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ABSTRACT 

There is a remarkable improvement in the engine design and its sensory control over 

the last three-four decades in automotive industry. Several pressing issues such as 

reduced Hydro Carbons, improved fuel efficiency and optimum power for efficient 

engine performance are continually investigated in modem automobile companies. 

While the technological 'know-how' is reaching optimum in terms of the automobile 

body design, aerodynamics and comfort aspects, there is sufficient room for 

development for optimum engine performance. 

There is evidence that the modem automotive companies are adopting certain modem 

control strategies and emerging technologies such as fuzzy logic and evolutionary 

algorithms for better engine performance. The IC (Internal Combustion) engine 

performance and fault recognition is a major research issue. It is very well know that 

there can be more than one cause that contributes to the same effect in an IC engine. 

This aspect puts more pressure on the need for reliable quantitative models for fault 

diagnosis to identify specific cause of the same effect. On the other hand a reliable 

control of the air-mass flow and the air-fuel ratio plays a significant role in controlling 

both power and Hydro Carbon emissions into the atmosphere. 

Automotive compames are continually attempting to model IC engmes for fault 

diagnosis and performance prediction using traditional modelling techniques such as 

heat transfer models and empirical investigation using knowledge base. An online 

estimation of torque and power, in absence of chassis dynamometers, in dynamic 

conditions is also an important aspect to find out the functional behaviour at any given 

time for the engine. 

In this thesis intelligent neural network models are proposed for prediction of torque, 

power and air-mass flow for a 600cc-race engine. Using extensive experimental 

investigation, it is shown that, the neural network architectures predict power, torque 

and the air-mass flow to an excellent accuracy for eventual on-line control over a 

range of engine operating conditions. 
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1.0 Introduction 

Internal Combustion (IC) engines and their applications to the world today are a 

much-researched topic to continually improve performance and efficiency. Engine 

fault diagnosis is such perforn1ance that helps to identify and monitor engine control. 

Any engine fault increases fuel consumption and displays excessive exhaust gas 

emissions. Ever increasing stringent government requirements and rising fuel costs 

place an important emphasis on close control of combustion engine performance. The 

advancement with the hybrid car will require extremely close control of all 

combustion engine parameters, as they will be required to meet certain engine power 

requirements and reliability, along with environmental care. Adaptive control systems 

are to be used in this area as the future engine will certainly be cam-less, use drive by 

the wire throttle actuation and set load control through exhaust gas recirculation. Such 

a dynamic transient system cannot be accurately controlled by simple "look up" table 

based engine control units. Such dynamic complex modelling involves numerous 

process variables and highly advanced heat-transfer functions for basic analysis. The 

complications are further enhanced when \dling to dynamic load conditions are taken 

into consideration. Advances in artificial intelligent tools for decision making, pattern 

recognition and process modelling have made this look achievable. This is the 

specific area where trained artificial neural networks will be able to provide an 

accurate, useful output. 

In the foreseeable future, combustion engmes will be used for fuel sensitive 

applications such as heavy-duty buses and trucks along with off road vehicles. The 

level of scrutiny applied to these engines in the terms of emissions will become far 

more stringent to enforce a complete engine optimisation. In a low emission engine, 

one day of operation with a failed engine sensor will result in emissions that the 

correctly functioning engine would emit in a year. 

Hence reliable control systems which are adaptive to internal combustion engines will 

be required. Extensive research has been conducted in the conventional control arena 

but as is shown in Chapter 3, there exists drawbacks to these systems. Neural 

networks provide a solution to this non-linear engine-mapping problem. The first step 

lies in producing an accurate system that models or predicts overall engme 
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performance. Several versions of this are detailed in the Chapter 3. The research 

undertaken here deals with different neural network architectures, namely the Multi-

Layer Perceptron and radial bias algorithms, to predict engine performance along 

with sensor fault diagnosis. The process available to achieve this task, along with the 

basic engine design, is outlined in Chapter 3. 

This study is part of the "intelligent cars" project at the University of Tasmania, that 

aims to build comprehensive intelligent tools for control, adaptability and monitoring 

of automobile parameters using intelligent tools. This project development is achieved 

via modular development that involves systematic investigation. The reason for 

development in this area must firstly be defined. This project is based on a large 

number of sensors and a process called "sensor fusion". 

1.1 The Concept of Intelligent Cars 

There exists a varied level of sophistication in existing cars to exhibit a certain level 

of intelligence and sophistication. Currently there exist inboard navigation systems 

along with infrared night vision and in-car satellite links. Companies such as 

Motorland [1] and Mercedes [2] are spending many millions on the "intelligent cars" 

concept. Mercedes has released a special car that, like the new Jaguars [3], has an 

adaptive cruise control that automatically calculates the speed and distance of the car 

ahead in the same lane and automatically adjusts the cars speed to keep a safe distance 

from the car ahead. A very interesting and confronting article [ 4] was sourced which 

states that by the year 2020 non-artificial intelligence assisted driving would become 

outlawed. 

A recent article in Times Magazine [5] suggests that all the major car manufacturers 

believe that these smart cars are just around the comer. These smart cars are predicted 

to be able to sense all traffic around them. Manufacturers say that in the not too 

distant future the car will navigate itself to the nearest freeway entrance ramp and 

upon entering the highway each car will be 'hurtling down the highway at speeds of 

around 120 miles per hour and only a few inches apart' [5]. This would initiate the 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 1 Introduction Page4 

first age of the fully automated motoring that was promised in General Motors at their 

"Futurama" exhibition in 193 9. 

Manufacturers are much more likely to invest into things that sell and not what is 

potentially the best for society. However, research in Germany indicates that for every 

600 cars admitted to the public transport system, one is going to kill a human within 

the vehicles 20 year life-span and 50 will seriously injure a person [6]. From this we 

can safely conclude that there does exist a need in society for "intelligent cars". 

It is inevitable that in the future mechanical parts will be replaced by electrical 

engines, stepper motors, sensors and actuators. These electronic devices must be 

controlled in some way with either conventional or intelligent systems. With the use 

of artificial intelligence the car can actually make decisions based on information 

obtained from sensors. Having established a requirement for intelligent cars, the 

importance of sensor fusion is covered in the following section. 

1.2 Importance of Sensor Fusion 

Sensor fusion is used extensively throughout the world for a variety of purposes 

ranging from tracking missiles to robot control. Basically, the concept of sensor 

fusion is that a number of sensors transmit information to a data acquisition module 

and on to a computer that can evaluate and interpret the data to provide an integrated 

and meaningful output. Modem automobiles are striving to "think" and decide the 

optimum strategies for the given job or even reorganise their own work structures. As 

part of this machine intelligence, the machines rely heavily on the accuracy of the 

information provided by the sensors. The sensor installation needs great care since 

external conditions like temperature or electronic noise, can initiate inaccurate 

readings. 

Sensor fusion is extremely important in today's advancing world, as it is deemed to be 

the way of the future in a vast number of areas. Sensor fusion advancements appear to 

be quite secret as it is currently a "very hot area" [7] in the defence world and 

consequently the general public and many researchers are unable to access this 

information. 
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Sensor fusion aims to overcome the drawbacks by integrating or combining 

information from two or more sensors. If more than one sensor is used to measure the 

same parameter, the readings can be analysed statistically to obtain a more accurate 

result. This reduces uncertainties and provides a more accurate reading than can be 

obtained from a single sensor. If one sensor is believed to be more accurate than 

others, its extra 'weight' is not taken into consideration. There exist intelligent 

techniques to overcome this in the form of Bayesian, Dempster-Shafer, Artificial 

Neural Networks and Fuzzy Logic [7]. An Artificial Neural Network will be used as 

the sensor fusion tool in this research. 

Defence forces around the world spend vast amounts of money in the area of sensor 

fusion research. They use sensor fusion for a range of applications and this establishes 

a requirement and consequently highlights the importance and potential applications 

of sensor fusion in today's world. Terrain navigation is one area where sensor fusion 

is predominantly used. This involves autonomously determining aircraft position by 

fusing together measurements from an internal navigation system, a digital map and a 

radar meter. By measuring the terrain height variations along the airline flight path 

and comparing these with a digital terrain map, a position estimate of the aircraft is 

obtained. This is a linear estimation problem where unconventional and conceptually 

different information is fused together. An analogy can be used with the information 

processing that is to be obtained with the "intelligent cars". The idea of gathering 

different raw data measurements and fusing it together to create an overall mapping of 

the dynamic behaviour of a car is a similar concept. The Saab Military Aircraft [8] in 

the United States is testing hardware for autonomous control. 

The same concept applied to autonomous aircraft control can be applied to the control 

of an automobile. In this project, the new sensors will measure wheel speed, distance, 

acceleration, yaw angle, pitch angle, roll angle, steer angle, spring travel, brake force 

and a vast array of engine parameters detailed extensively in Chapter 3. In this hybrid 

approach and fault diagnosis, the investigation will involve three levels of fault 

characterisation: fault detection (fault or no fault), classification (engine or chassis 

fault) and identification (fault sub-class). 
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Having established the extent of this technology and its importance, Chapter 2 deals 

with the intricacies of Neural Networks via a complete literature review of where 

these systems are used and exactly how they function. The specific algorithms used 

for this torque estimation and fault diagnosis research are reviewed extensively. 
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Chapter 2: Literature Survey 
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2.0 State of the Art Artificial Intelligence 

Defining the concept of artificial intelligence is not an easy task, as it appears to be 

open to individual interpretation. This introduction provides what the writer believes 

to be an appropriate explanation in relation to Artificial Intelligence (Al), Neural 

Networks and the intelligent car project. It also highlights the important role that AI 

currently plays in our society via listing an extensive number of areas in which AI is 

used. 

