter in polling 

mode. It can be transformed to be a simple scope using the continuous mode with 

simple triggering capabilities. No matter if it is used as a standalone module or when 

plugged into a U2781A USB modular instrument chassis, the synchronization and 

triggering capabilities allow great flexibility in making the desired measurements. With 

the analog output being able to send out predefined or arbitrary waveforms make this a 

good tool when closed loop feedback or stimulus is required. The digital IO channels 

allow for closed loop control through connections to switches, relays and solenoids. The 

burst mode enables the U2351A to simulate simultaneous analog input acquisition. 
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Figure 3.6: Agilent U2351A USB multifunction data acquisition device 
 
 

The U2351A works together with an optional U2901A or U2902A terminal block 

for easy connections. It comes bundled with the Agilent Measurement Manager  

(AMM) software for quick set up and data logging. Simplifying this further is the 

command logger function offered in the Agilent Measurement Manager that allows 

capturing of configuration commands that can be easily converted to snippets of VEE 

code. Other supported languages are VB, C++, and C. Fig. 3.7 shows the simple setup 

diagram of interfacing Agilent U2351A with the engine test unit. 
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Figure 3.7: Setup diagram of Agilent U2351A DAQ device 

 

In order to give users more flexibility, the U2351A is compatible with a wide 

range of application development environments such as Agilent VEE, MATLAB® 

R2007a, NI LabVIEW and Microsoft® Visual Studio®. In this study, MATLAB 

software is chosen as the programming development environment. The U2351A is ideal 

for design validation and manufacturing engineers who conduct data logging, 

measurement or monitoring in a broad range of industries. This module is especially 

useful for customers who would like to make physical measurements. The general 

specifications of the DAQ device are summarized in Table 3.5. 
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Table 3.5: General specifications of Agilent U2351A DAQ card 

Item General Specifications 

Analog input  

Resolution 16 bits, no missing codes 

Number of channels: 16 SE/8 DI (software selectable/channel) 

Maximum sampling rate: 250 kSa/s 

Input voltage, max 10 V 

On-board memory 8 MSa 

Analog output  

Resolution 16 bits, no missing codes 

Number of channels: 2 

Update rate, max 1 MSa/s 

Output voltage, max 10 V 

Digital I/O  

Number of channels, max 24 

Input levels, max 5 V 

Output levels, max 5 V 

Counter  

Channels  2 

Max count (231-1) bits 

         

3.5.2 Auto throttle servo actuator 

The automatic throttle servo actuator installed in this system serves as a 

mechanical link between the computer output signal and the throttle that controlled the 

fuel injection system for the diesel engine. Instead of manually controlling the fuel flow 
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injected into the combustion chamber, the automatic throttle servo actuator will provide 

automatic throttle control by receiving a control signal of 0 to 10V, corresponding to 0 

to 100% throttle opening control. The system comprises of, Yaskawa SGML-02AF12 

servo motor with rated output of 200W, a rated torque of 0.637 Nm and rated angular 

acceleration of 51800rad/s together with Omron E6F-AB3C-C Rotary Encoder, has a 

good repeatability of 0.1% complete with throttle position feedback sensor using 0 to 

10V signal. The automatic throttle servo actuator has an accuracy of ±0.1%.  Fig. 3.8 

shows the automatic throttle system assembled to the engine test unit. 

 

 

Figure 3.8: Automatic throttle servo actuator 
 

3.5.3 Speed sensor 

 

The speed sensor used to pick up the engine speed is a magnetic field pulse 

sensor FGL 3/1. The FGL 3/1 consists of a pair of magneto resistors biased 
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magnetically by means of a permanent magnet. The magneto resistors are arranged in 

such a way that they act like pole pieces of a magnet. A varying magnetic flux arises in 

the magneto resistors because of the alteration of tooth and gap in the pulse disc on the 

active surface of the pick-up, and this magnetic flux affects the electrical resistance of 

the magneto resistors. The pair of magneto resistors is connected in such a way that it 

forms a bridge together with two resistances on the frequency to voltage (F/V) 

convertor card. The frequency of this voltage is proportional to the speed. The analog 

output signal is between 4 to 20mA.  Fig. 3.9 indicates the actual location of the speed 

sensor installed in the engine test unit. 

 

Figure 3.9: Speed sensor FGL 3/1 attached to the engine test unit  
 

3.6 Instrument Calibration 

 

The purpose of calibration is to ensure that the measuring accuracy is known over 

the whole measurement range under specified environmental conditions for calibration. 
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In this study it is essential that instruments can be calibrated on-line to account for the 

noise and bias effect produced by instrument and transmission cables, the data-logging 

devices and the plant itself. The objective of calibration is to find the relationship 

relating the variables to be measured to the electrical signal which is either current or 

voltage generated by the measuring device.  

a) Auto throttle calibration 

The amount of fuel injected into the engine is controlled by adjusting the 

throttle opening of the fuel supply. The input fuel injected is calibrated by 

measuring the percentage of the throttle opening over the voltage signal send 

to the servo motor that controlled the throttle position as shown in Fig. 3.10. 

The computer output voltage of 0 to 10V correspond to 0 to 100% throttle 

opening from idling speed position.    

   

Figure 3.10: Relationship between voltage send by computer with percentage of throttle 
opening  
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b) Speed calibration  

The speed of the engine is calibrated by measuring the output voltage 

generated by the magnetic field pulse sensor. The sensor current is converted 

into voltage across a resistor. The voltage is then calibrated against the 

engine speed in revolution per minute (RPM) display by the electric 

dynamometer controller as shown in Fig. 3.11.  
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Figure 3.11: Relationship between engine speed in voltage with speed in RPM 

 

The results of calibration experiments are shown in (Table A.1 and Table A.2 in 

Appendix A).  All the calibrations are done when the engine test-unit is in running. 

Thus the process noise is already incorporated in the results. The calibration 

experiments are quite straight forward and easy. It only involve direct relationship 

between the variable to be measured against the electric signals generated by the 

measuring devices.  
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3.7 Palm Oil Biodiesel (Palm Methyl Esters) 

  

The biodiesel use to fuel the engine in this study is a refined and distilled natural 

palm methyl ester produced by a Malaysian company, Carotech Bhd. Named as 

CaroDiesel® (Fig. 3.12),  it is claimed as the first natural alternative, renewable and 

environmentally-friendly palm oil biodiesel in Malaysia. It is a high quality, refined and 

distilled palm methyl ester, derived from crude palm oil – a renewable biological 

resource, for use in diesel engines.  The palm oil is converted to palm methyl ester 

through Carotech’s  patented technology, US Patent No: 5,157,132.  The unique 

patented technology not only produces palm methyl ester but also at the same time , 

allows the extraction of valuable phytonutrients such as carotene and tocotrienol 

(known as “super vitamin E”) from the crude palm oil. 

 

 

Figure 3.12: Carodiesel (Palm Oil Biodiesel by Carotech Bhd.) 
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 CaroDiese® is a clear colorless transparent liquid derived from palm oil. 

Carotech claims that its biodiesel is of the highest quality – refined, distilled, free of 

foreign materials and used primarily for biodiesel application. CaroDiese® has a 98% 

minimum total methyl ester, which exceeds EN 14214 specification (Biodiesel 

Standards for European Union). It can either be used in its pure form (B100) or as a 

blend with soy or rapeseed methyl ester or petroleum diesel fuel in compression ignition 

(diesel) engine with little or no modifications. CaroDiese® is biodegradable, nontoxic 

and essentially free of sulfur, lead and aromatic. Table 3.6 list up the contractual  

specifications of palm oil biodiesel by Carotech Bhd.   

 

Table 3.6:  CaroDiese® Contractual  Specification (EN 14214:1003)  

Parameters Limits 

Total Ester Content (%, m/m) 98 minimum 

Density @ 15oC (g/cm3) 0.860 - 0.900 

Viscosity @ 40oC (mm2/s) 3.5 – 5.0 

Flash Point (oC)  120 minimum 

Sulfur Content (mg/kg) 10 maximum 

Carbon Residue (%, m/m) (on 10% distillation residue) 0.3 maximum 

Cetane Number 51 maximum 

Sulfated Ash Content (%, m/m) 0.02 maximum 

Moisture (ppm) 500 maximum 

Total Contamination (mg/kg) 24 maximum 

Copper Strip Corrosion, 3h at 50oC (rating) Class 1 

Oxidative Stability, 110oC (hours) 6.0 minimum 

Acid Value (mg KOH/g) 0.50 maximum 
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Parameters Limits 

Iodine Value (g Iodine /100g) 120 maximum 

Linolenic Acid Methyl Ester 12 maximum 

Polyunsaturated (>=4 double bond) methyl ester (%, m/m) 1 maximum 

Methanol Content (%, m/m) 0.1 maximum 

Monoglyceride (%, m/m) 0.8 maximum 

Diglyceride (%, m/m) 0.2 maximum 

Triglyceride (%, m/m) 0.2 maximum 

Free Glycerol (%, m/m) 0.02 maximum 

Total Glycerol (%, m/m) 0.25 maximum 

Group I Metals, Na + K (mg/kg) 5 maximum 

Group II Metals, Ca + Mg (mg/kg) 5 maximum 

Phosphorus Content (mg/kg) 10 maximum 

Cold Filter Plugging Point, CFPP (oC) +14oC maximum 

 

3.8 Experimental Procedures 

 

A simplified block diagram of the experimental set-up for this study is shown in 

Fig. 3.13. The experimental procedures for data acquisition and controller development 

activities can be summarized as follows:  

1. Design and develop step response program 

2. Design of input signal 

3. Develop computer programs for input-output data collection for black box 

modelling. 

4. Input-output data collection activities. 
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5. Develop computer programs for offline linear system identification  

6. Develop computer programs for  offline linear  model validation 

7. Develop computer programs for offline nonlinear system identification  

8. Develop computer programs for  offline non linear  model validation 

9. Design and develop an engine controller for speed regulating, tracking and 

disturbance rejection. 

10. Simulation study of the speed controller 

11.  Online real-time implementation of the adaptive speed controller for automotive 

diesel engine fuelled with palm oil biodiesel. 

 

Figure 3.13: Simplified block diagram of the diesel engine, computer and interfaces �
 

 

3.9 Summary 

 

This chapter has describe the method of study, plant description and modification, 

instrumentation and calibration, and experimental procedures design for modelling and 

control of palm oil biodiesel engine. The method of study is based on system 

identification and control of SISO system. Experimental setup for data acquisition and 

control activities are designed for modelling and control application in real time 

implementation.  
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 The modifications undertaken to the existing plant is essential to ensure that the 

all the experimental exercises can be carried out to meet the objectives of the study. 

This chapter has described the instrumentation and calibration of main electrical devices 

used through out the research activities. The characteristics of the palm oil biodiesel 

used in this study is explained. The patented biodiesel is a high quality renewable 

resources ready for use in diesel engine. The chapter also described the experimental 

procedures setup designed to carry out all the experiments performed in Chapter 4, 

Chapter 5 and Chapter 6.  
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CHAPTER 4 

 

LINEAR DYNAMIC ENGINE MODELLING 

 

  

This chapter discusses the procedure and results of linear dynamics modelling of 

a palm oil biodiesel engine. The deterministic and stochastic model structures of 

discrete time transfer function were investigated using recursive least squares, recursive 

extended least square and differential evolution algorithms.  The modelling and 

identification of palm oil biodiesel engine in this chapter sets out to compare with the 

nonlinear dynamic modelling of the palm oil biodiesel which will be developed in 

Chapter 5. These black-box models will then be evaluated and selected to be 

incorporated into the adaptive control scheme, which will be discussed in Chapter 6. 

The experimental methods learned in this chapter will be employed in the development 

of nonlinear dynamic modelling of the palm oil biodiesel engine.  

The chapter first presents the system identification process of black-box 

modelling, followed by the experimental design procedures that were adopted in the 

process modelling. The investigation covered the different model orders with different 

parameter estimation algorithms to achieve a good process model. The experiments and 

process simulations were implemented using MATLAB software. The performance of 

the deterministic models are discussed first, followed by the stochastic model.  

 

4.1 Introduction  

 

Identification is the process of building models of dynamical systems based on 

observed data from the system. The observable signals are the input and output data. 
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The mathematical representation of the system behaviour is known as a black-box 

model. In general, the construction of a model from observed data involves three basic 

entities: input and output data set, set of candidate models or model structure, and a rule 

to estimate the model parameters. System identification is the experimental approach to 

process modelling. It is an iterative process of the following steps: 

1. Experiment design 

2. Selection of model structure  

3. Parameter optimization 

4. Model validation 

The result of the identification process depends on how the various choices are made. 

Combinations of the model, algorithm and experimental conditions used in the 

identification procedure can result in varying degree of parameter convergence. The 

identification methods can be classified into two categories: on-line and off-line 

methods. The on-line identification procedure estimates the system parameters 

recursively as measurements are being made, whereas the off-line method gives 

estimates based on measurements collected during data logging exercise. Thus, on-line 

identification method is commonly used in a adaptive controller.   

Section 4.2 highlights the system identification process flow for problem solving. 

Section 4.3 is devoted to developing the three parameter estimation algorithms 

considered, viz the non-recursive least squares, recursive least squares (RLS) and 

differential evolution (DE) methods. The results and discussion of the identification 

experiments to model the linear automotive palm oil biodiesel engine are treated in 

section 4.4. Section 4.5 concludes the findings of this chapter. 
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4.2 The System Identification Procedure 

 

System identification is the experimental approach to process modelling. It is an 

iterative process as shown in Fig. 4.1.   

 
Figure 4.1: System identification process flow 

 

4.2.1 Experiment for Data Collection 

 

The basis for the identification procedure is experimental planning, where process 

experiments are designed and conducted in order to obtain good experimental data. The 

design of an identification experiment must consider which signals to measure and when 

to measure them. It also includes the choices of which signals to manipulate and how to 

manipulate them. The purpose of the experiment is to collect several sets of input-output 
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data over the entire range of the system operating points under consideration. The idea is 

to vary the input signal and observe the response of the output signal. This includes the 

choice of the measured variables and the character of the input signals.  

a) Choice of Input Signal 

The choice of input signal has a very substantial influence on the observed data 

(Ljung, 1999). The input signals determine the operating point of the system and which 

parts and modes of the system are excited during the experiment. The minimum 

requirement is that the dynamics of the process have to be persistently excited by the 

input signal over the measurement period. The result of identification is dependent upon 

a careful choice of input to the system under consideration. Input signal that fulfils the 

condition of persistent excitation is sufficient to obtain consistent estimates for the least-

squares method. The amplitude of the input is chosen as a trade-off between signal-to-

noise ratio and nonlinearities. The amplitude should be big enough in order to obtain a 

good estimate but not too large that the test signal will drive the system into a nonlinear 

region of behaviour.   A good rule of thumb for a minimum amplitude to choose is that 

the effect of the input to the output in a diagram need at least be perceptible to the eye 

(Johansson, 1993).  