Al has numerous areas of application and is an advancement in technology that must 

be harnessed and exploited. If artificial intelligent machines are used to do the simpler 

of the tasks that create employment, then the world's entire workforce will become 

more intelligent, thus creating a smarter, more environmental friendly existence for 

mankind. 

The original hopes and expectations for artificial intelligence began way back in 1956 

when a computer scientist, Marvin Minski, teamed up with a mathematician, John 

McCarthy, to research Artificial Intelligence [9]. Minski formed the "classical top 

down postulate that any thinking machine must emulate the problem-solving ability 

associated with rational thought. For the machine to be truly intelligent, it must posses 

the symbol-manipulating, rule implementing proficiency that characterises human 

reasoning"[9]. For this to occur it is said that the AI machine must past the Turing 

test. Alan Turing, who is said to be the father of AI [9], first introduced this Turing 

test. This test implies that if a computer performs like a human expert then it can be 

said to have a mind like a human. This philosophy is obviously flawed as a computer 

program can simulate a process without actually understanding it. 

The Turing test and how it works is as follows. Pretend that we have three people 

playing a game. One is a woman and one is a man. The third is an interrogator. The 

three are in separate rooms and the interrogator is to decipher which is male and 

which is female via questions, but the male is attempting to convince the interrogator 

that he is in fact a she. The Turing test would replace either the male or female with 

an artificially intelligent machine and Turing himself proposed that if a judge was 
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fooled 70% of the time throughout a 5-minute interview then the machine was 

actually intelligent. A paper titled "Misguided Artificial Intelligence" [10] proposes 

that computer scientists are not fulfilling their social responsibility via simply 

attempting to beat the Turing test. This obviously leaves a void as to exactly what AI 

can be intuitively defined as. The subject is changing too fast for any rigid definition 

to be acceptable [11]. 

Prof. James Allen definition of AI is as follows: "AI is not the science of building 

artificial people. It's not the science of understanding human intelligence. It's not even 

the science of trying to build artefacts that can imitate human behaviour well enough 

to fool someone that the machine is human, as proposed in the famous Turing test ... AI 

is the science of making machines do tasks that humans can do or try to do ... you 

could argue ... that much of computer science and engineering is included in this 

definition ... that's probably right ... (but) the field (of AI) focuses on the more complex 

things that people do [9]". We are not attempting to replicate the human brain. We are 

simply attempting to replicate some of the more demanding tasks that each and every 

one of us may do in a day's work. 

Although all quotations that exists to sum up the aims of development in the AI area 

are open to interpretation, it is widely accepted as the way of the future. The reason 

for this is summed up by Donald Michie: "AI is about making machines more 

fathomable and more under the control of human beings, not less. Conventional 

technology has indeed been making our environment more complex and more 

incomprehensible, and if it continues as it is doing now the only conceivable outcome 

is disaster. [1 O]" 

AI is a multi disciplinary field of research and although it will always involve 

computer science and software engineering, the scope can overlap with studies in 

philosophy, psychology, biology, mathematics and logic. "Some also believe that 

mankind needs advances in quantum physics in order to make progress in Artificial 

intelligence [10]." AI can be said to be in its infancy but with the new age of cheaper, 

more powerful computers, the need for development is increasing in urgency. 
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Artificial intelligence is used in an increasing variety of fields, some of these fields 

are described below: 

AI in medicine, including interpretation of medical images, diagnosis, expert systems 

to aid GPs, monitoring and control in intensive care units, design of prosthetics, 

design of drugs, intelligent tutoring systems for various aspects of medicine. [12] 

AI in robotics: including v1s10n, motor control, learning, planning, linguistic 

communication, cooperative behaviour. [12] 

AI in many aspects of engineering: fault diagnosis, intelligent control systems, 

intelligent manufacturing systems, intelligent design aids, integrated systems for sales, 

design, production, maintenance, expert configuration tools (e.g. ensuring sales staff 

don't sell systems that won't work). AI in software engineering includes work on 

program synthesis, verification, debugging, testing and monitoring of software. [12] 

AI in interfaces and "help" systems: as computers are used for more and more 

applications that involve interaction with human beings, there are ever growing 

pressures to make the machines easier for non-experts to use. One approach to this 

is to give machines more intelligence so that they can guide, or advise users. [12] 

AI in education: including various kinds of intelligent tutoring systems and student 

management systems. Particular applications might include diagnosis of a student's 

knowledge gaps, various kinds of drill and practice tutors, automatic marking of 

programming assignments and essays, etc. [12] 

AI in information management: this includes the use of AI in data mining, web 

crawling, e-mail filtering, etc. [12] 

AI in mathematics: design of tools to help with various kinds of mathematical tasks, 

now used so widely that they are not recognised as AI products. [12] 
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AI in entertainment: increasingly AI is being used in computer games and in systems 

for generating and controlling synthetic characters either for textual interaction or 

generating films with cartoon characters or interactive avatars in virtual worlds. [12] 

AI in biology: there are many hard problems in biology where more or less intelligent 

computer-based systems are being developed, eg. Analysis of DNA, prediction of 

folded structure of complex molecules, prediction, modelling many biological 

processes, evolution, development of embryos, behaviours of various organisms. [12] 

Al in Law: Expert systems to help lawyers or systems to give legal advice and help to 

non-lawyers. [12] 

AI in architecture, urban design, traffic management: tools to help solve design 

problems involving multiple constraints, helping to predict the behaviours of people 

in new environments, tools to analyse patterns in observed phenomena. [12] 

AI in literature, art and music: identification of authors, modelling of processes of 

generation and appreciation, teaching applications. [12] 

AI in crime prevention and detection: e.g. detection of forgeries, learning to detect 

evidence of crooked police officers, software to monitor Internet transactions, helping 

to plan police operations, searching police databases for evidence that crimes are 

committed by the same person, etc. [12] 

AI in commerce: a fast growing application area of AI enabled by the Internet 

involves commerce, especially electronic commerce and the use of software agents of 

various sorts to provide, search for, analyse or interpret information, take decisions, 

negotiate with other agents, etc. [12] 

AI in outer space: control of space vehicles and autonomous robots too far from earth 

to be directly manipulated by humans on earth, because of transmission delays. [12] 

AI in military activities: This may be the area in which most funds have been spent. 

It is also not easy to learn about the details. [12] 
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While this is not a complete list of the areas in which AI is used, it does highlight that 

AI is used in a vast range of areas and will inevitably become the way of the future. 

Researches have found that existing software, along with standard computer design 

methodology, are too restrictive hence new software tools have been developed for 

each specific special purpose. 

Having broadly defined AI and its current uses, Artificial Neural Systems and their 

functioning procedure are extensively outlined in the remainder of this chapter. 

2.1 Artificial Neural Systems 

Neural networks are a large part of AI. When we say neural network we should 

actually use the terminology " artificial neural network", as this is the true definition. 

The human brain is made up of a web of billions of cells called neurons, and 

understanding its complexities is seen as the last frontier of scientific research [13]. 

Then link between binary numbers and mathematic logic has been hypothesised as to 

what makes the brain function. This can be simulated via a computer-simulated 

neural network1
• 

Artificial neurons are a fundamental part of artificial neural networks, forming the 

processing units for such systems. The artificial neuron is modelled on the basic 

concepts of the biological neuron. The first modelling of neurons dates back to the 

1940s and was carried out by McCulloch and Pitts [14]. Drawing on their work on 

biological neurons, they proposed the following model [15]: 

"A synthetic neuron forms a weighted sum of the action potential 's which arrive at it 

(each of these potential 's is a numeric value which represents the state of the neuron 

which has emitted) and then activates itself depending on the value of this weighted 

sum. If this sum exceeds a certain threshold, the neuron is activated and transmits a 

1 This is termed parallel computing. 
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response (in the form of an action potential) of which the value is the value of its 

activation. If the neuron is not activated it transmits nothing." 

Similar to biological neurons, artificial neurons accept inputs from other similar 

neurons, process the inputs and send a single output to other neurons in the system. 

Likewise, artificial neurons communicate via weighted interconnects. The basic 

structure of an artificial neuron, shown in Figure 1, highlights the similarity between 

artificial and biological neurons. The inputs to the neuron, shown as x1 to Xi, for i 

inputs, represent dendritic connections in biological neurons, while the weighted 

connections, denoted as WjI to wJ1 for neuronj, represent synapses. In addition, every 

artificial neuron has one output line, representing the axon of a biological neuron, 

which can branch out to form connections with other neurons. 

1-----" Output 

Processing Unit 

Figure 1. Basic Structure of an Artificial Neuron 

The cell body of a biological neuron is represented as a processing unit in the artificial 

neuron model. There are essentially three functions that combine to give the neuron 

its processing capability; the input function, activation function, and output function. 

The input, activation and output functions of a neuron can usually be combined into 

one function, called the transfer function [16]. To understand the transfer function, it 

is useful to consider these three functions separately. The input function performs a 

summation of the multiplication of inputs with the corresponding weights. It is an 

additive function that essentially obtains the summed input for each neuron by 

multiplying the output of every neuron connected to it by the associated synaptic 

weight for each connection and then summing the result. The net input to the jth unit, 

netJ, can be written as [17]: 
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Equation 1 

where, index i denotes the number of input neurons 

The output from the input function forms the input for the activation function. The 

activation function is a non-linear function that, when applied to the net input of a 

neuron, determines the output of that neuron [18]. The activation function can be any 

function that is monotonically increasing and differentiable [19]. The values that the 

activation function can output is generally limited to either the range 0 to 1 or -1 to 1, 

depending on the activation function used. Early neural models used a simple 

threshold function, or step function, as the activation function. This particular type of 

activation function allowed a 1 to be output from the neuron if the weighted sum of 

the inputs exceeded the threshold, otherwise the output is 0. The threshold function is 

shown graphically in Figure 2 (a). 

More recently the threshold function has been replaced by a more general non-linear 

sigmoid function, also called the logistic function [20]. A sigmoid function may be 

loosely defined as a continuous, real-valued function whose derivative is always 

positive, and whose range is bounded [18]. The logistic function is written as [21]: 

1 
f(net) = 1 + exp(-net) 

Equation 2 

A graphical representation of the logistic function, shown in Figure 2 (b ), highlights 

the bounded range of the function, 0 to 1. 
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Figure 2. (a). Threshold Function, and (b).Logistic Function 
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(b) 

An advantage of this particular type of function is that its derivative, which will later 

be shown to be a significant aspect of neural computation, is easily calculated. In fact 

the derivative of the logistic function, f(net), is written as [22]: 

f (net)= f(net) * (1 - f(net)) 

Equation 3 

The third component of the transfer function, the output function, is usually chosen to 

be equal to the output of the activation function, i.e. the output of the neuron will be 

the same as the activation [16]. Hence, the logistic function shown in Figure 2 (b) 

then represents the neuron transfer function with the horizontal axis representing the 

weighted summed input and the vertical axis representing the neuron output. 

One of the simplest forms of a neural network is the perceptron, developed by Frank 

Rosenblatt in the early 1960s. The perceptron is a pattern classification system that 

recognises abstract and geometric patterns from optical input patterns, despite noise in 

the input [23]. The computation that takes place in the processing neurons of the 

perceptron is based on a simple principle. The neuron computes the weighted sum of 

the input signals and compares that net weighted input to a threshold value, T [24]. If 

the net input is greater than or equal to the threshold, the neuron outputs + 1, if not, it 

outputs -1 [24]. Hence, the transfer function used in the hidden and output layer 

neurons of the perceptron is written as [24]: 
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n 
I= _Lw,.x, 

1=1 

Equation 4 

y = (+ 1, ifl 2 T) 
-1, ifl < T 

where, I = net weighted input to the neuron, 

w1 =component of weight vector, 

x1 = component of input vector, and 

y = output of the neuron 
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Rosenblatt introduced a training algorithm for the perceptron that provided the first 

procedure that could be used to allow a network to learn a task [24]. This training 

algorithm was used for changing weights in the network using the formula [24]: 

Wnew =Wold+ P Y X 

Equation 5 

_ (+ 1, if the perceptrons answer is correct ) 
where, p - 1 "f h . - , 1 t e perceptrons answer 1s wrong 

y = the perceptron' s answer, 

w =weight vector, and 

x = input vector 

Frank Rosenblatt and other researchers were able to demonstrate mathematically that 

the perceptron training algorithm can always solve any linearly separable problem in a 

finite number of steps [16]. The perceptron learning rule convergence theorem states 

that if weights exist to allow the network to respond correctly to all training patterns, 

then the rule's procedure for adjusting the weights will find values such that the 

network responds correctly to all training patterns, i.e. the network solves the pattern 

or learns the classification [25]. However, the perceptron never became a viable 

application system due to certain limitations associated with its ability. Nevertheless, 

the development of the perceptron laid some important groundwork and inspiration 
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for other researchers to further develop neural networks to the stage they are today 

and therefore is seen as a historical landmark in the field of neural systems [26]. 

If we conceive each neuron in an artificial neural network as a primitive function 

capable of transforming its input to a precisely defined output, then artificial neural 

networks are nothing more but networks of primitive functions [27]. Artificial neural 

networks are used in many cases as a 'black box'. While it is desired that a certain 

input produce a particular output, how the network achieves the particular output is 

left to a self-organising process. In general, a neural network is used to map an n

dimensional real input (x1, x2, ..... , Xn) to an m-dimensional real output (y1, y2, ..... , 

Ym). 

Neural networks are trained for particular applications such that they learn to solve 

associated problems, they are not programmed to do so. Hence, 'training' is 

fundamental to all neural networks and is the process of modifying the network 

interconnection weights. Successful training results in a real number being assigned to 

every interconnect~on in the network such that every interconnection has a unique 

associated weight and the performance accuracy of the network is maximum. By 

varying the weights associated with each input, the neural network can, in conjunction 

with the transfer function, implement any transformation between its inputs and 

outputs [28]. However, these weights need to be computed for each particular 

application and, because it is not usually possible to compute them directly, this is 

achieved by the repetitive, and often time-consuming, process called 'neural network 

training' [28]. Algorithms for varying these connection strengths or weights such that 

learning ensues are called 'learning rules' [29]. The specific algorithms used for 

learning are dependent largely on the particular network model being considered, 

hence, the respective algorithms applicable to the present study are discussed in 

relation to the network that they apply in later sections. Learning methods for neural 

networks may be broadly grouped as supervised and unsupervised, with a great many 

paradigms implementing each method [30]. Prior to discussing these two particular 

training techniques, however, it is useful to consider a taxonomy of neural networks, 

as shown in Figure 3. Neural networks, in addition to being classified by their training 

technique, either supervised or unsupervised, are classified as either feedforward or 

recurrent networks, as the respective categories reflect the processing behaviour of the 
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network [26]. Hence, a discussion of the difference between feedforward and 

recurrent network models is required followed by a discussion of the training 

techniques. 

Neural Network Models 

Feedforward Recurrent 

-------------- ~ SupeMsed UnsupeMsed Superv1sed UnsupeMsed 
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Figure 3. A Taxonomy of Neural Network Models [31] 

2. 1. 1 Feedforward Networks 
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In a feedforward network, input activity signals propagate in one direction only, from 

the input stage through intermediate neurons to an output stage. The basic 

feedforward network contains three distinct layer types; input, hidden and output. 

This type of neural network has one input layer, one output layer, and any number of 

hidden layers in between [32,33]. The basic architecture of a feedforward network is 

shown in Figure 4 with the main features labelled. 

Input 
(x,) ---<> 

Input 
Layer 

Hidden 
Layer 

Output 
Layer 

Output 
(out1) 

Output 
(out,) 

Output 
(ou~) 

Figure 4. Basic Structure of a Multi-Layer Feedforward Network [20] 
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Each layer in the network contains neurons that receive any number of inputs, process 

those inputs and send a single output to other neurons in the subsequent layer. The 

neurons in the input layer receive information from a knowledge base while the 

output layer neurons send information to the surrounding environment. The neurons 

in the hidden layer are the processing units of the network. 

2. 1.2 Recurrent Networks 

A recurrent neural network distinguishes itself from a feedforward neural network in 

that it has at least one feedback loop [34]. For example, a recurrent network may 

consist of a single layer of neurons with each neuron feeding its output signal back to 

the inputs of all the other neurons, as illustrated in the architectural graph of Figure 5. 

Hence, due to the existence of feedback connections among neurons, a recurrent 

neural network exhibits dynamic behaviour. That is, given the initial state, the state of 

a recurrent neural network evolves as time elapses. If the recurrent neural network is 

stable, a state of equilibrium can eventually be reached [35]. Recurrent neural 

networks are usually used for storing information as associative memories and solving 

computationally intensive problems. A classic example of a recurrent network that 

learns through supervised training is the Hopfield network, introduced by John 

Hopfield [36,37]. 

Umt-Delay 
Operators 

Figure 5. Recurrent Network with Feedback Loop [34] 
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2. 1.3 Supervised Training 

During supervised training a neural network adjusts its weight vector in the direction 

of minimising the error between its outputs and the targets to be learned [38]. 

Supervised training involves a teacher providing input patterns to the network that are 

expected to be encountered during operation and an associated output pattern that the 

network is expected to produce when it receives the particular input pattern. An 

iterative process is used in conjunction with this style of learning such that the 

network adjusts its weights continually until the error between the network output 

prediction and the target output is minimum. Once the minimum error is achieved the 

network weights remain unchanged and the process has converged. The process of 

updating the network weights once is referred to as an 'epoch' and the number of 

input-output patterns used for the training set is referred to as the 'epoch size'. Some 

researchers use an epoch size of one, meaning that the weights are updated after each 

training case is presented, however, it is usually preferred to use the entire training set 

for each epoch as this favours stability in convergence to the optimal weights [18]. A 

distinct form of supervised training is reinforcement learning where the only feedback 

is whether each output is correct or not [39l Reinforcement learning is a form of 

supervised learning because the network receives some feedback from its 

environment. However, the feedback is only evaluative, not instructive. The 

reinforcement signal is a single yes or no, it gives no hint as to what the right answer 

should be. Networks that can be trained using reinforcement learning can be either 

feedforward or recurrent. 

2. 1.4 Unsupervised Training 

Unsupervised training differs from supervised training in that it only requires input 

vectors to train the network. During unsupervised training, network weights are 

adjusted so that similar inputs produce similar outputs [30]. For unsupervised training, 

the only available information is in the correlation's of input data or signals. The 

network is expected to create categories from these correlation's, and to produce 

output signals corresponding to the input category [20]. The system searches for 

similar features in the training inputs to group them into categories where the numbers 
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of a single category share common features [ 40]. Unsupervised learning algorithms 

use patterns that are typically redundant raw data having no labels regarding their 

class membership, or associations, and in this mode of learning, the network must 

discover for itself any possibly existing patterns, regularities or separating properties 

[ 41]. In discovering these the network undergoes changes in its parameters, hence the 

name self-organisation is often associated with these particular network models [42]. 