The choice of the input signal must be carefully made to avoid substantial 

computations in the estimation algorithm. The computations can be reduced substantially 

if we choose input disturbances which are stationary random process, i.e. one where the 

expected values are independent of time. In this study, pseudo-random-binary-sequence 

(PRBS) input has been used. A PRBS signal with Maximum Length Sequences (MLS) 

characteristics was selected as the input signal injected into the plant for identification 

purposes. The PRBS state can change only at discrete intervals of time, �t which is also 

known as bit interval. PRBS sequence is periodic with period: 
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 T=N*�t                                                         (4.1) 

          where N= sequence length.  

The PBRS Pseudorandom binary sequence can be generated by means of a serial-input 

shift register with feedback using exclusive-OR gate. The signal is not truly random 

because the sequence repeats itself every 2n-1 bit intervals for a n-bit shift register. The 

sequence length is related to the number of registers through the following equation: 

12 −= nN                                                                               (4.2)    

            where n is the number of registers. 

According to Abdulmuin (1988), as a rule of thumb in designing the PRBS signal, the 

clock period �t is normally chosen to be approximately in the range of a fifth to a half of 

the output response time constant (Tc) i.e. 

CTt ×=∆ )5.0  to2.0(                                                       (4.3) 

b) Selection of Sampling Time 

For modelling the system’s dynamic, the sampling interval of the output variable 

must be selected properly. It is unavoidable that sampling of the data that are produced 

by the system under study leads to information losses. Thus, it is important to select the 

sampling interval so that the information losses are not significant. Sampling interval that 

is much larger than the system’s time constant would then yield data with little 

information about the dynamics of the system. On the other hand, the sampling interval 

cannot be too short that less informative data are captured which is mostly just noise. 

The optimal choice of sampling interval lies around the time constant of the system. As a 

rule of thumb Isermann (1981) suggest 6 to 15 samples per 95% settling time, are often a 

good choice. Ljung (1999) suggests selecting the sampling interval so that it gives 4-6 
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samples during the rise time. The choice of the proper sampling time on the whole 

depends on the final application. If the model should be used for control purposes, 

certain other aspects will be considered. The sampling time for building the model 

should be the same as for the control application. A fast sampled model will often be 

nonminimum phase (Ljung, 1999) and a system with dead time may be modelled with 

delay of many sampling periods.  

 

4.2.2 Selection of Model Structure  

 

The choice of an appropriate model structure is crucial for a successful system 

identification application. Once a model structure has been selected, the identification 

procedure will be developed to estimate the coefficients of the models. This model might 

not be the best model available but what matter is that it is good enough for the intended 

purpose. Selection of model structure involves many steps such as the selection of model 

type between linear and nonlinear models, black-box and physical models, deterministic 

and stochastic models, continuous-time and discrete-time models, time-domain and 

frequency domain systems. However, the derivation of the exact model can never be 

achieved in practical modelling. Thus, an appropriate system representation that meets 

the purpose of modelling is the main objective. 

The first part of this study focused on the development of the linear time-invariant 

model of automotive engine fuelled with palm oil biodiesel. Consider a linear time-

invariant system defined by the following differential equation: 

)(         ............... 1

)1(

1

)(

01

)1(

1

)(

0 mnububububyayayaya mm

mm

nn

nn
≥++++=++++ −

−

−

−
��       (4.4) 



 87 

where y is the output of the system and u is the input. The transfer function of this 

system is the ratio of the Laplace transformed output to the Laplace transformed input 

when all initial conditions are zero, or 

Transfer function = 
conditions initial zero][

][
)(

input
output

sG
�

�=  

                             = 
nn

nn
mm

mm

asasasa

bsbsbsb
sU
sY

++++
++++

=
−

−
−

−

1
1

10

1
1

10

..........

.........
)(
)(

                                     (4.5) 

In a digital computer control configuration, a system is assumed to be a discrete linear 

model of a continuous time system.  As such, the input signal u(t) can be related to the 

noise-free response y(t) through the linear difference equation: 
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It is convenient to write the discrete time transfer function using the backshift 

interpretation of 1−z  as, 
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If pure time delays which represent the transport time and the computational delays in 

the system are to be included, it can modelled in the discrete time transfer function as 
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where  
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d = 0, 1, 2,…. is the discrete dead time, which is an integer multiple of sampling time.  

 

The output response of a system y(t) usually contaminated with unwanted or 

disturbance signals. In general, a stationary random signal source is represented by a 

transfer function model: 
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where e(t) is the white noise sequence:   
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Thus the combined process and disturbance model may be written out as 
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The model of Equation (4.13) is the SISO linear discrete-time model. This study selects 

a discrete-time single-input single-output dynamic system as the system model 

structure. 

 

4.2.3 Parameter Estimation  

 

Parameter estimation is the process of determining the value of candidate model’s 

coefficients from observed data. There are many different methods available to fit the 

input-output data into a model whose structure has been selected.  A good model is one 

that can produce small prediction errors when applied to the observed data. The 

prediction error given by a certain model can be measured, for example, by calculating 

the differences between the measured system output and the model predicted output. 
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These prediction errors are caused by a combination of inaccuracy of the model and the 

noise.  

The least squares technique is a method of finding the best-fitting curve to a given 

set of observed data by minimizing the sum-of-square errors or the residuals. It is a very 

simple and easy to implement technique in the identification procedure. To be useful in 

adaptive control application the parameter estimation procedure should be iterative. This 

is to ensure that the estimated model of the system to be updated at each sample interval 

as new data become available.  

Another parameter estimation method which is considered in this study is the 

differential evolution (DE). Differential evolution is an optimization algorithm and is one 

of the most powerful tools for global optimization (Fioktistov, 2006). The DE technique 

was introduced by Price and Storn (1996) in the First International IEEE Competition on 

Evolutionary Optimization. It is an iterative algorithm and resembles the structure of 

Evolutionary Algorithm but differs in its generation of new candidate’s solution and 

selection scheme.  The DE algorithm can be summarized as follows: First, all individuals 

are randomly initialized and evaluated using the fitness function selected. Then, for each 

individual in the population, an offspring is created using the weighted difference of the 

parent’s solution. The offspring replaces the parents if it is fitter. Otherwise, the parent 

survives and passed on to the next iteration of the algorithm. This process will be 

executed as long as the termination condition is not fulfilled. The keys to the DE success 

are its spontaneous self-adaptability, diversity control and continuous improvement 

(Fioktistov, 2006). 
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4.2.4 Model Validation  

 

Once the model has been developed, it must be validated to ensure that it 

represents and correctly reproduces the behaviour of the real world system. The crucial 

question of validation procedure is whether the model derived agrees sufficiently well 

with the observed data and whether it is good enough for the intended purpose. The 

ultimate goal is to make the model useful in the sense that the model addresses the right 

problem and provides accurate information about the system being modelled. The real 

test is to try it for its purpose.  

In this study the model should be used in real-time adaptive control strategy. The 

performance of the controller designed based on the model estimated in this exercise will 

be evaluated. The models are validated by plotting the speed predicted by each model 

and comparing it with the measured output from the validation data set. The difference 

between the predicted and measured output is computed to determine its accuracy. Error 

analysis in terms of sum-of-square-error (SSE), Root-Mean-Square-Error (RMSE), 

Standard deviation of error and R2 are also calculated for model validation purposes. 

 

4.3 Experiment Design for Linear Dynamic Models of Palm Oil Biodiesel 

 

The design of identification experiments could be costly and time consuming. 

However, it is important that the experiments are capable of generating data that are 

sufficiently informative. This requirement means that in an open loop experiment the 

input signal should be persistently exciting the system. The test signal applied in this 

work is a pseudo-random-binary sequence (PRBS) input signal. PRBS is a deterministic 

signal that is designed to resemble white noise. In designing a PRBS, it involves the 



 91 

determination of the clock period and the number of periods to be repeated or the 

sequence length. Thus, the observation of the open-loop response of the engine under 

study is conducted first. Fig. 4.2 shows the experimental setup used in this study. 

 

 

 

Figure 4.2: Block diagram of the experimental set-up 

 

4.3.1 Open-Loop Response of Palm Oil Biodiesel Engine 

 

Fig. 4.3 shows the speed response of the palm oil biodiesel engine. Three step 

response curves each for low, medium and high speed range are analyzed to 

approximate the system’s time constant and settling time. The open-loop speed response 

curves are the dynamic response of the palm oil biodiesel engine toward the step input 

signal of 0.2 V, correspond to a sudden increase of about 150 RPM, from the current 

engine speed. An example of the step input signal sent to the engine throttle for the 

medium speed range is shown in Fig. 4.4. 
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(a) Step response at low speed range 
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(b) Step response at medium speed range 
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(c) Step response at high speed range 

 
Figure 4.3: Open-loop step response of palm oil biodiesel engine 
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Figure 4.4: Step input signal applied to palm oil biodiesel engine 
 

 

For each of the speed range considered, the computer program has been set up so 

that initially, the palm oil biodiesel engine is run at a steady-state speed value before a 

step input signal is applied to the engine throttle at time t=5 sec of the data acquisition 

period. All three curves of Fig. 4.3 exhibits a first-order system response. Furthermore, 

looking at each of the step response curves of the engine, it can be seen that there is a 

delay between the input signal and the engine speed response. This is due to the 

transport delay and the combustion time of the system. This time delay is approximated 

from the step response curves and considered as the system delay of the engine. It will 

be taken into account in the designing of the PRBS signal. Table 4.1 shows the 

approximation values of the palm oil biodiesel engine time constant, settling time and 

the system delay for the respective speed range. 
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Table 4.1: Approximate values of palm oil biodiesel time constant, settling time and 

time delay  
 

Speed Range Time Constant  
(TC) 

Settling Time 
(T95) 

System 
Response Delay 

Low Speed 1.2 sec. 2.5 sec 0.5 sec 

Medium Speed 1.2 sec. 5.0 sec 0.5 sec 

High Speed 1.2 sec. 2.8 sec 0.5 sec 

 

4.3.2 Design of the Input Signal 

A PRBS is a periodic, deterministic signal with white-noise-like properties that 

shifts between two levels in a certain manner. The signal is varied between two levels 

and it can switch from one level to the other at time  ......3,2,,0 tttt ∆∆∆= , where t∆ is 

the time interval or clock period. In this experiment, the clock period P or t∆  is 

calculated according to Equation (4.3): 

 CTt ×=∆ )5.0  to2.0(  

However, since there is a delay in the system response, this must be taken into account in 

the calculation of the clock period must consider it. The clock period chosen in designing 

the PRBS is then become: 

delay system )5.0  to2.0( +×=∆ CTt                             (4.14) 

Referring to Table 4.1, the approximate system’s time constant and system delay for all 

three speed ranges are about the same. However, the settling time for medium speed 

range is about twice of the low and high speed range. Using Equation (4.14), the clock 

period t∆ for each speed range is calculated as follows: 
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Clock period:  sec 1.1)  to(0.760.5 2.1)5.0  to2.0( =+×=∆t  

From this, the clock period chosen for all three speed range in this study is 1s. 

The determination of sequence length of PRBS input should consider the total 

duration time of the signal to exhibit a complete transient behaviour of the system. 

Choosing the settling time of the engine to be approximately equal to the sequence 

period T of the PRBS signal, the minimum PRBS sequence length can be determined by: 

95TNPT ≈×=                                            (4.15) 

Using sT 595 =  from Table 4.1, 

51/5 ==N  

However, the sequence length from this calculation is too short. By using trial-and-error 

procedure, a PRBS signal with maximum length sequence of 31 with time period of 1s 

was used during data collection. The input magnitude of the PRBS signal is chosen to be 

±10% of the steady state value of the engine speed. The procedure is to initially let the 

engine run at steady state value according to the speed range under study. After a 

prescribed time has elapsed, PRBS signals is injected into the system that varies the 

system output within ±100 RPM from the steady-state speed. 

 

4.3.3  Parameter Estimation Algorithm.  

 

There are several methods available to fit models in a given set of input-output 

data. What is important is that how well a model fits the experimental data. Given a 

certain criterion or cost function, the mathematical model estimated by a particular 
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technique is measured in term of how accurate the model prediction output compared to 

the actual or measured output values. In this study, three parameter estimation methods 

were used to estimate the model coefficients according to the model structure selected. 

 

a) Recursive Least Squares Method  

The recursive least squares technique allows significant saving in the 

computation. Instead of recalculating the least squares estimate in its entirety, requiring 

the storage of all previous data, it merely stores the ‘old’ estimate calculated at time t, 

denoted by )(ˆ t� , and to obtain the ‘new’  estimate )1(ˆ +t�  by an updating step involving 

the new data only. The iterative process of recursive parameter estimation can be 

visualized as shown in Fig. 4.5. 

 
Figure 4.5: Iterative process of recursive parameter estimation 

The aim is to select a value of )(ˆ t�  so that the error is minimized according to the sum 

of squares of errors: 

�
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The algorithm implemented for parameter estimation of both models under study is 

summarized as follows: 

For the RLS algorithm, at time step ( 1+t ): 

i. Form )1( +tx using the new data 

ii. Form )1( +t�  using  

  )()1()1()1( tttyt T
�x�
�

+−+=+     (4.17) 

iii. Form )1( +tP  using  

�
�
�

�

�
�
�

�

+++
++

−=+ −

)1()()1(

)()1()1(
)()1( 1

ttt

ttt
Itt

T

T

m xPx
Pxx

PP
λ

λ     (4.18) 

iv. Update )(t�
�

 

)1()1()1()()1( ++++=+ ttttt �xP��
��

     (4.19) 

v. Wait for the next time step to elapse and loop back to step i. 

This algorithm is used to estimate the parameters of the deterministic system in Equation 

(4.7). 

b)  Recursive Extended Least Squares 

For stochastic system modelling, where the system output is corrupted by noise, 

the polynomial term C in Equation (4.13) cannot be assumed to be unity.  In order to 

estimate the values of C knowledge of )(),......,1( cntete −− ��
 are required but )(te

�
 is not a 

measureable error process. However, it can be replaced by estimation procedure such as 

the prediction error )(tε  defined as: 

)1()()( −−= ttyt ��
T �

ε                                          (4.20) 

where  
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The ARMAX model structure selected in this study is defined as: 
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For the RELS algorithm, at time step ( 1+t ): 

i. Form )1( +t� using the new data  )1(),1( ++ tytu    

and    )()1()1()1( ttTtyt ���
�

+−+=+    (4.23) 

ii. Form )1( +tP  using  

�
�
�

�

�
�
�

�

+++
++

−=+ −

)1()()1(
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)()1( 1

ttt

ttt
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P��
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λ     (4.24) 

iii. Update )(t�
�

 

)1()1()1()()1( ++++=+ ttttt ��P��
��

    (4.25) 

This algorithm is used to estimate the system parameters 1121 ˆ and ˆ ,ˆ,ˆ cbaa  in Equation 

(4.22). 

c) Differential Evolution (DE) 

The differential evolution is an evolutionary algorithm which uses a parallel 

direct search. It is a population based algorithm that improves the population by applying 

mutation, crossover and selection. In general, the main procedures of the DE algorithm 

are shown in Fig. 4.6. 
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Figure 4.6: Main procedures in differential evolution algorithm 

 

Initialization  

In the initialization process, in order to optimize the model structure with D real 

parameters, define the upper and lower bound of each parameter and select the size of 

the population N.  The parameter vectors are in the form of:  

  Gjix ,,      where  i = 1, 2, ……,NP  (number of members in a population) 

                                                 j = 1, 2, ……, D (dimensional parameter vector) 

              G  (generation) 

Then, all parameter vectors in a population are randomly initialized within the parameter 

range and evaluated using the cost function. 

 

 

 

Initialization 

Mutation 

Crossover 

Selection 
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Mutation 

For each target parameter vector NPix Gi ,......2,1   , = , randomly select three other 

different vectors GrGrGr xxx ,3,2,1  and ,  where 321 rrri ≠≠≠ . A mutant vector is then 

generated according to:  

)( ,3,2,11, GrGrGrGi xxFxv −+=+                              (4.26) 

where  

F is the mutation factor with real number [0,2] which controls the amplification of the   

differential variation. 

 

Crossover  

The mutated vectors are then mixed with the target vector to form the trial vector 

as follows: 

),,.........,( 1,1,21,11, ++++ = GDiGiGiGi uuuu  

where    
�

�

≠>
=≤

= +
+   )( and  ) if     

   )(or   ) if  

G,

1G,
1G, irnbrjCR(randb(j)x

irnbrjCR(randb(j)v
u

ji

ji
ji   

 randb(j) is the j evaluation of a uniform random number generator with outcome [0,1].  

CR is the crossover constant [0,1] and rnbr(i) ia randomly chosen index from 1…..D.  

 

Selection  

The trial vector is compared to the target vector according to its cost function 

value. If the trial vector yields a lower cost function value, it is set to replace the target 
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vector in the next generation.  The mutation, crossover and selection procedure will 

continue until stopping criteria is reached.  

 

4.3.4  Identification Experiment 

 

Table 4.1 indicates that the settling time of medium speed range step response is 

the longest and most dominant among the three speed ranges tested. Thus, the 

identification experiments designed will focus on this speed range. The medium speed 

range engine model developed in this section will be used for engine speed controller 

development in the Chapter 6. 

For engine� modelling at the medium speed range of around 2100 RPM, starting 

from steady-state conditions, a sequence of input signals is injected to excite the actuator. 

Two sets of real-time data were collected from the engine test-bed. Each set consists of 

720 data. The first set was used for model parameters estimation and identification 

activities while the second set of data used for model validation. During data collection 

the noise are filtered using a low pass filter of 5Hz. Then the data were pre-processed 

using the smooth function in Matlab software. Fig. 4.7 shows an example of the engine 

speed response during the data acquisition experiment when PRBS signal was injected to 

the actuator from the computer.  
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Figure 4.7: Input and output signals for black-box identification of palm oil biodiesel 

engine 

 

Other than the estimation of the model parameters, the determination of the model 

order (m) and the dead time (d) are also needed to be taken care during the identification 

process. Wellstead and Zarrop (1991) discussed that the fact that the leading coefficients 

of polynomial B in Equation (4.9) can be zero is useful in circumstances where the time 

delay is in the system is of unknown value. Further more, within the pole assignment 

framework it is only needed to assume the minimum time delay that may occur when 

proposing a system model. The most conservative choice for proposed by them is: 
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Thus, it is assumed that the system dead time for this study is one, d=1, in terms of the 

sampling time of the experiments for engine identification development. However, the 
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system delay of the palm oil biodiesel engine indicated in the step response experiments 

in this study will be considered during the design and development stage of adaptive 

controller stage in chapter six.  

 

4.4 Results and Discussion 

Two sets of input-output data were used for identification and validation purposes. 

Results are presented in the form of graphs and tables to evaluate the model accuracy and 

parameters convergence. The results presented are for the identification of linear 

dynamic modelling of palm oil biodiesel engine. 

 

4.4.1 Determination of Model Order and Parameter Estimation 

First, off-line identification programs with RLS technique are written to estimate 

the model parameters according to the system model order under consideration. Model 

structure selected in this study has only one zero with multiple poles. The restriction on 

the system model form is to ensure that only one set of PID controller coefficients arise 

from the design (Wellstead & Zarrop, 1991). Thus, the system model form tested is: 

4          )(
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1

1
1 ≤
++
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−
mwheretu

zaza

zb
ty

m
m

                                                            (4.28) 

It can be observed from Fig. 4.8 that the identification program with RLS technique has 

successfully estimated all  models with system order up to the 4th order. The spike at the 

start of the identification process is the poor initial estimation value due to the inaccurate 

initial parameter values. Once the parameters are properly estimated the modelling error 

is minimized. The program manages to estimate the model parameter for each model 

order in less than ten seconds. This can be confirmed by examining how close the model 
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predicted values compared to the measured speed values after ten seconds of the 

estimation process.  

 
(a) Identification of first-order ARX model  

 
(b) Identification of second-order ARX model 
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(c) Identification of third-order ARX model 

 

 
(d) Identification of fourth-order ARX model 

Figure 4.8:  Identification process for system order m=1……, m=4 
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While the observation done on the identification diagram above proved the success 

of the model identification process, further analysis on the convergence of each model 

parameter is essential to ensure the model order selected for controller design purpose is 

suitable for on-line adaptive application. Fig. 4.9 shows the computation time taken by 

the identification program for each model order. Model with system order m=1 

converges the fastest while model with system order m=4 is the slowest. The 

convergence rate increase as the system order increases. This is because a higher order 

system involves matrices of higher dimension and thus takes longer computing time. The 

time factor is crucial in adaptive control applications especially in the system with time 

delay.  

 

 
(a) Parameter estimation convergence rate of first-order ARX model 
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(b) Parameters estimation convergence rate of second-order model  

 
(c) Parameters estimation convergence rate of third-order ARX model  

 

 

 

0 20 40 60 80 100 120 -10 

0 

10 Value of parameter a1 = -1.4593 

Time (sec)

0 20 40 60 80 100 120 -5 

0 

5 Value of parameter a2 = 0.4631 

Time (sec)

0 20 40 60 80 100 120 0 

0.05 

0.1 Value of parameter b1 = 0.0166 

Time (sec)

0 20 40 60 80 100 120 
-1 

-0.5 
0 

Value of parameter a1 = -0.8836 

Time (sec) 

0 20 40 60 80 100 120 
-0.02 

0 
0.02

Value of parameter a2 = -0.0090 

Time (sec) 

0 20 40 60 80 100 120 
-1 
0 
1 

Value of parameter a3 = -0.1064 

Time (sec) 

0 20 40 60 80 100 120 
-0.1 

0 
0.1 

Value of parameter b1 = 0.0043 

Time (sec) 



 108 

 

 

 
(d) Parameters estimation convergence rate of fourth-order ARX model 

 

Figure 4.9:  Parameters convergence rate for system order m=1……, m=4 
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Table 4.2 summarizes the final value of all the parameters estimated for each model 

order.  

 
Table 4.2: ARX model parameter value using RLS technique 

 

Model  1a  2a  3a  4a  1b  
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The approximation of the highest parameter convergence time for each model 

structure up to fourth-order based on observation of Fig 4.9 are shown in Table 4.3. It 

can be clearly seen that the higher the system order the longer it takes for the model 

parameters to converge. In this study, the fourth-order model takes more than 80 seconds 

to converge to a stable value. This is the results of larger matrix dimension involved in 

the  computation time required during the iterative estimation processes. 

 

Table 4.3: Summary of parameter convergence time (ARX models) 

System order Longest parameter 
convergence time 

1st Order Less than 10 seconds 

2nd Order Less than 20 seconds 

3rd Order More than 40 seconds 

4th Order More than 80 seconds 
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Analysis on the graphs and table of identification process shown that the discrete 

time ARX model structure selected is stable because all the closed-loop poles or the 

roots of the characteristic equation lie within the unit circle in the z-plane. The RLS 

identification algorithm manages to estimate all model parameters. Based on the 

convergence time, first-order and second-order models are suitable for adaptive 

application. However, the overall judgment of the identified model is determined by 

validating the performance of model predicted output with actual engine output. 

This is done by comparing the engine measured speed with the model predicted 

speed using the second set of input-output data. Although there are other methods 

available for this purpose, modelling error analysis by comparing the predicted value 

with the actual value is employed in this study. Fig. 4.10 shows the validation of the 

estimated model parameters for all model order considered. Observation on these graphs 

indicates there is good agreement between predicted and measured output for all model 

orders.  

 

(a) Model validation process of first-order ARX model 
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(b) Model validation process of second-order ARX model 

 

 

(c) Model validation process of third-order ARX model 
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(d) Model validation process of fourth-order ARX model  

 

Figure 4.10: ARX models validation process 
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time are calculated and plotted in Fig. 4.11. The graphs indicate that there are no 
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validation process.  
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(a) Modelling error for first-order ARX model                                                    

 

 

(b) Modelling error for second-order ARX model 
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(c) Modelling error for third-order ARX model 

 

(e) Modelling error for fourth-order ARX model 

 

Figure 4.11:  ARX models modelling Error 
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Table 4.4 summarizes modelling error analysis in terms of sum-of-square-error, 

root-mean-square-error, error standard-deviation and R-squared. Second-order system 

model shows the best performance with SSE = 10792 RPM2, RMSE � 4 RPM, STD 

deviation � 4 RPM, and R2 � 96.99% followed by first-order, third-order and fourth-

order system. The longest parameter’ s convergence time for the second-order system is 

less than 20 Sec (Table 4.3) which is good for real-time adaptive engine speed controller 

application. Thus, the second-order system seem to be the most suitable model order to 

be adopted. The final decision however will be based on the design of adaptive controller 

for palm oil biodiesel engine. Since this study focuses on the development of adaptive  

PID controller, the second-order system seems very promising.  

 

 
Table 4.4:  ARX model validation (RLS) 
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4.4.2 Parameter Estimation Using differential Evolution 

 

A second set of model parameters is then estimated using the differential evolution 

method. Using the same set of input-output data, parameters for first-order until fourth-

order ARX model  were estimated off-line. Table 4.5 shows all the parameters estimated 

using DE. All parameters manage to converge and the models are stable because all the 

closed-loop poles or the roots of the characteristic equation lie within the unit circle in 

the z plane. Table 4.6 shows the modelling error analysis for parameters estimated by 

DE. Comparing Table 4.6 with Table 4.4, it is can be seen that in general DE algorithm 

gives lower error values than RLS for third and fourth model order. Analysis of  the 

second-order system shows that the minimum error values with SSE = 10932 RPM2 , 

RMSE � 4 RPM, std deviation � 4RPM, and R2 = 96.96%. These values are very close 

compare to the values given by RLS algorithm.  

 

Table 4.5: ARX model parameter value using the DE technique 
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Table 4.6: ARX model validation (DE) 
 

Model  SSE RMSE STD 
Deviation R2(%) 
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However, the DE algorithm requires longer parameters convergence time compared to 

RLS. For example, Fig. 4.12 shows that for the second-order system, the longest 

parameter convergence time is about 35 seconds. This is much longer compared to the 

same system order estimated by using RLS which is less than 20 seconds only.  

 
Figure 4.12: Parameters convergence time for second-order ARX model using DE 
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4.4.3 Stochastic Model Structure 

 

Recursive Extended Least Square (RELS) is used to estimate a stochastic model 

structure of the palm oil biodiesel. Second-order ARMAX model with the presence of 

one  C coefficient is estimated (see Table 4.7). Fig. 4.13 shows the estimation process 

where all parameters had converged to a stable value. The present of the noise term in 

the equation has resulted in a slower convergence rate for the parameters. The longest 

parameter’ s convergence time took almost 100 seconds. However, all parameters 

converge to a stable value through the entire identification process and the model is 

stable because all the closed-loop poles or the roots of the characteristic equation lie 

within the unit circle in the z-plane. The long time taken by RELS algorithm for the 

model parameters to converge to a stable value is the main disadvantage for this model to 

be incorporated in real-time adaptive control. 

 

Table 4.7: ARMAX model parameter value using RELS 

Model  1a  2a  1b  1c  
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(a) Parameter estimation 

 

 
(b) Parameter value 

 

Figure 4.13: Parameter estimation for second-order ARMAX model 
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The predicted output of ARMAX models  mentioned above is then plotted against 

the second set of measured data for validation purposes. From Fig. 4.14 it can be seen 

that the measured and the predicted model outputs are in very good agreement during the 

model validation procedure. From the observation of Fig 4.15, the model predicted 

output varies within ±5RPM from the measured output. The better performance and 

accuracy of stochastic model is expected since this model structure includes the ‘noise’  

term in the equation. Theoretically, by incorporating the ‘noise’  term in the model 

equation will give better results compare to deterministic model and the results shown 

confirm this.  

 

 
Figure 4.14: Second-order ARMAX model validation process 
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Figure 4.15:  Model error for second-order ARMAX model 

 

Table 4.8 summarizes the error analysis results of the stochastic model. The 

performance is much better compare to DE algorithm and deterministic model estimated 

by RLS algorithm. The findings proved that stochastic model is better in predicting the 

dynamic behaviour of the palm oil biodiesel engine under study. However, the 

parameters convergence rate is the slowest among the three identification algorithm 

tested.  

 

Table 4.8: Summary of error analysis 
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4.5 Summary  
 

 

This chapter has introduced the linear dynamic identification and validation of 

unmodified automotive diesel engine fuelled with palm oil biodiesel based on input-

output data. A PRBS input signal has been used to excite the biodiesel engine to acquire 

the speed response. Three parameter estimation techniques, RLS, DE, and RELS have 

been used to estimate the engine parameters.  

The accuracy of the estimated parameters for each model estimated varies according 

to the estimation techniques used in the algorithm. However, the discrepancies of the 

parameters are not significant. This has been proved by the small modelling error values 

calculated in the model validation process. A comparison of the models estimated in 

term of convergence rate, SSE, RMSE, standard regression and R2 was made. The 

identification has resulted in a second-order ARX model with RLS algorithm is the 

most suitable model to be used in the design of adaptive controller. Even though it is not 

the best model structure and estimation algorithm derived in the experiments, it is the 

most practical model for on-line adaptive application in term of the convergence rate of 

its parameters and simplicity of its model structure. 
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CHAPTER 5 

 

NONLINEAR DYNAMIC ENGINE MODELLING 

 

The linear dynamic modelling representation of the palm oil biodiesel engine was 

covered in the last chapter. The nonlinear dynamic modelling is to be considered next. 

The are a numbers of model structures that can be adopted to derive the nonlinear 

representation of the system under study. In this research, the Nonlinear Autoregresive 

with eXogenous input model was investigated. Orthogonal least squares procedures 

together with error reduction ratio algorithms were implemented to determine 

parsimonious models by eliminating the insignificant terms and estimates the unknown 

parameter of the significant terms.   

This chapter discusses the procedure and results in nonlinear dynamic modelling 

of the engine. Discrete-time linear-in-parameter model structure is presented first, 

followed by orthogonal estimation algorithm which identify a model structure and 

selecting the significant terms. The identification procedures were then presented and 

results in deriving the nonlinear mathematical models were discussed.  

 

5.1 Introduction 

In this chapter nonlinear dynamic modelling of the palm oil biodiesel engine is 

considered. A perfect model representation of a particular system cannot be achieved. 