In addition to being either feedforward or recurrent, and the technique adopted to train 

the network, there are many properties and characteristics that distinguish one neural 

network from another. Moreover, an artificial neural network is generally defined by 

[43]: 

the network properties 

• network topology 

• types of connections 

• order of connections 

• weight range 

the node properties 

• activation range 

• transfer functions 

the system dynamics 

• weight initialisation scheme 

• activation-calculating formula 

• learning rule 

It is convenient to visualise neurons as arranged in layers, where typically, neurons in 

the same layer behave in the same manner [25]. That is, the factors that determine the 

behaviour of the neuron, namely its activation function and the pattern of weighted 

connections over which it sends and receives signals, are the same within each layer. 

The arrangement of neurons into layers and the connection patterns within and 
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between layers defines the network architecture, which is commonly either single

layer or multi-layer. Typically, the input layer of neurons is not included in the 

determination of the network layer size as the input layer performs no computation. It 

simply passes forward the input pattern presented to the network to neurons in the 

subsequent layer. Hence, a single-layer network consists only of an input and output 

layer while a multi-layer network has in addition any number of hidden layers 

between the input and output layers. It should be noted that as the input layer is not 

included when describing the network layer size, a network with N layers is denoted 

as an N-1 layer network. 

2. 1.5 Important Characteristics of Neural Networks 

Some of the major characteristics of neural networks that make them potentially so 

useful are listed below [16]. 

A neural network is composed of a number of very simple processing elements, or 

'neurons', that communicate through a rich set of interconnections with variable 

weights or strengths. 

• Memories are stored or represented in a neural network in the pattern of 

variable interconnection weights among the neurons. Information is processed 

by a spreading, constantly changing pattern of activity distributed across many 

neurons. 

• A neural network is taught or trained rather than programmed. It is even 

possible to construct systems capable of independent or autonomous learning; 

some neural networks are capable of learning by trial and error. 

• Instead of having a separate memory and controller, plus a stored external 

program that dictates the operation of a system as in a digital computer, the 

operation of a neural network is implicitly controlled by three properties: the 

transfer function of the neurons, the details of the structure of the connections 

among the neurons, and the learning law the system follows. 

• A neural network naturally acts as an associative memory. That is, it 

inherently associates items it is taught, physically grouping similar items 

together in its structure. - A neural network operated as a memory is content 
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addressable; it can retrieve stored information from incomplete, n01sy, or 

partially incorrect input cues. 

• A neural network is able to generalise; it can learn the characteristics of a 

general category of objects based on a series of specific examples from that 

category. 

• A neural network is highly fault tolerant. A neural network keeps working 

even after a significant fraction of its neurons and interconnections have 

become defective. Its performance degrades slowly and smoothly as neurons 

and interconnections fail. 

• A neural network innately acts as a processor for time-dependent spatial 

patterns, or spatiotemporal patterns. 

• A neural network can be self-organising. Some neural networks can be made 

to generalise from data patterns used in training without being provided with 

specific instructions on exactly what to learn. 

The listing of characteristics given here is useful to summarise the basic functions of 

neural networks and highlight some of the desirable features that are making neural 

networks popular for a growing range of applications. Each of the characteristics 

listed play an important role in the overall performance of neural networks and will be 

considered in detail as they apply in following sections. 

2.1.6 Some Considerations for Improving and Evaluating Network 

Performance 

There are many important considerations when designing the neural network training 

data and architecture. In order to achieve optimum performance from the network 

there are some decisions to be made in regard to the data that is used to train the 

network and the preparation of that data as well as the particular network architecture 

to use. In addition, testing of the network after successful training is necessary to 

evaluate and assess the network performance. 
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2. 1. 7 Design of Network Training Data 

In designing the training data for neural networks there are a number of important 

considerations for developing a satisfactory training set. The performance of a 

network depends heavily upon the vectors used to train it [30]. One of the most 

significant considerations is selecting the size of the training set. If the neural network 

is going to be effective at its ultimate task, the training set must be complete enough 

to satisfy two goals [18]: 

Every variable in the training data set must be adequately represented. Usually, the 

training data will consist of several possible subgroups, each having its own central 

tendency toward a particular pattern. All of these patterns must be represented 

sufficiently. 

Within each class, statistical variation must be adequately represented. It is the 

presence of random noise imposed onto pure patterns that makes most neural network 

applications necessary. The training set must be designed to insure that an adequate 

variety of noise effects are included. 

2.1.8 Normalising Network Input 

Neural network performance can often be improved if the data set is modified by 

removing insignificant characteristics. The important aspects of the training data are 

often independent of the value of offsets and standard deviations, these may merely 

obscure the issue and complicate the network's task [30]. Hence, scaling the network 

input, or normalising, is one such method of removing insignificant characteristics 

from the training set by scaling the magnitude of each input vector component 

between some predetermined limits. Uniform scaling of the input data results in the 

individual components of the input vector being recognised by the network to be of 

equal magnitude. Consequently, the network is not bias towards components in the 

input vector that are of a higher magnitude. Furthermore, normalisation of target 

output data used for training the network is recommended as most training algorithms 

minimise the total error of all outputs. If target output variables are unequally scaled, 
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those with larger variability's will be favoured as they will dominate the error sum 

[18]. 

Normalisation of target output data is mandatory when the output of the network is 

bounded due to the particular activation function used. One specific example of this is 

the sigmoidal function whose output has been shown to be limited to the range 0 to 1. 

For this particular function the output target values that the network is learning from 

must also be scaled to the bounded range to allow the network to learn the data. A 

common method of scaling, or normalising, data between the range 0 to 1 for a 

particular set of values of any magnitude is by the formula: 

Equation 6 

where, norm(x1) =normalised ith value in a set ofj values, 

x1 =original ith value in a set ofj values, 

min(x1) =original minimum value in a set ofj values, and 

max(x1) = original maximum value in a set of j values 

Through use of this method the data is scaled over the range 0 to 1 such that when x1 

equals min(x1), norm(x1) equals 0, and when x1 equals max(x1), norm(x1) equals 1. 

Consequently, the remainder of x, values between min(x1) and max(x1) are scaled 

uniformly between the bounded range 0 to 1. 

2.1.9 Network Testing and Performance 

While the training set is used to train the network, the test set is used to assess the 

performance of the network after training is complete [50]. For neural learning to be 

successful, it is essential for the system to perform correct classification of test 

samples on which the system has not been trained [45]. When training is complete it 

is interesting to try patterns not in the training set to see whether the network can 

successfully generalise what it has learned [20]. Generalisation in neural networks 

may be viewed as multi-dimensional interpolation [30]. To understand this, it is useful 
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to consider a one dimensional input vector. For a given set of samples in the training 

set the individual values form some underlying, or unknown, curve. After training is 

complete the presentation of an input vector not included in the training set will 

require the network to generalise. In neural network generalisation the network will 

interpolate between points at the extremes of the input vector group so that given an 

intermediate value, x, the network can determine output values, y = f(x), that lie on the 

unknown curve [ 44]. 

2.1.10 Selecting Network Architecture for Optimum Performance 

One of the most important attributes of layered neural network design is choosing the 

network architecture [ 41]. The network architecture is a very important consideration 

for the optimal trainability and generalisation ability [45]. For feedforward network 

models this decision involves the selection of how many hidden layers are necessary 

and how many neurons are required within each hidden layer. Generally, the number 

of neurons in the input layer is equal to the dimension of the input vector to be 

classified, generalised or associated with a certain output quantity. Similarly, the 

number of neurons in the output layer is equal to the number of required outputs. For 

example, the number of required outputs could be the number of possible 

classifications for a given set of inputs or the number of parameters to be predicted by 

a network. 

However, the decision of how many hidden layers and hidden layer neurons is more 

complex. For feedforward networks, it has been proven that there is no theoretical 

reason to ever use more than two hidden layers [ 49] and for the vast majority of 

practical problems it is rarely necessary to use more than one hidden layer [30]. The 

use of two hidden layers is usually only necessary in practice when the network must 

learn a function that has discontinuity's [46]. The decision of how many hidden layers 

to use is quite critical as the use of a second unnecessary hidden layer can 

dramatically slow network training. This is due to two effects [ 46]: 

• The additional layer through which errors must be back propagated makes the 

gradient more unstable. The success of any gradient-directed optimisation 
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algorithm is dependent on the degree to which the gradient remains unchanged 

as the parameters change. 

• The number of false minima usually increase dramatically, meaning that there 

is a higher probability that after many time-consuming iterations, the network 

will be stuck in a local minima, resulting in the need to restart training. 

It is strongly recommended that one hidden layer be the first choice for any practical 

feedforward network design and if using a large number of hidden layer neurons does 

not satisfactorily solve the problem, then it may be worth trying a second hidden layer 

and possibly reducing the total number of hidden layer neurons [ 46]. 

Choosing an appropriate number of hidden layer neurons is extremely important as 

using too few will starve the network of the resources it needs to solve the problem, 

while using too many will increase the training time and may cause a problem known 

as over fitting [30]. Over fitting is illustrated in Figure 6 with a curve fitted to a 

number of points. In Figure 6 (a) a good fit to the training data set is demonstrated, 

while in Figure 6 (b) over fitting has occurred, as may be the case if too many hidden 

layer neurons are used. The circle in the figure represents a test set that the network 

may encounter. For a good fit, reflecting only a minimum number of hidden layer 

neurons interpolation is reasonable, however, for over fitting, reflecting the use of too 

many hidden layer neurons, interpolation is poor. 

(a) (b) 

Figure 6. (a). A Good Fit to Noisy Data, and (b).Over fitting of the Same data [20] 
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A guideline for selecting the optimum number of hidden layer neurons is to use as 

few as possible to obtain a satisfactory solution. A common method for determining 

the minimum number of hidden layer neurons required is to compare the root-mean

square error (Equation 7) of the network for a range of neurons. The minimum 

number of neurons that can be used without increasing the associated network error 

represents the number of neurons that should be used [26]. 