However, a good and useful mathematical model that best approximate the dynamic 

behaviour of the system understudy for it purpose should be obtained. The nonlinear 

model is considered in this study in order to investigate and compare the accuracy of 
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both model types. These models also give the opportunity for this research to investigate 

deeper in simulation studies especially in the modelling stage. By investigating both 

linear dynamic and nonlinear dynamic models, the selection of which model type to be 

used for adaptive controller development will be easier and more reliable.  

First, input-output nonlinear models obtained from a black-box modelling 

procedure is presented. Even though model developed from physics principle approach 

is the most adequate, there are some major problems to implement in practice (Zito & 

Landau, 2005): 1) setting the correct value for physical parameters are very difficult in 

order to get a relevant model for specific application. 2) the identification of the 

physical parameters from data is not trivial, due to the structure of the nonlinear 

equations; 3) the model based on theoretical fundamentals can be very complicated and 

their use for control purposes is not straight forward.   

The nonlinear model representation considered in this study is a Nonlinear 

Autoregressice with eXogeneous input (NARX) model which is a special case of 

Nonlinear Autoregressive Moving Average with eXogeneous input (NARMAX) model 

with the noise term excluded. The reasons for selecting this structure is the advantages 

over functional series representations and it provides a unified representation for a wide 

class of nonlinear systems (Rahrooh & Shepard, 2009). Even though the nonlinear 

modelling study in this work is not comprehensive, this chapter serves as justification 

for selecting the dynamic deterministic linear model derived in Chapter 4 as the model 

for the design and implementation of real-time adaptive controller.  

Basically there are three distinct approaches to the identification of nonlinear 

systems. These approaches are based on functional series method, block structured 

systems and parameter estimation methods applied to differential or difference equation 
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models. Billings (1980) makes a survey on the available methods of nonlinear system 

identification. Algorithms based on the functional expansions of Wiener and Voltera, 

the identification of block-oriented and bilinear systems, the selection of input signals, 

structure detection, parameter estimation and catastrophe theory are discussed in term of 

their limitation, relationships and applicability. The introduction of Nonlinear Auto-

Regressive Moving Average with eXogenous input (NARMAX) model by Leontaritis 

and Billings (1985 a, b) together with orthogonal least squares (OLS) method provides  

a system representation which can be characterized by a small number of parameters 

(Liu et al., 1987). The orthogonal  parameter estimation allows each parameter in a 

linear-in-the-parameters nonlinear difference equation model to be estimated 

sequentially and quite independently of the other parameters in the model (Korenberg, 

Billings, Liu and McIlroy, 1988). Thus, it is the obvious choice in this study for the 

identification of nonlinear model of  palm oil biodiesel engine.  

The main difficulty in nonlinear identification using the NARMAX model is the 

determination of the model structure. Unfortunately, the successful application of the 

NARMAX model in nonlinear identification is dependent upon detecting which terms 

in the polynomial expansion should be included in the final model. Thus, Liu, 

Korenberg, Billings and Fadzil, (1987)  introduced a new criterion called Error 

Reduction Ratio (ERR) to detect or select significant terms for a nonlinear model 

system. 

Section 5.2 highlights the development of the orthogonal least squares procedures 

for the polynomial NARMAX structure and the algorithm for NARX procedures. 

Section 5.3 briefly summarizes the validation techniques adopted in the study. 

Identification of nonlinear palm oil biodiesel is treated in section 5.4. while section 5.5 
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gives the discussion and results. Analysis of comparison between selected linear and 

nonlinear models are given in section 5.6. The chapter summary is presented in section 

5.7. 

5.2 Discrete Time Linear-In-Parameters Model 

A model is linear-in-parameter if the output signal can be expressed as a scalar 

product of a vector of the parameters and of a vector of the measured data. A 

polynomial difference equation can be defined as:  

0))(),.....,(),(),.....,(( =−− nukukunykykyf                              (5.1) 

where f is any polynomial function and n=max{nu, ny} is the order of the model. 

A polynomial difference equation is an explicit function of the output signal if 

0))(),.....,(),(),.....,(()( =−−= nukukunykykyfky                                               (5.2)    
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5.2.1 NARMAX Model Structure 

The general single-input single-output form of a NARMAX model can be 

represented by the nonlinear difference equation model in the following form 

(Leontaritis and Billings, 1985a,b):  

)( ))(),....,1(),(),....,1(),(),...,1(()( tenteteuntutuyntytylfty e +−−−−−−=             (5.4) 

where 

 u(t) is the discrete input signal 

 y(t) is the discrete output signal 

 )(te   is the noise 

  yn  is the corresponding maximum lag of output  

 un  is the corresponding maximum lag of  input  

en  is the corresponding maximum lag of  noise  

)(•lf   is a nonlinear function 

l  is the degree of nonlinearity 

A deterministic representation of NARMAX model is the NARX model : 

)( ))(),....,1(),(),...,1(()( teuntutuyntytyfty +−−−−=                                        (5.5) 

Although the nonlinear form of )(•lf  in Equation (5.5) is unknown, it can be well 

approximated by polynomial model if it is a continuous function (Chen, Billings and 

Luo, 1989). Function )(•lf  can be represented as a polynomial of  degree l : 
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The maximum number of terms in the polynomial model is given by 
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For example, the full term NARX model for a second order system (ny=nu=2) with 

second degree of nonlinearity (l=2) is given by 
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There are 15 coefficients to be determined in the above full term  model and the 

number of terms will increase drastically with the increase of the system order and the 

order of the nonlinearity. The excessive number of parameters to be estimated in the full 
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terms polynomial NARX model may cause severe computational demands. However, if 

the significant terms in the model can be detected, only a few such terms are adequate to 

describe highly nonlinear dynamics and the remaining can be deleted with little 

deterioration in prediction accuracy (Billings & Fadzil, 1985). This is the main 

difficulty in the determination of the NARX model structure. The successful application 

of the NARX model is therefore dependent upon detecting which terms in the 

polynomial expansion should be included in the final model. Therefore, a very efficient 

parameter estimation algorithm is vital in nonlinear identification using the polynomial 

NARX model structure. 

 

5.2.2 Parameter Estimation   

The parameter estimation method presented is based on the minimization of the 

sum of squares errors. The number of parameters in nonlinear systems is usually big and 

this may cause problems in matrix inversion. An orthogonal least squares method which 

involves the transformation of the set of regressor into a set of orthogonal basis vector 

can avoid this problem. Furthermore, an orthogonal algorithm which efficiently 

combines a model structure selection and parameter estimation is highly desirable. Such 

algorithm has been derived initially by Korenberg (1985) and enhanced by Billings, 

Chen and Korenberg (1989b). The detail derivation of the orthogonal estimation 

algorithm was explained by Korenberg et al. (1988). The objective is to estimate the 

parameters Mii ,....,0, =θ  by introducing an auxiliary model, 
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where  
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Previous work has shown that models with fewer than ten terms are usually 

sufficient to capture the dynamic of highly nonlinear processes provided that the 

significant terms of the model can be detected (Billings & Fadzil, 1985; Billings and 

Voon, 1984). Thus, fitting the parsimonious model by detecting the significant terms 

and discarding the other terms is very important. There are several methods to 

determine the significant terms of a model as shown by (Billings and Voon, 1986a) and 

(Leontaritis and Billings, 1987a). However, the Error reduction ratio (ERR) is a much 

simpler method and can be derived as a by-product of the orthogonal estimation 

algorithm. 

ERR is an indication of the significance of each regressor term towards the 

reduction in the total mean square error. It gives an indication to select the significant 

terms for the model. The ERR is given by  
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The ratio gives the percentage reduction in the total sum of square errors due to the 

inclusive of the i’th term in the model with the effect of the constant removed. 

Insignificant terms can be discarded by defining a value of threshold value of ERR for 

process model (Cd). Terms with a value lower than Cd are considered to contribute a 
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negligible reduction in the mean square error and will be discarded (Korenberg et al., 

1988).  

 

5.2.3 Orthogonal Estimation Algorithm   

The orthogonal estimation algorithm to identify a model structure and selecting 

the significant terms can be summarized as follows: 

i. Select the maximum values for ny, nu and l in Equation (5.5) 

ii. Select the threshold value Cd, criterion to stop the regression. 

iii. Form the regressor wi as in Equation (5.12) 

iv. Calculate the coefficient gi  using Equation (5.13) 

v. Calculate ERRi using Equation (5.15). Test against threshold Cd and delete 

insignificant terms. 

vi. Estimate the NARX model coefficients using Equation (5.14) 

The algorithm above identifies the parsimonious model by eliminating the 

insignificant terms and estimates the unknown parameter of the significant terms. 

However, the final decision is based on the model validity test. This is to justify that 

terms which are insignificant to the ERR test will not induce bias if excluded from the 

final model. 
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5.3 Model Validation   

The final step in the identification procedures is the model validation. Following 

the model structure selection  and parameter estimation is the validity test of the 

predictive model derived. The main objective is to examine whether the model fits the 

data and minimize the cost function. An inadequate model will give big modelling 

errors given a sequence of data. This indicates the possibility of the model to poorly 

predict the actual system output. Model errors or residuals thus give the information of 

the misfits between the model and the data. In order to verify the validity of the models 

derived in this work, five simple validation methods are used. The methods are: 

i. Plotting the model predicted output against the measured engine output.  

ii. The sum of square error . 

iii. Root-Mean-Square-Error 

iv. Standard deviation of error 

v. R squared test  

Based on the criteria above, the model with minimum prediction error will be selected 

as the best NARX model that represents the palm oil biodiesel engine. 

 

5.4 Identification of NARX Model of Palm Oil Biodiesel Engine 

The same set of input-output data collected from the engine test-bed were used 

in the orthogonal least squares computer program to determine the parsimonious model 

and estimate the unknown parameters. This is done with the application of ERR 
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technique implemented in the identification algorithm. In this work, a total of one 

hundred NARX model has been derived using the same set of data for identification 

processes. The model system order considered to approximate the palm oil biodiesel 

engine are in the range of:  

 

 

 

Table 5.1 summarizes the NARX model structure considered in this work. Starting with 

system order of ny=nu=1 and l=2 until ny=nu=l=5  parsimonious model for each 

structure is identified and estimated. The largest full term model evaluated by the 

NARX model identification program consists of 3003 coefficients. The nonlinear model 

structure selection and estimation are very time consuming and requires high 

computing.  

The outcome of the OLS computer program is the parsimonious model for each 

system order under investigation together with the estimated parameters value. Each of 

the models predicted outputs are then plotted against the measured engine response for 

visual validation. The modelling errors are then analyzed in terms of root-mean-square 

(RMS) value, the standard deviation of error, the sum of square error (SSE) and the R2 

statistical method. 
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Table 5.1: NARX model structure considered in this work 

Model No Output lag (ny) Input lag (nu) Nonlinearity 
order (l) 

1 1 1 2 
2 1 1 3 
3 1 1 4 
4 1 1 5 
5 1 2 2 
6 1 2 3 
. . .  
. . .  
. . .  

98 5 5 3 
99 5 5 4 

100 5 5 5 

 

The nonrecursive NARX model with the minimum modelling error is then used as 

the initial parameter value in the recursive least squares algorithm in order to improve 

the performance of predicted model. This recursive NARX model predicted outputs are 

once again validated using the same methods of validation. 

 

5.5 Results and Discussions  

Orthogonal least squares algorithm coupled with ERR procedure was used to 

estimate the coefficients in the nonlinear models starting with an initial specification of  

maximum number of lagged output =1 

maximum number of lagged input =1 

maximum order of nonlinearity =2 

With this initial specification there are a total of six coefficients to be estimated in the 

full term model.  Using the algorithm described in section 5.2.3, the ERR has selected 
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the significant terms to represent the palm oil biodiesel engine model as: 

2)1(22129.0)1()1(ˆ12282.0)1(20476.0)1(ˆ1143.1)(ˆ −+−−−−−−= tututytutyty         (5.16) 

The identification result for this model structure is illustrated in Fig 5.1. The figure 

clearly shows that the first order nonlinear model with two degrees of nonlinearity has 

significant prediction error compared to the measured engine speed. The nonlinear 

model predicted output speed value poorly matched the measured engine speed. The 

MSE for this model is about 207 RPM2 for the entire identification procedure.  

 

Figure 5.1: NARX model with ny=1, nu=1 and l=2 
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degree of nonlinearity gave MSE  equal to 226 RPM2. The smallest MSE value obtained 

is 204 RPM2 for nonlinearity of 2-degree. Table 5.2 shows that increasing the degree of 

nonlinearity alone did not improve the value of MSE. In fact, model with nonlinearity 

order of 5 have the biggest MSE compared the others. 

Table 5.2: Varying the model degree of nonlinearity 
 

Input lag  
(nu) 

Output lag  
(ny) 

Nonlinearity 
order (l) 

Number of 
significant 

terms 

 
MSE 

(RPM2) 

1 1 2 4 207 

1 1 3 4 204 

1 1 4 4 205 

1 1 5 5 226 

 

Next, the identification procedure investigates the effect of varying the output lag 

in the palm oil biodiesel NARX model. Starting with nu=1 and l=2 the output lag was 

increased from ny=1  until ny=5 while setting the input lag and the nonlinearity order 

fixed at 1. Table 5.3 summarizes the results of increasing output lag toward the MSE. 

Observation of the table shows that increasing the model output lag manages to reduce 

the value of MSE from maximum value of 207 RPM2 to 157 RPM2. Based on the 

experimental setup, setting ny=2 or ny=5 give the maximum improvement towards the 

model prediction error. There are six number significant terms selected by the 

orthogonal algorithm to represent this model. This result shows that increasing the 

model output lag may improve the accuracy of the model predicted output. The 

parsimonious NARX model selected by the orthogonal algorithm for nu=1, ny=5  and 

l=2 is: 



 138 

)5(ˆ)1(092833.0)4(ˆ19407.0)2(ˆ16549.0         

)1(ˆ)1(087575.0)5(ˆ)4(ˆ022576.0)1(ˆ4024.1)(ˆ

−−+−−−
−−−−−−−−=

tytutyty

tytutytytyty
                  (5.17) 

Table 5.3: Varying the model output lag 

Input lag  
(nu) 

Output lag  
(ny) 

Nonlinearity 
order (l) 

Number of 
significant 

terms 

 
MSE 

(RPM2) 

1 1 2 4 207 

1 2 2 4 158 

1 3 2 4 160 

1 4 2 6 167 

1 5 2 6 157 

 

The predicted outputs of Equation (5.17) are then plotted against the engine measured 

speed.  Fig. 5.2 shows the comparison of model predicted speed with the engine 

measured speed. 

 

Figure 5.2: NARX model with ny=5, nu=1 and l=2 
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From the observation, matching of model outputs to actual engine outputs have 

improved compared to NARX model of Equation (5.16). The experimental results 

indicate that the actual system output lag must be properly addressed by the 

mathematical model in order to improve the accuracy of the model predicted output 

The effect of varying the input lag while setting the output lag and the degree of 

nonlinearity fixed at nu=1 and l=2 is investigated next. The value of input lag is 

increased a step at a time and the resulting MSE for each case is calculated. Table 5.4 

summarizes the effect of increasing input lag toward the MSE. From the table it is 

observed that varying the input lag has successfully improved the MSE from the 

maximum value of 207 RPM2 to 77 RPM2. This finding clearly indicates that the input 

lag term can significantly improve the prediction accuracy. In fact, this experimental set 

up gives better value of MSE compared to the previous set up of varying the model 

degree of nonlinearity and the output lag. Based on the experimental setup, setting nu=5 

gives the maximum improvement towards the model prediction error according to this 

identification setup. 

Table 5.4: Varying the model input lag 
 

Input lag  
(nu) 

Output lag  
(ny) 

Nonlinearity 
order (l) 

 
Number of 
significant 

terms 

 
 

MSE 

1 1 2 4 207 

2 1 2 4 153 

3 1 2 5 115 

4 1 2 6 88 

5 1 2 5 77 
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The NARX model selected by the orthogonal algorithm in this identification set 

up is: 

)5()4(010277.0         

2)1(ˆ63307.0)4()3(0091296.0)1(ˆ6339.37459.2)(ˆ

−−
+−−−−+−+−=

tutu

tytututyty           (5.18) 

There are five significant terms selected by the algorithm to represent the palm oil 

biodiesel engine. The outputs of Equation (5.18) are plotted against the measured engine 

speeds to observe its accuracy. Fig. 5.3 shows the comparison of the model predicted 

speed with the engine measured speed. The graph shows a much better accuracy 

between the measured output and the model output. The results indicate that the system 

input lag is the main factor in the NARX mathematical model of palm oil biodiesel.  

 

Figure 5.3: NARX model with ny=1, nu=5 and l=2 
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NARX mathematical model. In order to find the most accurate NARX model structure 

to represent the palm oil biodiesel engine under study, all possible combination of input 

lag, output lag and degree of nonlinearity in the range of max ny, nu and degree on 

nonlinearity less than five (5) were identified and evaluated. The orthogonal least 

squares algorithm used in this study has successfully estimated all the parameters for 

each of the models considered in this work. All one-hundred (100) NARX models 

derived have been estimated and analyzed. Table 5.5 highlights the best ten 

parsimonious NARX models estimated by the orthogonal algorithm together with ERR 

procedure based on MSE value. Parsimonious model refers to the simplest plausible 

model structure with the fewest number of parameters that gives the best accuracy of 

the model output. Eight out of ten models shown have input lag of nu=5. This is to be 

expected based on the findings shown in Table 5.4 before. The most accurate NARX 

model structure has input lag of 5, output lag of 2 and the degree of nonlinearity of 4. 

However, there are very small differences in the MSE value within all the models 

selected. Table 5.6 shows the MSE and RMSE for all ten parsimonious models selected 

by the orthogonal algorithm. Based on the modelling error calculated for each of the 

models derived, the NARX model structures with minimum error are: 

 

)2()5()4(5546.122543700410-         

)5()4(6231.12)2(013776.0         

)5()3(0091764.0)1(0196.1)(ˆ

−−−+

−−−−−

−−+−=

tytutu ))y(t-)u(t-u(t-.

tututy

tututyty

                          (5.19) 

corresponding  to input lag, output lag and nonlinearity order of 4,2,5 === lnn yu  

and  

2)2()5()4(3547.0254112610-         

)5()4(5116.02)2(013787.0         

)5()3(0091756.0)1(0196.1)(ˆ

3 −−−+

−−−−−

−−+−=

tytutu ))y(t-)u(t-u(t-.

tututy

tututyty

                            (5.20) 
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corresponding  to 5,2,5 === lnn yu . 

 
Table 5.5:  Best ten parsimonious NARX models for palm oil biodiesel engine  

 

No nu ny l NARX  Parsimonious Model Equation 

1 5 2 4 

)2()5()4(5546.12543700410-         
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2
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tututy
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2 5 2 5 
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2
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4 5 1 5 

2
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9 4 2 4 
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tytutyty
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Table 5.6: MSE and RMSE for all ten NARX models 

 

Model No Mean Square Error 
(RPM2) 

Root Mean 
Square Error 

(RPM) 

1 74 8.6 

2 74 8.6 

3 75 8.7 

4 76 
 

8.7 

5 76 
 

8.7 

6 76 
 

8.7 

7 76 
 

8.7 

8 77 8.8 

9 77 8.8 

10 77 8.8 

 

The output of the predicted model in the Equation (5.19) is then plotted against the 

measured data as shown in Fig. 5.4.  From this figure it can be clearly seen that the 

NARX  model is able to predict the system output when compared to the measured 

engine output. However, analysis of the model fitting error shown in Fig. 5.5 indicates 

that the error span from -20 to +20 RPM and the RMS value is 8.5723 and the standard 

deviation is 8.5371. In order to improve the modelling error of this model, the RLS 

technique was used to optimize the parameter value of Equation (5.19). The coefficients 

of Equation (5.19) is used as the initial values in the recursive least squares 

identification algorithm. 
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Figure 5.4: Comparison of measured value and non-recursive NARX model  predicted 
outputs 

 
 

 

Figure 5.5: Modelling error between measured value and non-recursive  NARX model 
predicted value  
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Thus, a new set of parameters value was estimated and selected. The final value of the 

recursive NARX models for the palm oil biodiesel engine is: 

)2()5()4(0.0328                 

25404270 )5()4(0466.1            

2)2(0328.0-)5()3(0427.0)1(0466.1)(ˆ

2

−−−−

+−−+

−−−−−=

tytutu

))y(t-)u(t-u(t-.tutu

tytututyty

                                     (5.21) 

This recursive NARX model is then validated using the same techniques and the 

performance are plotted in Figs. 5.6 and 5.7. The two figures have shown that the 

recursive NARX  model is better fitted and has improved the previous modelling error. 

This result is expected since the RLS algorithm will try to minimize the cost function by 

recursively estimating the model parameters. The dynamic NARX model identification 

procedures implemented proved to be very efficient in estimating the model 

coefficients. This is justified by examining how close the recursive NARX model output 

profiles matched the measured engine speed as shown in Fig. 5.6.  The fitting error 

during the entire identification process is presented in Fig. 5.7.   
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Figure 5.6: Comparison of measured value and recursive NARX model predicted 
outputs 

 
Figure 5.7: Modelling error between the measured value and the recursive NARX 

model predicted value 
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The modelling errors for both estimated models, non recursive NARX and 

recursive NARX, are shown in Table 5.7. It can be clearly seen that the estimated 

output NARX model using RLS method is much better in term of  its Root-Mean-

Squares, the error Standard deviation of error, Sum-of-Square Error and R-squared 

values compared to non recursive NARX model.  

 

Table 5.7: Summary of Modelling Error Between Non-recursive NARX and Recursive 
NARX Models 

Item Non recursive NARX Recursive NARX 

Sum of square error(SSE) 52541 24092 

Root-Mean-Squares(RMS) 8.5723 5.8088 

Standard deviation (E) 8.5312 5.5059 

R2 (%) 85.44 93.33 

 

Table 5.8 shows the parameters value for the non-recursive NARX and recursive 

NARX model derived in this work. The model coefficients for the recursive model is 

dynamic and what is shown in this table is the final value from the iteration. All the 

model validity tests verified that the nonlinear engine models derived in this study can 

be accepted. The NARX models can be used for simulation studies in order to further 

understand the behavior of an automotive engine fuelled with palm oil biodiesel (B100). 
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Table 5.8: Comparison of Parameters Value for Non-recursive and Recursive 

Estimation Technique 

Model Term 
Non-recursive NARX 

Coefficient Value 

Recursive NARX 

Coefficient Value 

)1(ˆ −ty  1.0196 1.0466 

)5()3( −− tutu  0.00917764 0.0427 

2)2(ˆ −ty  -0.013776 -0.0328 

)5()4( −− tutu  -1.6231 1.0466 

2)2(ˆ)5()3( −−− tytutu  -0.37004 0.0427 

)2(ˆ)5()4( −−− tytutu  1.5546 -0.0328 

 

5.6 Comparison Between Linear and Nonlinear Dynamic Models 

From the results of Chapter 4, the second-order linear dynamic stochastic model 

with RELS algorithm was found to be the most accurate dynamic model derived. 

However, the second-order linear dynamic deterministic model is preferable to be used 

in the design of  real-time adaptive control scheme in Chapter 6 because of simplicity 

and faster convergence time. The performance of NARX model derived in this chapter 

is compared with the linear model in Table 5.9. From the observation of error analysis, 

the performance of two linear models selected from Chapter 4 are slightly better, in this 

study, than the nonlinear model. The stochastic model is good in simulating the dynamic 

behaviour of the engine. The model predicted output is very accurate compare to the 

measured values. The NARX model is the deterministic nonlinear model structure 

investigated in this research. Even though it is the simplify form of NARMAX model, 

the best model NARX model derived consists of six nonlinear terms that are very 
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difficult to be implemented in adaptive control scheme. Furthermore, its performance is 

comparable to the linear model derived in this study.  Thus, to design and implement 

real-time adaptive control for palm oil biodiesel engine in the next chapter, the second-

order ARX model is chosen because of its simple structure and easy to implement. 

 
Table 5.9: Comparison of linear and nonlinear model error analysis 

 

Model  SSE RMSE STD 
Deviation R2 (%) 

Linear – 2nd order ARX  10932 3.9020 3.8861 96.96 

Linear – 2nd order ARXMAX  556 1 1 98.50 

Nonlinear - NARX 24092 5.8088 5.5059 93.30 

 

However, in future work, more thorough study will be undertaken to model the 

palm oil biodiesel engine using nonlinear models. Investigation using different types of 

nonlinear model structures will be considered. Since in reality, behaviour of the internal 

combustion engine is very nonlinear, nonlinear model structure should be the best 

model to approximate the system. Until then, this study will adopt the linear model to 

design the engine speed controller.  

 

 

 

 



 150 

5.7 Summary 

This chapter has described the application of orthogonal least squares estimation 

technique together with the ERR procedure in the selection of the parsimonious model 

structure and parameter estimation for nonlinear ARX (NARX) system. The NARX 

model of an automotive engine test-bed fuelled with palm oil biodiesel has been 

successfully derived using an orthogonal parameter estimation algorithm. The ERR 

criteria has significantly simplified the process of eliminating the insignificant terms in 

deriving the parsimonious model of the system. The estimated nonlinear models derived 

in this exercise are not claimed as the true model of the palm oil biodiesel engine. The 

derivation of the nonlinear model is only to demonstrate that the orthogonal least 

squares method together with ERR procedure are able to approximate the complex palm 

oil biodiesel engine dynamics. It is shown in this study that the nonlinear model of 

engine dynamics is complex and difficult to use in designing the engine controller. The 

choice of the model to use for controller development in this study will be based on the 

simplicity and ease of real-time implementation without compromising the model 

accuracy.  

In conclusion, the results presented in this chapter have shown that it is possible to 

identify polynomial NARX palm oil biodiesel engine with better estimation accuracy. 

The mathematical models developed in this study present an analysis and simulation 

tools in the nonlinear automotive engine dynamic system that forms the foundation for a 

systematic approach to the analysis, simulation and synthesis of an automotive engine 

fuelled with palm oil biodiesel (B100).  
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CHAPTER 6 

 

DEVELOPMENT AND IMPLEMENTATION OF ADAPTIVE CONTROLLER 

 

 

This chapter discussed the complete procedures in development and 

implementation of an adaptive control scheme for engine speed tracking and regulation. 

The design and implementation of control scheme using the linear dynamic model 

developed in Chapter 4 are presented. Implementation of controller scheme is the final 

stage in this research for modelling and adaptive control of palm oil biodiesel engine. 

The adaptive controller scheme was first implemented in simulation to assess the 

performance of the controller for set-point speed tracking and disturbance rejection 

tests. The whole procedure was implemented using MATLAB software. The results of 

simulation studies are discussed and presented. The simulation results provided a good 

reference for real process implementation.  

The investigation of the performance of the adaptive controller scheme was then 

extended with real-time implementation. Some adjustment made to the adaptive scheme 

adopted for real-time controller are discussed. The results of engine speed tracking and 

regulations are then presented. Comparison between controller performance of engine 

fuelled with palm oil biodiesel and petroleum diesel are then presented followed by a 

summary concludes the chapter. 
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6.1 Introduction 

 

The simulation and real-time implementation of adaptive control for palm oil 

biodiesel engine in this study are exploratory in nature. The control scheme used is 

based on recursive least squares (RLS) technique of parameter estimation and adaptive 

pole assignment controller method.  Sections 6.2 and 6.3 briefly explain the adaptive 

controller structure and design adopted in this study. Section 6.4 highlights the pole 

assignment methods. The simulation studies to evaluate the performance of the palm oil 

biodiesel are presented in section 6.5.  The implementation of adaptive controller in 

real-time is treated in section 6.6. Section 6.7 gives comparison of the controller 

performance used in palm oil biodiesel and petroleum diesel. Discussions of the results 

gained from simulation and real-time implementation of the controller are given in 

section 6.8. 

 

6.2 The Adaptive Structure 

 

Typical adaptive controller structure is shown in Fig. 6.1. (Astrom & Wittenmark, 

1995) The idea of adaptive system is to have an algorithm that will automatically 

change its parameters to meet a particular controller requirement. The three main stages 

of adaptive controllers are modelling, design and implementation stage. In the 

modelling stage, model of the system to be controlled is identified by the system 

identification method adopted for the on-line identification and estimation of model 

parameters θ
�

 based on the  input signals, u, and output signals, y. The estimated model 

parameters are then used to calculate the controller parameters G
�

 followed by the 

calculation of the controller signal u that will be sent as an input signal to the system 
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under control. This configuration is an explicit adaptive controller since the model is 

explicitly identified for the controller algorithm to calculate the control signal.   