RMS error= 

Equation 7 

where, p = number of data patterns, 

k = number of output neurons, 

akp= output value produced by output neuron k after presentation of pattern p, 

tkp = target output for output neuron k after presentation of pattern p, 

np = number of patterns in the data set, and 

nk = number of neurons in the output layer 

2.2 Particular Models of the Neural Network Paradigm 

In this section the specific details of the particular network models that were studied 

and applied as a part of this research project are given. For each of the models the 

associated architecture, algorithms and particularities of the network type are 

provided. The particular models selected in this instance are: 

• Multi-layer Perceptron network (using Backpropagation learning algorithm) 

• Radial basis function network 

The particular models listed are recurrent type networks that learn using a supervised 

training technique. The radial basis function were selected in order to provide a 

comparison with the more popular multi-layer perceptron model. 
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2.2. 1 Multi Layer Perceptron Networks 

The Multi Layer Perceptron Neural Model is the most widely used of the neural 

network paradigms and has been applied successfully in a broad range of areas 

[26,47]. This algorithm has reawakened the scientific and engineering community to 

the modelling of many quantitative phenomena using neural networks [ 48]. It uses a 

supervised mode of training [3 8]. 

The architecture of the MLP network, as shown, consists of an input layer, one or 

more hidden layers, and an output layer. There exist i input nodes,j hidden nodes and 

k output nodes. All input nodes are connected to all hidden nodes through weighting 

connections, w11, and all hidden nodes are connected to all output nodes through 

weighted connections, WkJ· 

Input 
Layer 

Hidden 
Layer 

Output 
Layer 

Y2 

Figure 7. Basic Structure of a Multi-layer Perceptron Network [20] 

The sole function of the input neurons is to pass forward input patterns to neurons in 

the hidden layer. In this type of feedfoward network there are no connections leading 

from a unit to units in a previous layer, nor to other units in the same layer, nor to 

units more than one layer ahead [20]. In this arrangement, each layer only 

communicates with the immediate next layer thus three specific functions are 

performed. These are an input function, activation function and an output function. 

The input function basically performs a summation and weighting of the inputs. This 

is a linear function and is given by: 
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Netj = Lj X1WJ1 

Equation 8 

where, netJ =weighted summed input to neuronj, 

x1 = input i to neuron j, and 

wJ1 = weight connecting input neuron i to hidden layer neuron j, 
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A non-linear sigmoidal function is the most commonly used activation function and is 

given by, 

1 
f(net ) = ----

1 1 + exp(-net
1

) 

Equation 9 

The purpose of the output function is to pass forward the linear output of the 

activation function. 

The Multi-Layer Perceptron procedure is a two step process [49]. Initially, the input 

pattern is presented to the network. This generates a forward flow of activation from 

the input to the output layer. Secondly, error in the output generates a flow of 

information from the output layer backward into the input layer [16]. The error MLP 

procedure uses a gradient descent method which adjusts the weight in its original and 

simplest form by an amount proportional to the partial derivative of the error function 

with respect to the given weight [31]. After the forward propagation of the pattern is 

complete, the error associated with a given input pattern is determined. The output is 

compared with the target value presented and the error associated with this pattern is 

then used to update the weights for all interconnections from the hidden layer to the 

output layer. 

Similarly, an error value is calculated for all neurons in the hidden layer immediately 

prior to the output and subsequently, all weights are updated for the interconnections 

that form inputs to this hidden layer [50]. This process is completed until the last layer 

of weights have been adjusted. The error value, 8, is simple to compute for the output 

layer and somewhat more complicated for the input layers [50]. Consider firstly the 

output layer, the error value, Ok, is calculated as follows [50]; 
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8k = (tk -ak)J'(netJ 

Equation 10 

where, tk = target value for unit k, 

ak = output value for unit k 

f(x) =derivative of the signmoid function, and 

netJ = weighted sum of inputs to the hidden layer neuron j. 

Page 31 

Hence, the quantity (tj - aj) represents the difference between the target output and the 

network prediction while the derivative of the sigmoid function is used to scale the 

error. For the commonly used sigmoid function, the maximum value of the derivative 

corresponds to the point of maximum slope on the function curve [50]. In order to 

highlight this important relationship, it is useful to reproduce a graph of the logistic 

function, along with a graph of the derivative of this function. This is shown in Figure 

8. It can be seen that by including the derivative term in the error value calculation the 

error is scaled to make a larger correction when the weighted sum of the inputs is 

small, close to zero, and a smaller correction when the weighted sum of the inputs is 

large [50]. 

02 
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08 
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01 
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02 

·2 0 2 4 6 
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(a) (b) 

Figure 8. Graphical Representation of (a). Logistic Function, and (b). Derivative of 

Logistic Function 

For hidden layer neurons, the associated input and output weighted connections are 

shown in Figure 9 to illustrate the weights that are to be considered in the weight 

update for hidden layer neurons. 
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Figure 9. Hidden Layer Processing Neuron [50] 
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For neuron j in the hidden layer the error value calculation considers the weighted 

sum of the 8 values of all neurons that receive output from neuron}. Hence, the error 

value calculation for the hidden layer is written as [50]. 

s, ~ [ ~;,><w• ]r(ne~) 
Equation 11 

where, Wk1 = weight connection to neuron k from neuron j 

The weight adjustment for the interconnections of the output and hidden layer neurons 

is now calculated using the respective 8 values. Therefore, each interconnection 

weight is adjusted by considering the 8 value of the neuron that receives input from 

that interconnection. Hence, the interconnection weight adjustment is written as [50]: 

~wJ• = TJ Oj ai 

Equation 12 

where, Wj1 = weight connection to neuron j from neuron i, and 

TJ = learning rate constant, 0 < TJ < 1 

It can be seen from Equation 12 that updating of interconnection weights is primarily 

based on three parameters, TJ, 8J and a1• As ~wJ1 is proportional to Oj then it follows that 

a large error value from neuron j will result in a large adjustment to its incoming 

weights. Similarly, large output values, a1, will result in larger weight adjustments. 
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The learning rate, 11, in the weight adjustment equation is selected to reflect the 

desired convergence speed of the neural network. However, very large values of 11 

lead to instability in the network and unsatisfactory learning while very small values 

of 11 give rise to an excessively slow learning rate. Sometimes the learning rate is 

varied in an attempt to produce a more efficient learning rate for the network; for 

example, allowing the value of 11 to begin at a high value and to decrease during the 

learning session can sometimes produce better learning performance [50]. 

One of the most popular ways to improve the convergence of the weight update is the 

introduction of a momentum term. The weight adjustment at each iteration is shown 

in the following equation and is referred to as the 'generalised delta rule' [ 51]: 

Equation 13 

where, a = momentum term constant, 0 s a < 1 

~ w/ = weight update at iteration k 

~w/-1 =weight update at iteration (k-1) 

Through addition of the momentum term a portion of the weight update is not applied 

until the following iteration, resulting in dampening of oscillations in weight changes 

and improved convergence [52]. 

The weights of the network to be trained are typically initialised at small random 

values [41]. A well-known initialisation heuristic for a feedforward network with 

sigmoidal units is to select its weights with uniform probability from an interval (-a, 

a) [27]. A common procedure is to initialise weights to random values between -0.5 

and 0.5, or between -1 and 1, or some other suitable interval [25]. Weight 

initialisation is an important procedure as it has substantial influence over network 

convergence. If all weights start out with equal values, and if the solution requires that 

unequal weight values be developed, the network may not train properly. Unless 

random factors, or the random character of input patterns during training, disturb the 

network, the internal representation may continuously result in symmetric weights. In 

particular, because the network weight update procedure incorporates the difference 
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between a neuron output and the target output, if each neuron output within the 

network is the same value, due to equal valued weights, each weight change within 

the network will be identical and hence, the network weights will never differ. This is 

not desirable however, as most applications require uneven weights within the 

network, hence, a network with even weights will not produce accurate results [31]. 

The training procedure for a multi-layer perceptron network is written as follows [31]: 

Step 1. Initialise the weights of the network at small random values. 

Step 2. Start the learning cycle by exposing the network to a certain input pattern 

paired with the desired output. 

Step 3. Compute the network's output, Equation 8 and Equation 9, and compare it 

with the desired output so that the error can be calculated, Equation 10 and Equation 

11 for the output and hidden layers, respectively. 

Step 4. Adjust the weights of the network using the error multi-layer perceptron 

algorithm 

so that a certain amount of the detected error is removed, Equation 12. 

Step 5. Repeat Steps 2 to 4 with all the input patterns and their correspondent desired 

outputs (training examples). Compute the cumulative error. 

Step 6. If the cumulative error is within a tolerable range, terminate the training 

process, otherwise, go back to Step 2. 

2.3.3 Radial Basis Function Network 

Neural networks based on localised basis functions and iterative function 

approximation are usually referred to as radial basis function, RBF, networks [35]. An 

RBF network is a type of feedforward neural network that learns using a supervised 

training technique. Broomhead and Lowe [53] were the first to exploit the use of 

radial basis functions in the design of neural networks. Other major contributions to 

the theory, design and application of RBF networks include work by Moody and 

Darkin [54], Renals [55] and Poggio and Gorosi [56]. Radial functions are a special 

class of function, their characteristic feature is that their response decreases, or 

increases, monotonically with distance from a central point [57]. The centre, the 
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distance scale and the precise shape of the radial function are parameters of the model 

[57]. It has been shown that RBF networks are able to approximate any reasonable 

continuous function mapping arbitrarily well [54, 55, 56,] and with the best 

approximation property [58]. 