 

 
 

Figure 6.1: A typical adaptive control structure 

  

6.3 Controller Design with Classical Method and PID Control 

 

The main objective in the classical design method is to modify the dynamic 

response of a system in order to meet the desired requirement and to reduce the 

sensitivity of the system output to disturbances. In addition,  the controller must make 

sure that in a steady state condition, the output follows the reference r(t) and the system 

error is minimized. Consider a feedback control system as shown in Fig. 6.2. 
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Figure 6.2:  Feedback control system 
 

Assuming a deterministic process model the plant can be represented by: 
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with b0=0 and a0=1, the transfer function of the plant is then: 
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In general, the controller transfer function can be represented as           
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The open loop transfer function of the system block diagram with the controller is 
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and the closed-loop transfer function is 
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From Equation (6.5), the characteristic equation of the closed-loop transfer function is 

then: 

0)()()()( 1111 =+ −−−−− zGzBzzFzA d                                                      (6.6) 

 

6.4 Pole Assignment Method 

 

The key idea of pole assignment control is to shift the open loop poles to any 

desired set of closed loop poles. The poles of a system determine the stability of the 

system and influence the nature of its transient response. The transient response or the 

dynamics of the system is determined by the characteristic equation of the system closed 

loop transfer function Equation (6.6). In pole assignment method, the characteristic 

equation is forced to follow the desired dynamic characteristic determined by a 

polynomial equation as follows: 

)()()()()( 11111 −−−−−− =+ zTzGzBzzFzA d                                                     (6.7) 

where  
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For a unique solution to Equation (6.7) the degree of polynomial F should be selected as: 
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In case of  second order transient response, T(z-1)  is defined as: 

2
2
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1

1 1)( −−− ++= ztztzT                               (6.9) 

where 

)1cos()exp(2 2
1 ςωςω −−−= snsn TTt                 (6.10) 

)exp(2 snTt ςω−=                                   (6.11) 
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The three-term PID controller structure adopted in this study can be written in the 

following discrete time form 
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with  

 )()()( tytrte −=  

[ ])()(
1

)(
1

2
2

1
10 tytr

z
zgzggtu −

−
++= −

−−
                                                                               (6.13) 

where the proportional, integral and derivative gains are related to the controller 

coefficients as follows: 
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thus 

)2()1()()1()( 210 −+−++−= tegtegtegtutu                                                                  (6.15) 

For ARX model with an assumption that the system has a special structure of :  
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The controller coefficients are determined by equating the denominator of the closed-

loop equation above with the desired closed loop T polynomial Eqn. (6.9) 
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Equating the like power of z -1 we get 
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                                                                                                  (6.18) 

The controller design requirements, the system settling time and the maximum 

percent overshoot, together with the system sampling time are then used to calculate the 

coefficient of the tailoring polynomial t1 and t2. For a second order system, the maximum 

percent overshoot is related to the damping ratio ζ as: 
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πζζ )21/( −−=eM p                                                                                          (6.19) 

and settling time ts 

n
ts ζω

4=  (2% criterion)                                                                                       (6.20) 

or 

n
ts ζω

3=  (5% criterion)                                                                                       (6.21) 

 

6.5 Simulation Studies 

 

Simulation is a first step to evaluate the validity of the model and the controller 

developed in this study. Through simulation studies the behaviour of the dynamic 

system can be investigated. It is also a necessary step for performance evaluation 

studies to assess the usefulness of the model, the identification of its parameters and the 

performance of the adopted adaptive scheme.  For adaptive control system, such as been 

developed in this study, it is a common procedure to apply the step response study to the 

system and observe the behaviour for speed response, overshoot, stability and steady-

state error. The dynamic palm oil biodiesel discrete-time deterministic model used 

throughout this work is taken from the work in chapter four. The ARX model has the 

form: 
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++
=                                                                                      (6.22) 

This special structure is selected in order to ensure exactly one set of PID 

controller coefficients arise from the design (Wellstead and Zarrop, 1991). There are 
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three unknown parameters that need to be estimated in this study based on Equation 

(6.22).  In order to be useful in adaptive control, the model parameters should be 

estimated iteratively. This will allow the estimated model of the diesel engine to be 

updated at each sample interval. Thus, recursive least squares (RLS) technique is used 

for parameter estimation. The model coefficients estimated in the linear model 

identification of chapter four are used as the initial value in the recursive least squares 

algorithm for model identification. The values are a1= -1.4593, a2=0.4631 and b1= 

0.0166. Fig. 6.3 shows the iterative process of the parameter estimation. The aim of this 

technique is to select a value of )(ˆ t�  so that the modelling error is minimized according to 

the sum of squares of errors: 

�
=

==
N

t

teJ
1

2 ˆˆ)(ˆ ee T
                                                                                              (6.23) 

 
Figure 6.3: Iterative process of recursive parameter estimation 

 
The RLS algorithm presented in Chapter 4 for updating )(ˆ t�  is as follows: 

At time step ( 1+t ): 
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5.   Wait for the next time step to elapse and loop back to step 1. 

 

This algorithm is used to estimate the plant parameters 12  ,1  and baa  in Equation 

(6.22). In this particular work, the controller design requirements have been set as 

follows: 

a. The system overshoot should be less than ten percent (10%) of the final 

value. 

b. The system settling time should be less than ten seconds. 

From this requirement, the value of t1 and t2 of the tailoring polynomial were calculated 

using Equations (6.10) and (6.11). Fig. 6.4 shows the block diagram of the adaptive 

controller structure adopted in this work. 
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Figure 6.4: Adaptive controller structure 

 

The adaptive controller algorithm can be summarized as follows, at each sample time: 

1. Read the system output y(t) 

2. Use the data captured and the RLS algorithm to update the parameter estimate in 

the model Equation (6.22) 

3. Synthesize the controller polynomials GF ˆ,ˆ by using the current estimate BA ˆ,ˆ in 

the identity 

TBGzAF d =+ −  

4. Generate the output control )(tu using GF ˆ,ˆ  calculated in 3 . 

5. Wait for sample time interval to elapse and return to step 1. 

Matlab computer programs to implement the above algorithm for adaptive control 

scheme are designed and developed. At the end of the algorithm cycle, instead of just 

waiting for the sample time interval to elapse and return to step 1, a control loop delay 

is added to take care of the system delay discarded in the identification process. The 

value of this time delay is determined by adding the time of system response delay 

reported in Table. 4.1.  Started by addition of 0.5s to the system sampling time, a trial 

r(t) y(t) u(t)  e(t) Speed 
controller 

Diesel 
Engine 

Recursive Least 
Squares 

Control 
Synthesis 
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and error of simulation studies are done to determine the most suitable value for the 

pole assignment controller algorithm to converge and stabilized. It is found that the 

control loop sampling time of 1s is suitable for the simulation studies of adaptive 

controller. Thus, the dead-time or the system delay of the engine under study is 

incorporated in controller design of the whole system. Without the control loop delay, 

the controller failed to converge and stabilized.  

 

6.5.1 Controller Stability Test With Respect to Step Input Reference 

 

Several simulation studies have been performed to evaluate the performance of 

the controller. The first simulation is to test the speed controller responses to a step 

input signal. The control objective is to stabilize the engine with respect to the change 

of the operating point of the engine from 2000 RPM to 2400 RPM. At this initial stage, 

the forgetting factor is set to  �=1 in step (3) of the RLS algorithm. Fig. 6.5 shows the 

response of the engine illustrating the performance of the adaptive engine speed 

controller. From a steady-state speed at 2000 RPM the engine speed is forced to run at 

higher RPM of 2400. It is shown that the controller manages to track the changes in 

engine speed and regulate at the new operating point successfully. 

 



 163 

 
Figure 6.5: Step response of the adaptive controller 

 

Fig. 6.6 gives the engine speed error relative to the reference point. When the 

reference speed changed, the closed-loop feedback algorithm detected that there is an 

error between the current engine output and the set point. This is shown in the figure 

with the big error value in the graph. The adaptive controller then estimate the new 

model parameters based on the new data available. Using the new model's parameter's 

value, the pole-assignment controller system calculate its new coefficients’ value and 

come out with the appropriate control signal to drive the engine throttle. The automatic 

throttle actuator will respond directly to the signal received from the controller. From 

the observation it took about ten seconds for the adaptive controller to bring the engine 

to regulate at the new reference speed . 
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Figure 6.6: Speed error with respect to reference point 

 

The estimated value of palm oil biodiesel engine model parameters throughout 

the simulation run is shown in Fig. 6.7. All three models coefficients had been identified 

and converged to stable values corresponding to the new operating point. This result 

confirms that based on this simulation the RSL algorithm adopted in the adaptive 

scheme has successfully estimated the plant coefficients. Fig. 6.8 shows the controller 

parameter's value corresponding to the identification of the step input signal. From both 

figures, it is clear that the controller is stable and manages to achieve the control 

objective.  
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Figure 6.7: Estimated model parameters 

 
 
 

 
Figure 6.8: Estimated controller parameters 
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6.5.2 Covariance Management Determination of Forgetting Factor (�) . 

 

In this work, many dynamic and control experiments were done in order to 

determine the most suitable setting of the various parameters of the adaptive controller. 

Other than the mechanical delay and the transport delay of the system, the most 

appropriate value of the forgetting factor, and the effect of covariance resetting are also 

considered in this work in order to maximize the controller performance. A forgetting 

factor, �, is a number between 0 to 1 which is used to progressively reduce the emphasis 

placed on past information. The forgetting approach uses the influence of � to 

progressively reduce the importance given to old data. The value commonly used in 

practice is between 0.95 and 1.0 (Wellstead and Zarrop, 1991). The forgetting factor is 

used as a mechanism to control the size of the adjustment gain, covariance matrix P(t), 

for parameter tracking.  

Fig. 6.9 to 6.12 shows four different values of the forgetting factor used to apply a 

different weighting to the old data for model parameter recursive estimation loop.  

Based on the observation, there is no question that the adaptive controller scheme 

design in this study has successfully driven the engine to the new setting point with all 

four different values of  �.  However, the influence on recursive least squares strategy 

for different choices of forgetting factor is actually on the recursive estimation of time-

varying model parameters b1, a1 and a2. The effect of reducing the value of � is to 

increase the sensitivity of the estimates to the change in parameters value. This effect 

can be clearly seen in Fig. 6.9, particularly in the parameter estimation graph when  � = 

0.90. As a result, it is difficult for the model parameters to converge to a stable value. 

This consequently affects the calculation of controller coefficients g0, g1 and g2.   



 167 

 
Figure 6.9: Identification and control effort using �=0.90 

 

 
Figure 6.10: Identification and control effort using �=0.95 
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Figure 6.11: Identification and control effort using �=0.96 

 
 

 
Figure 6.12: Identification and control effort using �=0.98 

 

20 40 60 80 100 120 140 1500 

2000 

2500 

3000 

Time (sec) 

Speed (RPM) Engine Speed = 2397 Ref = 2400 

20 40 60 80 100 120 140 0 

0.5 

1 

1.5 

2 

Time (sec)

Voltage (V) 
Voltage Sent = 1.37 

20 40 60 80 100 120 140 -5 

0 

5 

Time (sec) 

Values of A 
a1 = -0.5491 a2 = -0.3475 b1 = 0.3972 

20 40 60 80 100 120 140 -0.5 

0 

0.5 

Time (sec) 

Values of G 
g0 = 0.0699 g1 = 0.2009 g2 = -0.1172 

20 40 60 80 100 120 140 1500 

2000 

2500 

3000 

Time (sec) 

Speed (RPM) 
Engine Speed = 2397 Ref = 2400 

20 40 60 80 100 120 140 0 

0.5 

1 

1.5 

2 

Time (sec) 

Voltage (V) 
Voltage Sent = 1.37 

20 40 60 80 100 120 140 -5 

0 

5 

Time (sec) 

Values of A 
a1 = -0.4654 a2 = -0.2367 b1 = 1.1375 

20 40 60 80 100 120 140 -0.5 

0 

0.5 

Time (sec) 

Values of G 
g0 = 0.0919 g1 = 0.1696 g2 = -0.1043 

b1: black 
a1: red 
a2: blue 
 

b1: black 
a1: red 
a2: blue 

g0: red 
g1: blue 
g2: black 
 

g0: red 
g1: blue 
g2: black 
 



 169 

 
From the observation of the simulation study, setting �=0.98 gives the most appropriate 

value  for the adaptive controller algorithm. With this setting the RLS algorithm is fast 

to estimate the model parameters and converge to a stable value as seen in Fig. 6.11 (see 

Appendix B for results of different values of �).  

 

6.5.3 Simulation of Engine Speed Tracking and Regulating 

 

The complete adaptive controller algorithms for palm oil biodiesel engine are 

then applied for an engine speed tracking and regulating control objective. The 

programs are designed to simulate the changes in engine operating speed over a period 

of time. White Gaussian noise is added to the signal. Starting with the initial values 

preset for all the parameters required in the algorithm, the program will read the new 

engine output (speed) and updated the estimate model parameters. The algorithm will 

then calculate the new controller coefficients and the control signal required to drive the 

automatic throttle. Then the program will update the new value of engine speed, the 

error and the control signal. The iteration will continue to minimize the error value.   

The results are presented in graphical form in Fig. 6.13 to 6.17. The performance 

of the algorithm is now evaluated by examining the plots. From the observations, it is 

very obvious that the algorithms produced stable responses in tracking the changes in 

engine speed reference point. The poor initial transient at the start of the simulation is 

once again due to control effort without having good initial parameter estimates. Once 

the parameters are tuned, the adaptive controller drives the engine speed to 2000 RPM 

and regulates at this set point. At t = 100, the reference speed is lowered to 1800 RPM. 

The controller successfully responds to the changes and regulate at the new speed 

roughly within ten seconds. At t = 300 Sec, the reference speed is changed again to 
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2200 RPM and stay at that operating speed for another 100 seconds before slowing 

down to its initial speed of 2000 RPM. From the observation of Fig. 6.13, it is clearly 

seen that the controller manages to track and regulate all the changes in engine speed 

operating point  successfully.  
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Figure 6.13: Engine speed tracking applied to adaptive controller 

 

Fig. 6.14 shows the control effort of the adaptive controller in tracking and 

regulating engine speed. The control effort is not excessive and very smooth. These 

indicate very promising results for real-time implementation of the adaptive controller 

because if the control effort required is excessive then the algorithm will be useless to 

implement.   

reference speed 

engine speed 
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Figure 6.14: Control effort for adaptive controller 

 

Fig. 6.15 highlighted the engine speed error throughout the simulation. In the 

graph  there are several sudden jumps in the error value due to set-point changes. The 

controller quickly reacts by estimating new model parameters using the latest data 

available and recalculate the new controller coefficients for the latest operating point. 

The plot shows that the controller manages to minimize the output variation within ±30 

RPM during regulations.  
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Figure 6.15: Engine speed error for adaptive controller 
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Figure 6.16: Dynamic model parameters estimation by RLS 
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Figure 6.17: Dynamic controller coefficients by adaptive scheme 

 

Convergence of the estimated model parameters and controller coefficients is 

smooth except for the first 10 samples. This is shown in Fig. 6.16 and 6.17. Each time 

the set-point changed, the algorithm never failed to estimate a new set of the 

parameters’ value suitable for the current operating point. As a result, good controller 

coefficients can be calculated and appropriate control signal is sent to the automatic 

throttle to drive the engine to the required speed.  

The results presented in this section provide a vital information on how the 

algorithm designed for adaptive control of palm oil biodiesel engine performed in 

simulation. Even though the controller performed very well during the step response 

and engine speed tracking studies, same controller performance in real-time 

implementation is not guaranteed. Considering all the disturbances affecting the 

operation of internal combustion engine, the system might behave slightly different and 

some modification to the existing algorithm is anticipated.  
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6.6 Real-Time Implementation of Palm Oil  Biodiesel Engine Adaptive 

Controller 

 

In this section the implementation of real-time adaptive speed controller for 

automotive engine fuelled with palm oil biodiesel (Palm Methyl Esters) within a speed 

range of 1500 RPM to 3000 RPM is presented. Many dynamic experimental trial runs 

were carried out in order to determine the most suitable setting of the various parameters 

of the adaptive controller for real-time implementation. Tuning and adjustment of the 

experimental set-up in the early stage of the experiments is common and unavoidable. 

Significant findings throughout the on-line implementation of the controller are reported 

in this section. From all the experiments done in the process of developing the speed 

controller for diesel engine fuelled with palm oil biodiesel, the following results 

significantly summarize the real-time adaptive controller implementation and 

verification on an automotive engine test-bed.  

 

6.6.1 Experimental Set-up 
 

The same controller algorithm tested in simulation studies is used in real-time  

implementation of palm oil biodiesel engine speed controller. Obviously some 

modifications are made to the computer program in order to enable the computer to 

interface with the engine test unit. The diesel engine test unit is a 2000cc, Direct 

Injection, SOHC Mitsubishi Diesel Engine. The engine is mounted on a test bed with an 

eddy current dynamometer braking unit. The first step in implementing the on-line 

identification and control is to set-up the interfaced system for data communication to 

and from the engine test-bed. A computer is interfaced to the actuator (auto throttle) and 

the speed sensor via an Agilent U2351A Multifunction DAQ. The input signal is 
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transmitted through an auto throttle servo actuator that provide an automatic throttle 

control by receiving a signal of 0 to 10 V, corresponding to 0 to 100% throttle opening 

control. The engine speed was transmitted by optical encoder also with a signal range of 

0 to 10 V.  The engine which is fuelled with palm oil methyl esters is first run at a 

steady-state speed before a new reference speed is injected into the system. 

The same model structure obtained from off-line identification experiment was 

used with sampling interval equal to one second and forgetting factor of 0.98. The 

algorithm started with a1=-1.4593, a2=0.4631 and b1=0.0016 as the initial model 

parameters value and a covariance matrix (P0) = 10000I, where I is a unit matrix. The 

magnitude of the control signal calculated by the algorithm is limited during the 

experimental runs. This limitation is enforced in order to avoid sudden large control 

signal that might drive the engine into its nonlinear behaviour. The physical limitation of 

the system under control must be taken care by the controller. In this experiments, the 

control signal is limited within the range of 0.5 < u(t) < 1.4. This control signal range 

was found to work satisfactorily on the palm oil biodiesel.   

 

6.6.2 Engine Speed Tracking and Regulating 

 

Fig. 6.18 shows the palm oil biodiesel engine output drive by the adaptive 

controller. In this experimental run, the controller is supposed to track the changes in the 

engine set-point and regulate at that speed as long as there is no new reference. The 

engine set-point is programmed to change two times during this test. From a steady-state 

speed around 2100 RPM, the speed is then lowered to 1600 RPM for 80 seconds. Then, 

the engine speed is step up back to 2100 RPM. The control objective is for the controller 



 176 

to drive the engine to the changing set-point and regulate with minimum error as 

possible. Observation form Fig. 6.18 indicates that the controller struggle to regulate at 

the initial transient stage. This same situation happened during simulation studies with 

the explanation that it is due to the control effort without having good parameter 

estimate. As a result, the control effort is excessive during this time as shown in the early 

part of Fig. 6.19. This might be because of all the various factors that influence the 

characteristics of engine combustion. As a result the initial value of all parameters set in 

the algorithm might differ significantly from the current situation. However, once the 

parameters are properly tuned, the controller managed to regulate the engine at the set-

point.  
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Figure 6.18:  Palm oil biodiesel engine output (real-time) 

 

Tracking the speed changed from the current set-point to a new set-point of 1600 

RPM seems to give big problem to the controller. Looking at the actual engine output 

engine speed 
reference speed 
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throughout this operating set point at Fig. 6.18, it is apparent that the algorithm struggle 

to drive the engine to the new set point. 
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Figure 6.19:  Control effort (real-time) 

 

The control effort at this operating point is extremely excessive as shown in Fig. 

6.19. From the graph plot, it can be seen that at t = 120 seconds the controller 

eventually managed to track and regulate the speed at this new set-point for a few 

seconds. At the last stage of this experiment, the set-point is brought back to its original 

operating point of 2100 RPM. The controller quickly reacts to the new demand and 

successfully handle the engine without much trouble. 
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Figure 6.20:  Engine output Error (real-time) 

 

The actual engine speed error compares to the various engine set-point tracking 

and regulating throughout this experiment is plotted in Fig. 6.20. Output errors are 

minimum during the last stage of engine regulation around the initial speed of 2100 

RPM. The poor output response given by the controller when the set point was changed 

from 2100 RPM to 1600 RPM might be due to: 

1) the sudden big changes (step-down) between the current operating point and 

the new set-point (500 RPM)  

2) the effect of current value of covariance matrix P(t) in the RLS identification 

algorithm.  
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The direct effect of large value of step-up or step-down from the system current 

operating point is a big output error value that significantly change the estimated model 

parameter from equation (in RLS algorithm step 4):  

)1()1()1()()1( ++++=+ ttttt �xP��
��

 

A large value of �(t+1) will result in big changes in the latest estimated model's 

parameter's value which are used to calculate the controller coefficients, g0, g1, g2,  as 

stated in Equation 6.18. Eventually, all this new estimated data is used to calculate the 

required control signal based on Eqn. 6.15:  

)2()1()()1()( 210 −+−++−= tegtegtegtutu  

The iterative procedure of the adaptive controller scheme is then resulted in 

alternating positive and negative error values that finally translated into the fluctuation 

of the control signals and engine speed. In order to verify this situation, several 

experimental runs were conducted for engine speed tracking and regulating control 

objective. In this test, the magnitude of the set-point changes are limited to within ±200 

RPM from the current operating point. At the same time, the adaptive PID controller  

sampel time was also adjusted to fine tune the controller algorithm in order to improve 

the engine response. The most suitable sample time used in real-time is 1.6s. The results 

are shown in Fig. 6.21 to 6.22. Observation from the engine output graph of Fig. 6.21 

shows that the controller performed better from the previous test. The algorithm 

manages to track and regulate at various operating points without excessive control 

effort as shown in Fig. 6.22. Furthermore, the engine output error is also minimized 

with average of ±20 RPM, Fig. 6.23.   
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Figure 6.21:  Palm oil biodiesel engine output (real-time) 

 
 

0 20 40 60 80 100 120 140 160 180 200
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2
Control Effort

Time (sec)

V
ol

ta
ge

 (V
)

 
Figure 6.22:  Control effort (real-time) 
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Figure 6.23:  Engine output error (real-time) 

 

The effect of the covariance matrix on the performance of the controller is now 

analyzed. The parameter tracking capability of RLS or RELS estimators depends on the 

magnitude of a gain vector, which in turn is a function of the least square covariance 

matrix ( Tham, 1988). The value of covariance matrix,  
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tend to decay to a small value after each iteration. This will eventually affect the rate of 

parameter tracking when there is a big change in the operating points since the current 

estimated model parameters are depend on the current value of covariance matrix 

according step (4) of the RLS identification algorithm. In the case of Fig. 6.18, once the 

RLS algorithm had estimated the model parameters and converge to a stable value the 

covariance matrix reduced to a very small value. Thus, when the speed was changed to a 

new set-point the parameter tracking mechanism has lost its capability to quickly track 
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the variations. This condition can be improved by resetting the covariance matrix when 

there is a change in the reference or set-point value. Thus, the existing algorithm has 

once again been improved to add the capability to reset the covariance matrix to its initial 

values each time there is a change in the set-point. The real-time implementation of the 

improved algorithms are shown in Fig. 6.24-6.28. The engine was first run at a steady-

state value around 2000 RPM. Then the desired speed is changed to 1800 RPM for 100s 

before speed up to 2200 RPM for another 100s. Finally, the desired engine speed is 

brought back to 2000 RPM. Each time there is a change in the set-point value, the 

covariance matrix is reset to its initial value of P(0) = 10000I.  
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Figure 6.24:  Engine speed tracking and regulating with covariance resetting  (real-time) 

 

Fig. 6.24 shows the performance of the adaptive control scheme after the 

implementation of the covariance resetting mechanism inside the algorithm procedures. 

The improved initial transient response in this experiment was due to good initial 

parameters setting based on the knowledge from previous experimental runs. From the 

engine speed 

reference speed 
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plot it is shown that by implementing covariance resetting, the controller capability to 

track and regulate the palm oil biodiesel engine speed has improved significantly. The 

controller is now able to respond faster to the new set-point and regulate at the operating 

point better. In addition, the controller can handle big change in set-point value with the 

addition of covariance resetting procedure. However, the step change for new set-point 

value is limited to ±400 RPM. Otherwise, the adaptive PID controller might fail to track 

and regulate the engine speed. Tracking and regulating the speed change from 1800 

RPM to 2200 RPM  can be done without much trouble. The control effort is shown in 

Fig. 6.25.   
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Figure 6.25:  Control effort with covariance resetting (real-time) 

 

As a result, the actual engine speed error has also improved tremendously as observed 

from Fig. 6.26. The average speed error during regulation is about ±30 RPM.  For 

engine running at speed of 2000 RPM, this error is just 1.5% and can be considered as 

very good.  
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Figure 6.26:  Engine output error with covariance resetting (real-time) 

 

Fig. 6.27 illustrates the time-varying parameter's value of the palm oil biodiesel 

engine estimated by the controller throughout the experimental run. The plot 

demonstrates that even though the internal combustion engine is a very dynamic plant, 

the RLS algorithm can successfully estimates the simplified palm oil biodiesel engine 

model adopted in this study. The values of the controller coefficients calculated for the 

dynamic palm oil biodiesel engine is displayed in Fig. 6.28. The graph demonstrates a 

very stable PID controller coefficients as a result of the special model structure adopted 

in this study. 
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Figure 6.27:  Time-varying palm oil biodiesel parameters with covariance resetting 

(real-time) 
 
 

 
Figure 6.28:  Time-varying controller coefficients with covariance resetting (real-time) 
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6.6.3 Disturbance Rejection 

 

To further evaluate and validate the performance of the adaptive speed controller 

designed in this study, a disturbance is introduce to the system. A disturbance was 

applied by breaking the dynamometer while the engine is running at steady-state 

condition. The objective is to test whether the controller is capable of rejecting the 

disturbance and maintain the engine speed. Initially, the palm oil biodiesel engine was let 

to run at a steady-state value around 2200 RPM for a few minutes. Then, a step input 

torque of 19 Nm was applied by the dynamometer to engine shaft that is coupled to the 

flywheel. The controller is expected to estimate the new model parameters, the 

corresponding controller coefficients and finally calculate the control signal required to 

regulate the operating speed with the existence of the load.   

The results of this experiments are shown in Fig. 6.29 to 6.31. Fig. 6.29 shows that 

the palm oil biodiesel engine suffered a sudden drop in speed once step disturbance was  

applied. The engine experienced a speed drop about -400 RPM that bring it down until 

nearly 1800 RPM. However, the adaptive speed control scheme developed in this work 

is good enough to recalculate all the dynamic parameters included in the algorithm and 

managed to drive the engine speed back up to 2200 RPM roughly in within 10 seconds. 

With the dynamometer continuously apply a torque of 19 Nm, the controller steadily 

maintains and regulates the engine speed at 2200 RPM. This is a clear evidence that the 

controller has the capability to reject the load disturbance applied to the palm oil 

biodiesel engine and maintain its speed at the operating point. 
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Figure 6.29:  Apply disturbance (real-time) 
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Figure 6.30:  Control effort to reject disturbance (real-time) 
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Fig. 6.30 demonstrates the control effort put up by the controller to overcome the 

disturbance injected to the system. A sudden drop of the engine speed as a result of the 

disturbance was immediately responded by the controller by stepping up the control 

signal value in order to minimize the speed error. The controller algorithm has 

successfully calculated the appropriate control signal value and sent the required control 

signal to the throttle which eventually increased the fuel injected into the engine 

chamber. This is displayed by the gradual increased of the control effort signal until the 

speed has successfully recovered to its operating point.  
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Figure 6.31:  Engine output error for disturbance rejection (real-time) 

 

The engine output error during this test is shown in Fig. 6.31. Observation from 

the figure confirmed that the output error is maintained within ±30 RPM even though 

the engine is now working with constant load applied to it. The consistent performance 

of the adaptive controller is the evidence for the stability of the algorithm developed in 

this study. Though more thorough and excessive real-time experimental runs are 
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required to fully test the performance of this controller, all the results presented so far 

are very positive and convincing.  

 

6.7 Adaptive Controller Performance: Comparison Between Palm Oil Biodiesel 

and Petroleum Diesel. 

 

The performance of the adaptive control algorithm developed for engine fuelled 

with palm oil biodiesel is also tested in engine filled with petroleum diesel. In this real-

time experimental run, the engine is fuelled with petroleum diesel available from the 

gas station. After replacing the fuel tank with petroleum diesel, the engine is allowed to 

run for few hours. This is to ensure that the fuel system does not contain a mixture of 

palm oil  biodiesel and petroleum diesel. The same controller program used for palm oil 

biodiesel is used without any modification. In this experiment, the controller is 

supposed to track and regulate to various engine set-point similar to experiment set-up 

done with palm oil biodiesel.   

First, a comparison will be made in term of the ability of the adaptive controller to 

track and regulate the engine speed. Then, the capability of the controller to reject the 

same disturbance is also tested. The objective of this comparisons is to investigate how 

the controller behaves with different types of fuels. Furthermore, the control scheme 

designed for palm oil biodiesel engine should not have any serious problem in 

controlling the engine speed  if the fuel is changed to petroleum diesel. However, the 

control effort between the two cases should be slightly different since both fuels have 

their own unique characteristics. The results of these experiments are shown in Fig. 6.32 

to 6.37.  
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Figure 6.32:  Engine speed: Palm oil biodiesel vs. Petroleum diesel 

 

Fig. 6.32 compares the adaptive engine speed controller performance in tracking 

and regulating at various speeds for engine filled with biodiesel and petroleum diesel. 

From the observation, it can be seen that the performance of the controller is almost 

identical. Engine speed profile for engine fuelled with palm oil  biodiesel and petroleum 

diesel is nearly on top of each other. This result proves that the controller can be used 

with both fuels, in this case, without any modification. Theoretically, this performance 

is expected because the characteristics of fuel combustion of palm oil biodiesel and 

petroleum diesel is comparable and almost the same.  
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Figure 6.33:  Control effort: Palm oil biodiesel vs. Petroleum diesel 

 

Fig. 6.33 shows the control effort experienced by the controller for both cases. 

The graphs show that when the engine is fuelled with palm oil biodiesel, the control 

effort is slightly greater compare to when it is fuelled with petroleum diesel. This means 

that in order to track or regulate the engine speed at the same set-point, more fuel is 

injected in case of using palm oil biodiesel. The engine needs to burnt more biodiesel 

fuel in order to achieve the same performance as petroleum diesel. In this case the 

biodiesel used is palm methyl ester (Carodiesel) by Carotech. Thus, this characteristic is 

translated into the throttle opening for fuel injection system in order to gain the same 

combustion energy. 

While there is a slight difference in the control effort between controlling engine 

for palm oil biodiesel as compared to petroleum diesel, the engine output error is almost 

the same. This is demonstrated in Fig. 6.34 and thus confirm the performance displays 

in Fig. 6.32.   
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Figure 6.34:  Engine speed error: Palm oil biodiesel vs. Petroleum diesel 

 

The performance of the adaptive controller to reject disturbance tested in engine fuelled 

with petroleum diesel is now analyzed. The same experimental set-up previously used 

to evaluate the controller performance to reject disturbances was applied in this test. 