The architecture of a RBF network, in its most basic form, is comprised of three 

different layers; an input layer, a hidden layer and an output layer, as shown in Figure 

10. There is also typically a bias unit on each output node. The primary adjustable 

parameters are the final layer weights, WkJ, connecting the kth output node to the jth 

hidden layer node [59]. There are also weights connecting the input nodes to the 

hidden layer nodes. All hidden layer nodes are connected to all input nodes and all 

output nodes. However, there are no connections between non-adjacent layers. 

Xm 

Input Layer Hidden Layer Output Layer 

Figure 10. Basic Architecture of a Radial Basis Function Network [60] 

The function of the input layer is to simply pass forward to all hidden layer neurons 

the activation patterns applied to the network, hence, it is a linear process. In addition, 

the purpose of the output layer is to supply the response of the network to the 

activation patterns applied to the input layer, commonly using a linear function. 

Generally, a linear weighted summation of the following form is used [61]: 
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Equation 14 

where, h1 = output of hidden layer, and 

Wi = output layer weight 
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The number of input and output nodes are determined by, and equal to, the number of 

input and output variables respectively in the process to be modelled. That is, the 

number of input and output nodes are equal to the dimensionality of the input and 

output vectors respectively. However, the hidden layer neurons perform a non-linear 

computation and the determination of the number of hidden layer neurons is more 

complex. 

The activation function used in the hidden layer neurons of RBF networks is non

linear, and typically, the Gaussian function is used. This function is of an exponential 

form, as shown in the following equation [30]: 

h _ [ ( X - U1) T ( X - U1)] 
n - exp - 2 

2(), 

Equation 15 

where, hn = output of hidden layer neuron n, 

x =input vector, 

u1 = weight vector of hidden layer neuron n, 

T = indicates the vector transpose, and 

cr1 =specifies diameter of receptive field of hidden layer neuron n 

The shape of the Gaussian function is shown in Figure 11, for u = 0 and cr = 1. It can 

be seen that the function monotonically decreases with distance from the central 

point. 
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Figure 11. Shape of the Gaussian Function using u = 0 and cr = 1 

An RBF network has two distinct operating modes, namely, training and reference. 

During training, the adjustable parameters of the network, u" cr" and the output layer 

weight matrix, W, are set so as to minimise the average error between the actual 

network output and the desired output over the vectors in the training set. Similarly to 

multi-layer perceptron, training in an RBF network involves the reduction of an error. 

Hence, RMS error, is a useful measure of how well the network has learned the 

training data. In the reference phase, input vectors are applied and output vectors are 

produced by the network [ 61]. 

Training an RBF network involves assigning values for the function centres, u, and 

the width of the receptive field, cr, for each hidden layer neuron. The location of the 

centres of the receptive fields is a critical issue and there are many alternatives for 

their determination [61]. One option is to have a centre and corresponding hidden 

layer neuron for each input vector in the training set. However, this can lead to large 

number of hidden layer neurons, and as a result, computation time is substantially 

lengthy. An alternative is to locate a hidden layer neuron for a particular cluster of 

input vectors, significantly reducing the number of hidden layer neurons required and 

the associated computation time. There are many unsupervised clustering techniques 

that can be employed to position the centres of the RBF network, and adapt the 

parameters corresponding to the first layer of the network [60]. Alternatively, in an 

effort to reduce the number of function centres, the easiest and least computational 

intensive method is that of random selection; selecting m data points randomly from 

the n training data, m =:::; n, and using the m data points as function centres [62]. This 
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method assumes that if the n training data patterns form a representative data set, then 

the randomly selected m data points should also be reasonably representative. 

However, if the m data points are not representative then the network gives poor 

approximation, as the function centres do not cover the input range. In choosing the 

number of basis functions to use, a cross validation technique can be adopted. This 

involves producing a graph of associated training and test set errors with increasing 

basis functions, Figure 12. When the error becomes constant, that is, the slope of the 

graph becomes and remains horizontal with increasing basis functions, the minimum 

number of basis functions to use is the point where the slope of the graph starts to 

become horizontal. Considering Figure 12, the optimum number of function centres to 

use would be 30, as RMS error does not decrease for increasing function centres 

beyond 30. 
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Figure 12. Illustrative Graph of RMS Error Behaviour with Increasing Number of 

Function Centers 

Alternatively, clustering techniques, such as using a Kohonen or similar type network 

to cluster the training patterns suitably, can be adopted to reduce the required number 

of function centres [26] . 

The diameter of the receptive field, cr, can have a profound effect upon the accuracy 

of the system. For hidden layer neurons whose centres are widely separated from 

others, cr must be large enough to cover the gap, whereas, those in the centre of a 

cluster must have a small cr if the shape of the cluster is to be represented accurately 
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[ 61]. In effect, the standard deviation of all the Gaussian radial basis functions is fixed 

at [61]: 

d 
cr=--

-J2M 

Equation 16 

where, d = maximum distance between chosen centres, and 

M = number of centres 

The weight matrix, W, is optimised usmg a supervised training technique, the 

generalised delta rule specified for the multi-layer perceptron network in the previous 

section is applicable. Hence, a training set, comprising input vectors and 

corresponding output vectors, is required for training an RBF network. In RBF 

network models, the network architecture is determined by the number of nodes in 

each layer and the location of the function centres [62]. 

Since the weighting function of the basis function is radially symmetrical, it is usually 

desirable to normalise the training and test data sets so that each dimension has the 

same variance [30]. The technique given previously for normalising, or scaling, the 

data, is applicable. This procedure yields a bounded range of 0 to 1 for the inputs, 

hence removing any differences in magnitude present among the elements of the input 

vector. 

The training procedure for a radial basis function network is written as follows [31]: 

Step 1. Use a suitable clustering technique to set the input-to-hidden layer weights of 

the network to represent sufficiently the training patterns. 

Initialise the hidden-to-output layer weights of the network at small random values. 

Step 2. Start the learning cycle by exposing the network to a certain input pattern 

paired with the desired output. 

Step 3. Compute the network's output, Equation 14 and Equation 15, and compare it 

with the desired output so that the error can be calculated. 

Step 4. Adjust the hidden-to-output layer weights only of the network using the error 
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multi-layer perceptron algorithm so that a certain amount of the detected error is 

removed, Equation 12, or Equation 13 if a momentum term is used. The input-to

hidden layer weights remain unchanged from their initial values. 

Step 5. Repeat Steps 2 to 4 with all the input patterns and their correspondent desired 

outputs (training examples). Compute the cumulative error. 

Step 6. If the cumulative error is within a tolerable range, terminate the training 

process, otherwise, go back to Step 2. 

2.3 Concluding Remarks 

An extensive overview of the need for Artificial Intelligence along with an overview 

of the algorithms and training procedures for the neural networks relevant to this 

study have been provided. Having established the basic theory, the following section 

will deal with specific applications to engine performance. This section initially 

defines engine basics and efficiencies, followed by conventional control techniques 

and their drawbacks. Subsequent to this groundwork, the application of neural 

networks to the engine control and analysis problem 1s presented. 
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Chapter 3: Internal Combustion Engine 

Basics and Applied Control 
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3.0 Introduction 

Having surveyed the basic Neural Network models, this section presents an overview 

of the Internal Combustion (IC) Engine design basics and the standard equations used 

to analyse IC engine efficiencies. Subsequent to this, the conventional control system 

approach is presented, followed by the neural network approach. The aim is to 

highlight the advantage of process parameter definition using neural networks over 

conventional control systems. Both procedures must be analysed to set the 

background for this. 

3.1 Engine Basics 

Nicholas A Otto (1832 -1891) is recognised as the first person to successfully design 

an IC engine in 1876 when he discovered the theory that provided conditions for high 

engine efficiency. His points were: 

• There should exist a high volume to surface area ratio. 

• Maximum expansion of the gases should be achieved. 

• The highest possible ignition pressure should occur before ignition. 

These appear as the fundamental issues that the current ignition engine is optimised 

upon. High-speed compression engines were not used for the automotive application 

until the 1920's [63]. 

The major assumption behind the Otto cycle is that the combustion process takes 

place instantaneously at top dead centre (tdc) to give constant volume combustion of 

the fuel. The cycle consists of four-non flow processes as shown in the Figure 13. The 

compression and expansion processes are assumed to be adiabatic (no heat transfer) 

and reversible, thus isentropic [64]. 
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j 
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Figure 13. Pressure Volume Process Diagram. 

In reference to Figure 13, the processes are as follows: 

1-2 Isentropic compression of air through a volume ratio v; , the compression ratio rv. 
Vi 

2-3 Addition of heat Q23 at constant volume. 

3-4 Isentropic expansion of air to the original volume. 

4-1 Rejection of heat Q41 at constant volume to complete the cycle. 

From this, we can define the thermal efficiency of the Otto engine using the 'Air 

Standard Approach'. i.e. The working air fluid is air, which behaves like a perfect gas 

with constant Cv, Cp and therefore y, throughout the working cycle. Thermal 

efficiency can be equated as follows: 

-~-l- mcv(T4 -'.fi) _ 1_ (T4 -'.fi) 
T/0110 - - -

Q2-3 mcv(T3 -T2) (T3 -T2) 

Equation 17 

Using the temperature-volume relation for an isentropic process, we have 

Equation 18 
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Equation 19 
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In reference to Figure 14 and on the basis of the assumptions made, the value of 

thermal efficiency depends on the volume compression ratio, rv, and not the 

temperatures in the cycle. 

3. 1. 1 The Four Stroke Cycle. 

The four-stroke cycle consists of a 360-degree crankshaft rotation which includes four 

strokes of each respective piston. The sequences of events, shown in Figure 15 are the 

same for any four-stroke engine. 
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The induction stroke. The inlet valve is open, and the piston travels down the 

cylinder, drawing in a charge of air. In the case of a spark ignition engine, the fuel is 

mixed with air. 

The compression stroke. Both valves are closed, and the piston travels up the cylinder. 

As the piston approaches tdc, ignition occurs. 

The power stroke. Ignition occurs at tdc increasing temperature and pressure thus 

forcing the piston down. In thermodynamic terms this is the expansion stroke. At the 

end of the power stroke, the exhaust valve opens and the irreversible expansion of the 

gases is termed 'blow down'. 

The exhaust stroke. The exhaust valve remains open and the piston travels up the 

cylinder thus expelling the gasses. After this stroke is complete the exhaust valve 

closes leaving some exhaust gas revenue which dilutes the next charge. 

As the cycle is only completed for two crankshaft revolutions, the camshaft of the 

engine is driven at half engine speed. The camshaft drives the timing of the valves 

opening and closing. The profile of these cams are directly related to the output power 

and torque of an engine. Energy is stored in the flywheel to provide energy for the 

other three strokes and also to assist in the smooth running of the engine. 
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3. 1.2 Compression Ratio and Detonation. 

Compression ratio has a significant influence on an engmes performance. 

Compression ration has two components, static and dynamic [ 65]. In reference to 

Figure 16, the static compression ratio is the volume of the cylinder contents at 

bottom dead centre (bdc) divided by the volume of the combustion chamber. The 

static compression ratio is thus based entirely on the dimensions of the cylinder and 

the combustion chamber. The dynamic compression ratio depends on other factors 

such as ignition and crankshaft timing, as described below. 

BORf 

Figure 16. Diagram Showing Cylinder Definitions 

After the air/fuel mixture is inducted and the piston travels back up the cylinder thus 

compressing the mixture, the spark plug fires. This ignites the mixture but due to the 

very small amount of time available this will occur at around 36 degrees btc for an 

engine running at 3000 rpm. The reason for this is that the spark takes 0.002 seconds 

to ignite the mixture. This is the idea of ignition advance and this advance varies 

significantly with engine rpm. It is expressed in terms of crankshaft rotation degrees. 

The point at which the spark plug should fire is a delicate balance. If the burning 

starts too early, the cylinder pressure can be substantially raised as the mixture is 

being fully ignited before the piston is at tdc thus inertia is pushing the piston upwards 

whilst the force exerted by the ignition is attempting to push the cylinder downwards. 
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This is termed the dynamic compression ratio and the added pressure exerted by the 

upward travelling piston can cause a spontaneous charge thus forcing the piston down 

so hard that it literally shakes in the bore. This phenomenon is called detonation and 

can have devastating effects on the engine. This can be caused by excessive ignition 

advance, high compression ratio, low octane fuel rating or a poor combustion 

chamber shape. 

Head design and combustion chamber shape is vitally important to engine operation 

and efficiency. The main consideration on combustion chamber design are [64]: 

• The distance travelled by the flame front should be minimised. 

• The exhaust valves and spark plugs should be close together. 

• There should be sufficient turbulence. 

• The end gas (combustion products) should be in a cool part of the combustion 

chamber. 

For good fuel economy, all of the fuel should be burned and the quench areas (where 

the flame is extinguished), should be minimised. The combustion chamber should 

have a low surface-to-volume ratio to minimise heat transfer. Generally, the 

combustion chamber size is inversely proportional to the operating speeds. For the 

motorcycle engine used in the presented study, operating speed is very high hence the 

combustion chamber is very small and compact. It is shaped to instigate an even 

'sphere' of burning upon combustion ignition. This is known as a 'Hemispherical 

Combustion Chamber'. This results in the maximum rate of pressure rise. Efficiency 

is reduced if the chamber produces a long flame path that can lead to detonation 

problems. 

3.1.3 Combustion Chamber Sealing 

Piston rings have three main duties [65]. Firstly, they must seal the combustion 

gasses. Secondly, the seals must stop the lubricating oil from entering the combustion 

chamber and finally, they must play a major part in transferring the heat from the 

piston to the cylinder walls and on to the cooling system. The most common ring 
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packing style is three pieces. The top ring seals the pressure whilst the bottom ring 

removes the oil from the bore. The third ring divides its duties between sealing the 

pressure and helping to scrape the oil. The basic concept of ring sealing is shown 

below in Figure 17. 

Combustion \ 
Pressure ~ 

I Seal Face I J 

Figure 17. Ring Seal on Power Stroke. 

3. 1.4 Engine Efficiencies Including Timing and Fuel Octane Rating 

3.1.4.1 Cycle Thermal Efficiencies 

Efficiency is basically the ratio of the results obtained and the effort exerted. Thermal 

efficiency is a measure of how efficiently the conversion of the thermal energy (Q) to 

work occurs. It is a ratio between the net work obtained and the thermal energy 

inputted to the cycle [ 66]. 

Thus in relation to the idealised pressure-volume diagram in Figure 18, we have: 

network r&(T3 - T4 - T2 + T;) 
tr1h = Q = r&(T3 -T2) 
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= 1 - (T4 - 'Fi) 
(T3 -T 2) 

Equation 20 

3.1.4.2 Indicated Mean Effective Pressure 
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The area closed on the pressure-volume diagram from an engine is the indicated work 

(Wi) done by the gas on the piston for the cycle. The indicated mean effective 

pressure (imep) is a measure of the indicated work output per unit swept volume, in a 

form independent of the size and number of cylinders in the engine and engine speed 

[64]. 

The imep is defined as: 

imep(N I m 2) =indicted_ work_ output(Nm) _per_ cylinder_ per_ cycle 
swept_ volume _ per_ cylinder(m 3

) 

Equation 21 

The imep bears no relation to the peak pressure in an engine, but is a characteristic of 

engine type. 

p p 
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~ 
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Figure 18. Indicated Mean Effective Pressure. 

Figure 18 shows an indicator diagram with the shaded area, equal to the net area of 

the indicator diagram. In a four-stroke cycle, the negative work occurring during the 

induction and exhaust process is termed pumping loss, and is subtracted from the 
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positive indicated work of the other two strokes. When an engine is throttled the 

pumping loss increases, thereby reducing the engine efficiency. In Figure 18 b, the 

shaded area has the same volume scale as the indicator diagram a, so the height of the 

shaded area must correspond to the imep. 

3.1.4.3 Brake Mean Effective Pressure 

The work output of an engme, as measured by a brake dynamometer, is more 

important than the indicated work output. These leads to the definition of brake mean 

effective pressure (bmep ). 

bmep(N /m2) =brake_ work _output(Nm)per _cylinder _per _mechanical _cycle 

swept_ volume _per _cylinder(m3
) 

Equation 22 

The bmep is a measure of work output from an engine and not the pressure in an 

engine [64]. 

3.1.4.4 Mechanical Efficiency 

The difference between indicated work and brake work is accounted for by friction 

and the work done in driving essential items such as the lubricating oil pump. 

Frictional mean effective pressure (fmep) is the difference between the imep and 

bmep: 

fmep = imep - bmep 

P1 = P, -pb 

Mechanical efficiency is defined as: 

brake_ power bmep 
17 = indicted_ power = imep 

Equation 23 

3.1.4.5 Volumetric efficiency 
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Volumetric efficiency is the measure of the effectiveness of the induction and exhaust 

process [64]. Though some engines inhale a mixture of fuel and air, it is convenient, 

but arbitrary, to define volumetric efficiency as 

'T/ = mass_ of_ air_ inhailed _per_ cylinder_ per_ cycle 
v mass_ of_ air_ to_ occupy_ swept_ volume_ per_ cylinder_ at_ ambient_ p _and_ T 

Assuming that air obeys 'the gas laws, this can be written as 

volume of ambient density air inhailed per cylinder per cycle 'f/= -- - - - - - - -
v cyliner _swept_ volume 

= 
VN* s 

Equation 24 

where, Va= Volumetric flow rate of air with ambient density, 

V5 =Engine swept volume, and 

N* = (rev/s)/2 for four stroke engines 

The output of an engine is related to its volumetric efficiency. This can be shown by 

considering the mass of fuel burnt (mr), it calorific value (CV), and the brake 

efficiency of the engine. 

Let m = 17vVsPa 
1 AFR 

Equation 25 

Where AFR is the gravimetric air fuel ratio and Pa is the ambient air density. 

As the air-fuel mixture enters the cylinder, it receives heat from the hotter engine 

parts and expands nonadiabatically. As the engine speed increases, volumetric 

efficiency decreases. That is, the engine has more difficulty 'breathing'. The higher 

the engine speeds, the shorter the time for air-fuel mixture to flow into the cylinder, 

therefore lowering the volumetric efficiency. This is one reason why an engine cannot 

continue to increase its speed indefinitely. It finally reaches a speed at which the 

volumetric efficiency is so low that the engine can only produce enough power to 
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overcome the internal losses in the engine. This partially explains the characteristic 

torque curve found in most types of engines (Figure 19). 

There are a number of methods employed to maximise volumetric efficiency. These 

are generally associated with valve timing and reducing constrictions on the in

flowing air-fuel mixture. In addition, as per the manifold used on the engine in this 

study, a modified 'ram-jet' action is employed thereby increasing the amount of air

fuel mixture entering the engine. 

Enginerpm 

Figure 19. Typical Power and Torque Curves 

3.1.4.6 Ignition Timing 

The relationship between ignition timing and compression ratio is one of the 

fundamental issues affecting the performance of an engine (the relationship is also 

substantially effected by combustion chamber shape). 