Initially the engine is set to run at a steady-state value of 2200 RPM. Then a step input 

of torque equal to 19 Nm is applied by the electric dynamometer. The controller is 

expected to respond to this disturbance by quickly regulate at 2200 RPM. Fig. 6.35 to 

6.37 illustrate the results of this experiment.  
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Figure 6.35 : Disturbance rejection: Palm oil biodiesel vs. Petroleum diesel 

 

Looking the at response exhibits by Fig. 6.35, it is once again proved that the 

controller can achieve its control objective successfully. When the sudden disturbance is 

applied at t=100 seconds, the engine suffered a major speed drop but the controller 

managed to drive the engine back to its operating point. The engine fuelled with 

petroleum diesel suffer bigger speed drop compare to palm oil biodiesel because of the 

differences in the fuel calorific values. The capability of the adaptive PID controller 

developed in this study to reject the disturbance is the main focus.  
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Figure 6.36:  Control effort to reject disturbance: Palm oil biodiesel vs. Petroleum diesel 

 

Fig. 6.36 illustrates the comparison of control effort put-up by the controller for 

both cases. As predicted from the previous finding, the effort is greater in the case of 

using palm oil biodiesel compare to petroleum diesel. However, the extra control effort 

is not that excessive and acceptable. Fig. 6.37 exhibits the engine speed error 

throughout this test. Both graphs illustrate almost the same error values within ±30 

RPM during regulating. The test results presented in these experiments proved that the 

adaptive controller successfully achieves the control objectives for both cases. 

Furthermore, the same computer programs can be used to drive the speed of an engine 

fuelled with petroleum diesel or biodiesel without any modification.  
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Figure 6.37:  Engine speed error during disturbance rejection: Palm oil biodiesel vs. 

Petroleum diesel 
 

The success of real-time implementation of adaptive speed controller developed 

in this study proved that the controller algorithm developed based on the simple linear 

dynamic model is valid and reliable. Compared to other recent studies (Wang, Bosche, 

Tian & El Hajjaji, 2011; Min & Xiao, 2011; Chen, 2010; Xu & Ye, 2009; Xu & He, 

2008) which investigate the effective engine speed regulation only in simulation, this 

research give more thorough testing of the controller capability and reliability. The 

performance engine speed control strategy adopted to regulate at set-point speed and the 

ability for disturbance rejection is comparable to the fuzzy adaptive PID controller 

designed for diesel generator studied by Zhang, Li, Lu, Y. Zhou and Q. Zhou, (2012).  

In both studies the speed controller strategies have shown that the method of speed 

regulation adopted give better dynamic accuracy and the ability of the disturbance 

rejection. However, in this study the engine is fuelled by biodiesel.  
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6.8 Summary 

 

In this chapter, the development as well as implementation of adaptive control 

strategy based on pole assignment method has been considered. A adaptive speed 

controller based on the SISO linear mathematical model has been developed, tested and 

simulated before it is implemented in real-time to control the speed of palm oil biodiesel 

engine.  The algorithm is applied to an engine speed tracking control problem and load 

disturbance problem. The results presented in this work showed that the algorithm 

produces a very good dynamic output response. The algorithms have successfully 

achieved the control objective of tracking and regulating the engine speed. Further 

more, the controller also proved its capability to reject the disturbance introduced to the 

system.  

Comparison on how the adaptive controller perform in case of engine fuel with 

petroleum diesel is also attended. In both cases, the controller had performed very well 

and proved to be reliable for both type of fuels. Although the control effort is slightly 

greater when dealing with biodiesel fuel compared to petroleum diesel, the difference is 

very small. 

The results presented in this chapter confirm that the adaptive controller 

developed in this study performed very satisfactorily. The developed adaptive controller 

shows its effectiveness in controlling automotive engine speed fuelled with palm oil 

methyl esters without engine modification. 
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CHAPTER 7 

 

CONCLUSIONS AND RECOMMENDATIONS 

 

7.1 Summary of Present Work 

 

The main focus of this study is on modelling and control of an automotive engine 

fuelled with palm oil biodiesel. The complex and nonlinear characteristics of an internal 

combustion engine impose a very challenging task in designing and implementing real-

time adaptive controller for biodiesel engine. Throughout the studies, the research has 

gone through a number of stages. The early stage focused on the modification of the 

engine test-bed for data acquisition for modelling and control activities. The work then 

proceeded to identify the dynamic engine models before moving on to develop, simulate 

and implement the adaptive controller for biodiesel engine.  In the studies both linear 

and nonlinear dynamic diesel engine models fuelled with palm oil biodiesel have been 

developed and validated. In addition, an adaptive controller has been designed and 

tested not only in simulation but also implemented in real-time on engine test-bed. The 

performance of the adaptive controller to track and regulate the engine speed has been 

demonstrated experimentally for both types of fuel,  petroleum diesel and palm oil 

biodiesel. Moreover, the capability of the adaptive controller to reject disturbances are 

also evaluated and analyzed in the validation process.  

The self-tuning control strategy which has been adopted for the studies is the one 

that is very reliable, simple, and proven to be successful in real-time implementation. 

The classical strategy of PID controller based on pole assignment method is chosen for 

this study is the first ever attempt to develop a speed controller for unmodified 
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automotive diesel engine fuelled with palm oil biodiesel. This approach uses the ARX 

model in their development. More recent methods such as the generalized predictive 

control and Neuro-fuzzy control are not considered, since the present undertaking is 

heuristics and meant to be exploratory. A review of previous work done on diesel 

engine, especially those that focus on modelling and control are also given. The 

objective of this review is to explore the extent of research carried out so far and the 

associated problems accounted in internal combustion engine, dynamic modelling, and 

control. 

The study has been carried out on an automotive diesel engine test-unit. The 

works to meet the first objectives of this research, to develop linear dynamic 

mathematical models, started with data acquisition activities and determination of 

model order. Linear models up to fourth order are tested, evaluated and compared in 

order to choose the most suitable model for adaptive controller development. An 

important result of the dynamic modelling is that the palm oil bio-diesel engine can be 

adequately presented by a simple second order linear dynamic model. This conclusion is 

arrived at by comparing the sum-of-square-errors of the model using the same values of 

operating variables. All models derived were tested and validated in order to evaluate its 

accuracy. A total of five linear dynamic models were successfully derived and validated 

to achieved the first objective. 

The second objective to derive and validate non-linear dynamic model of the 

biodiesel engine is then developed using linear-in-parameter NARX model structure. 

The NARX model of an automotive engine test-bed filled with palm oil biodiesel has 

been successfully derived using an orthogonal parameter estimation algorithm. The 

main purpose of deriving the nonlinear model is to demonstrate that the orthogonal least 

squares method together with ERR procedure are able to approximate the complex palm 
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biodiesel engine dynamics. Several NARX models representing the biodiesel engine 

were successfully derived and validated. Thus, the second objective of this research is 

achieved. However, the nonlinear models of engine dynamic are complex and difficult 

to use in designing the adaptive engine controller scheme. Furthermore, with the 

consideration that the controller developed in this study  will be tested and implemented 

in real-time, the simpler second-order linear dynamic model estimated in the previous 

activities is chosen as the model to develop the self-tuning controller.  

The adopted linear dynamic model is then used in the development and 

implementation of an adaptive controller in the third objective of this research. The 

simulation results of adaptive controller for palm oil bio-diesel engine shown that the 

control objective of tracking and regulating the engine speed have been successfully 

met. Various set-points speed regulations were tested and validated. Furthermore, the 

controller also proved its capability to reject the disturbance introduced to the system. 

Thus, the third objective of research is achieved. 

The final objective of the research is to implement the adaptive controller in real-

time and make a comparison on how the controller perform in case of engine fuel with 

petroleum diesel. In both cases, the controller had performed very well and proved to be 

reliable for both types of fuels. Although the control effort for biodiesel fuel is slightly 

greater compared to petroleum diesel, the difference is very small. These findings 

showed that the adaptive controller scheme developed in this study is ready to be used 

in unmodified engines fuelled either with petroleum diesel or biodiesel without any 

modifications. The results presented in Chapter 6 proved that this final objective has 

been achieved. Overall, all the four research objectives set in this study were 

successfully met and satisfied. The major contributions of this study are: 
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• An adaptive speed controller scheme has been designed, simulated, 

implemented and validated in real-time. The real-time implementation results 

have shown and proved that the controller has good transient response and a 

high degree of stability have been achieved by this controller in a wide engine 

operation region.   

• The comparison analysis of adaptive controller performance implemented in 

automotive engine fuelled with petroleum diesel and palm oil biodiesel. 

Through the experiments the study demonstrated that the controller can easily 

adapt to the different type of fuel used and successfully achieved the tracking, 

regulating as well as rejecting the disturbance at the set-point.  

 

7.2 Suggestion for Future Work  

  

The present work represents the beginning of daunting tasks in engine control unit 

research for bio-fuel engine. The main objectives of this work have been viewed as the 

development of dynamic engine models of the palm oil biodiesel engine as well as 

applying suitable and practical control scheme. Basically, all the objectives of the 

research have been met. The study starts with the modification of the engine test-unit, 

system identification activities, linear and nonlinear modelling, and controller 

development inclusive of simulation studies and real-time implementation. However, 

there are plenty of rooms for improvement. 

More works need to be done in investigating other model representations. The 

nonlinear parametric process models such as Hammerstein model, Wiener model and 

Volterra model should be considered in future works. Neural networks modelling and 

control internal combustion engine should also be developed in order to further analyze 
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and evaluate the model accuracy and the behaviour of biodiesel engine. The importance 

of having an accurate characterization of the nonlinear behaviour of the physical system 

cannot be denied. Without a precise understanding of the nonlinear mechanism involve 

in the plant under study, the modelling or approximating of actual process may lead to 

failure. 

The methods implemented for parameter estimation were quite successful when 

applied in simulation as well as in real-time. Because of its simplicity, the adaptive 

algorithms are easy to implement and execute. However, other optimization methods 

such as Genetic Algorithms (GA) and Differential Evolution (DE) should be explored 

for dynamic identification and adaptive control. These evolutionary computational 

methods claim to be an enormously powerful and successful strategy to solve complex 

problems. The adaptation of these populations based techniques in real-time adaptive 

control should be considered and explored.  

In  addition, Multi-Input-Multi-Output (MIMO) model representation may be 

considered. This will automatically require state variable model formulation. These 

models are needed in the design of multivariable control strategies. MIMO models will 

definitely enhance the model accuracy of the biodiesel. This will eventually lead to a 

much better and robust controller.  

Other adaptive and self-tuning control strategies should be considered as well. 

Control techniques of intelligent control, optimal control, robust control and stochastic 

control may be tested and evaluated based on the different control strategies available. 

This will give the opportunity to apply different controller such as GPC, Neuro-Fuzzy, 

H-infinity, LQG including those that are MIMO structures. The implementation of 

various control strategies will give the designer a better understanding of the plant 
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characteristics  regarding the nonlinearities, varying dead-time, drift and unpredictable 

load disturbances, just to name a few.  
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APPENDIX - A 
 

CALIBRATION RESULTS FOR CHAPTER 3 
 

Table A.1: Data for calibration between voltage signal send by computer with 
throttle opening 

Signal Sent 
(Voltage) 

Throttle 
Opening  From 
Idling Position  

( %) 

Engine Speed 
(RPM) 

0 0 1123 

0.2 2 1168 

0.4 4 1220 

0.6 6 1286 

0.8 8 1376 

1 10 1953 

1.2 12 2109 

1.4 14 2268 

1.6 16 3120 

1.8 18 3219 

2 20 3303 

2.2 22 3375 

2.4 24 3560 

2.6 26 3647 

 
 
The voltage signal sent has direct relationship with the throttle opening as follow: 
 

Topening (%) = a*Vsend 
 
where  

Topening is the percentage of the engine fuel throttle opening relative to 
idling position. 
 
Vsend is the voltage send by the computer to the servo motor that 
controlled the throttle position. 
 

Based on the data from Table A.1:  
   Topening (%) = 10*Vsend 
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Table A.2 Data for engine speed calibration 

 

Signal Send 
(Voltage) 

Output Signal 
Measured From 

Speed Sensor 
(Voltage) 

Engine Speed 
(RPM) 

0 2 1123 

0.2 3.55 1168 

0.4 3.62 1220 

0.6 3.71 1286 

0.8 3.83 1376 

1 4.56 1953 

1.2 4.77 2109 

1.4 4.98 2268 

1.6 6.13 3120 

1.8 6.25 3219 

2 6.37 3303 

2.2 6.46 3375 

2.4 6.71 3560 

2.6 6.83 3647 

 
 
The engine speed in RPM can be approximate by  direct relationship with the voltage 
measured from the speed sensor in the linear equation form: 
 

RPM  = m*Vspeed + c 
 
where  

RPM is the engine speed in revolution per minute . 
 
Vspeed is the voltage measured from the speed sensor. 
 
m and c are designated constant. 
 

Based on the data from Table A.2:  
 

   RPM  = 757*Vspeed -1533 
 

 



 215 

APPENDIX - B 
 
  

SIMULATION STUDIES TO DECIDE THE VALUE OF FORGETTING 
FACTOR, LAMDA, IN MODEL IDENTIFICATION ALGORITHM. 
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Forgetting factor =0.94 
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Forgetting factor =0.96 
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Forgetting factor = 0.97 
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Forgetting Factor =0.98 
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Forgetting factor =0.99 
 
 
 
 
 

20 40 60 80 100 120 140
1500

2000

2500

3000

Time (sec)

S
pe

ed
 (

R
P

M
)

Engine Speed = 2398 Ref = 2400

20 40 60 80 100 120 140
0

0.5

1

1.5

2

Time (sec)

V
ol

ta
ge

 (V
)

Voltage Sent = 1.36

20 40 60 80 100 120 140
-5

0

5

Time (sec)

V
al

ue
s 

of
 A

a1 = -0.5725 a2 = -0.3049 b1 = 0.4748

20 40 60 80 100 120 140
-0.5

0

0.5

Time (sec)

V
al

ue
s 

of
 G

g0 = 0.0975 g1 = 0.1983 g2 = -0.1280

 
 
 

20 40 60 80 100 120 140
0

2

4
Value of parameter b1 = 0.4773

Time (sec)

20 40 60 80 100 120 140
-2

0

2
Value of parameter a1 = -0.5759

Time (sec)

20 40 60 80 100 120 140
-1

0

1
Value of parameter a2 = -0.3010

Time (sec)

 
 



 226 

20 40 60 80 100 120 140
-0.5

0

0.5
Value of parameter g0 = 0.0970

Time (sec)

20 40 60 80 100 120 140
-0.5

0

0.5
Value of parameter g1 = 0.1982

Time (sec)

20 40 60 80 100 120 140
-0.5

0

0.5
Value of parameter g2 = -0.1277

Time (sec)

 

20 40 60 80 100 120 140
-600

-400

-200

0

200

400

600
Engine Speed Controller Error

Time (sec)

(R
P

M
)

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 227 

Forgetting factor =1 
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