Although the time allowed for the engine to the bum air/fuel charge decreases as the 

engine speed increases, combustion chamber turbulence has the effect of speeding up 

the burning of the mixture at high speeds. Turbulence is caused by swirling of the 

incoming gasses during the induction process and exhaust the burnt gas. It is generally 

acknowledged that if this turbulence didn't occur, engines wouldn't be able to run at 
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high speeds. The power stroke would occur too quickly to allow full combustion of 

the fuel charge. 

The actual relationship between engine speed and the effect of turbulence can only be 

found by testing. However, turbulence has less effect at lower to mid range engine 

speeds. Therefore, the rate of burning below these speeds requires timing to be 

altered. This is done by advancing the ignition to start the burning process earlier in 

the compression stroke. 

3.1.4.7 Air-Fuel Mixture and Octane rating 

Approximately 15 kg-air/kg petrol is required in order to supply the amount of 

oxygen ideally required to bum the typical fuel completely. The air/fuel ratio has to 

be close to stoichiometric (Chemically correct. Refer Section 4.6.6 Lambda vs. Air 

Fuel Ratio) for satisfactory spark ignition and flame propagation. However, if no 

more than this specific amount is provided, combustion will be incomplete, and there 

will be unburned combustibles in the exhaust plus some unused oxygen. For complete 

combustion, there must exist an excess and thorough mixing of the fuel and air. Thus, 

combustion that is more efficient occurs in general at a percentage excess of air above 

the ideal amount. While this statement is true of spark ignition engines, it applies only 

to a limited increase of the air/fuel ratio. Maximum efficiency is usually obtained 

when the air/fuel ratio is somewhere between 15.3 and 16 kg-air/kg fuel. The 

efficiency drops off rapidly as the air/fuel ratio increases above 18, and the mixture 

becomes so lean that combustion does not occur. In the other extreme, greatest power 

is obtained by using more fuel than can be burned in the air available, air/fuel ratios of 

12 - 13.5 [67]. 

The octane rating of a fuel is a measure of its anti-knock performance. A scale of 0-

100 is devised by assigning a value of zero ton-heptane (a fuel prone to knock), and a 

value of 100 to iso-octane (a fuel resistant to knock). A 95-octane fuel has the 

performance equivalent to that of a mixture of 95% iso-octane and 5% n-heptane by 

volume. The octane requirement of an engine varies with compression ratio, 

geometrical and mechanical considerations, and the engine operating conditions. 
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The attraction to high octane rated fuels is that they enable high compression ratios to 

be used. Higher compression ratios give increased power output and improved 

economy. The octane requirements for a given compression ratio vary widely, but 

typically a compression ratio of 7 .5 requires 85 octane fuel, while a compression ratio 

of 10 would require 100 octane fuel. Yet, there exist wide variations in octane number 

requirements between supposedly identical engines [66]. 

3.2 Modelling of an Internal Combustion Engine for Control 

Analysis 

The internal combustion engine is a non-linear system but ideally, for control analysis 

purposes, it is desirable to have a linear model. Cook & Powell [68] proposed that the 

complete model would contain representations of the throttle body, engine pumping 

phenomena, induction process dynamics, fuel system, engine torque generation and 

rotating inertia. Further gains in performance requirements for the internal 

combustion engine requires modem control theory but the estimation procedures for 

state variables, as well as for model parameters, must be advanced to encourage their 

use in real systems. Limited performance, even of future micro-controllers, restricts 

computational complexity. Increasingly integrated automotive systems are proposed 

to be handled by multi-variable or hierarchical multilevel control approaches [69]. 

The basic throttle body model was developed by assuming a one-dimensional, steady, 

isentropic flow of an ideal gas. The flow mass rate was a non-linear function of 

manifold pressure and throttle angle. The linearised airflow rate sensitivity was the 

partial derivative of the air mass flow rate with respect to the throttle angle in Figure 

20. Refer Figure 21 for linearised model. 
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Figure 20. Schematic Block Diagram of Non-linear Engine System Elements 
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Figure 21. Block Diagram Of Linearised Engine Model [68] 

ROTATIOllAL 
DYNAMICS 

The intake manifold dynamics were developed assummg that the vaporised 

constituents satisfy the equation of state. The principles of conservation of mass and 

thermodynamic energy were applied. To satisfy the conservation of momentum, it 

was assumed that uniform pressure exists in the manifold between the throttle body 

and inlet valves. As described in Section 4.3 .1 Intake Runner Length, this is actually 

not the case due to frequency propagation and the Helmholtz resonator effect. It was 

also assumed that the temperature is constant. After making these assumptions, the 

manifold pressure was described by: 

Equation 26 -

where, ma denotes the flow rate in and M denotes the flow rate out, and 

Kp is a function of the gas constant, gas molecular weight, specific heats, 

manifold volume and nominal assumed manifold temperature. 

Operation of an engine at, or near a particular air-fuel ratio requires management of 

both air and fuel flow into the manifold system [68]. A speed air sensing system was 

based on the calculation of an estimate using volume and mass flow rate 

measurements [70]. This can be represented by 

AM=cPN 

Equation 27 
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where, AM = mass flow rate, 

P = manifold absolute pressure, 

N = engine speed, and 

C =he constant of proportionality. 
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For control of the specific air-fuel ratio, the engine fuel flow rate is proportional to the 

airflow rate [68]. If the air charge is assumed proportional to the engine speed, the 

amount of fuel injected is proportional to the airflow divided by the engine speed. In 

our research car, sequential injection (Refer Section 4.6.3 Sequential Fuel Injection) is 

used thus each cylinder would receive a fuel charge delayed the same amount from 

the time of injection. 

If the engine is treated as a pump, the mass flow rate is equal to the product of engine 

speed, engine displacement and volumetric efficiency. Another example (Refer Figure 

18) of a plot of mass flow rate as a function of manifold pressure and speed is shown 

in Figure 22. This diagram highlights the negative and positive work areas along with 

the location of spark plug firing. 
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Figure 22. Cylinder Pressure Versus Volume Diagram 

The Induction-Power Stroke delay was included in the system model via a transport 

delay. The minimum induction to power stroke delay is 180 degrees as the torque 

developed by the engine at any particular time is a function of the flow and pressure 

characteristics extant during the previous induction event [68]. Simply, the piston will 
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travel from tdc to bdc to ingest the mixture and vice versa to compress it, as is shown 

on the pumping loop (Figure 22). This lag has significant implications at low engine 

speeds as the delay in torque transferral can cause engine instability. 

Defining the engme torque in terms of measurable or physically meaningful 

independent variables yields a quasistatic relation upon which dynamic elements 

reflecting friction effects and breathing delays must be superimposed [ 68]. A 

numerical value for engine torque was estimated via dynamometer-obtained data and 

applied curve fitting techniques. This was represented by: 

~Te= Gp~Pd + Gr~Fd+ Go~8 + FN~N 

Equation 28 

where, Gp denotes the influence of delayed pressure on torque, 

Gr denotes the influence of delayed fuel on torque, 

G0 denotes the spark advance influence on torque, and 

FN denotes the engine friction defined as the partial derivative of engine torque 

with respect to speed. 

The first three terms of Equation 28 is usually referred to as combustion torque 

(TL)[68]. 

The rotational motion of the crankshaft was evaluated using the polar moment of 

inertia, angular acceleration, and the difference between the net torque generated by 

the engine and the load torque of the crankshaft. Newton's second law gives this 

crankshaft acceleration: 

Equation 29 

where, J e = engine inertia, 

Te = engine output torque, and 

T L = engine torque external load. 
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3.2. 1 Model Parameter Estimation and Validation Using Conventional 

Control 

Model parameter estimation and validation experiments might include static and 

dynamic tests cornpatihle with allowable dynamometer of vehicle measurements [68]. 

The first step was to generate an induction-pumping map allowing for crankcase 

ventilation and throttle body sensor calibration. This map was then combined with 

torque data to obtain an algebraic expression for brake torque as a function of 

Air/Fuel ratio, mass flow rate, speed and spark advance. 

To obtain model parameter values, experiments involving throttle, spark and load 

inputs (which give perturbation responses of engine outputs) were used [71]. The 

linearised structure of the engine model also formed the foundation for the use of 

identification techniques to determine the model parameters [ 68]. Using this method, 

the engine model was grouped into dynamic effects associated with the intake 

manifold and rotating inertia. 

The linearised model used for engine mapping has been detailed. This is a basic 

model and variations of this are common but are based on the same assumptions. 

Having established this, the applications of conventional control to the IC engine are 

briefly summarised below. 

3.2.2 Conventional Control Applied to the IC Engine Problem 

Hambuurg and Chulman [72] have developed a control system for lambda control in 

the IC engine. This determines air/fuel ratio based on time delay and a time lag 

model. This variation induced by different engine operating conditions is considered 

in the controller by respectively adapting its parameters [69]. 

Figure 23 shows the control system model. 
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Figure 23. Block Diagram of Lambda Control 

Minimum fuel consumption is always a large issue in the automotive industry and 

Schweitzer et al. [73] have characterised the engine by a quadratic function of specific 

fuel consumption of air. The system aims to operate the engine on the lean side of 

minimum fuel consumption. 

Pollution control via a conventional control system is also an area of adaptation of the 

engine system model. Tenant et al. [74] [75] developed a computerised procedure to 

obtain minimum fuel consumption values whilst given regard, in the form of 

constraints, to pollutants. 

Knock control has been modelled via conventional control systems. These systems 

gradually adjust ignition advance whilst sensing the average knock frequency. The 

ignition angle oscillates around an average retardation value, always approaching the 

knock limits under different operating conditions of the engine [ 69]. Kiencke and Cao 

[76] have overcome the historic failures in this work by deriving an adaptation 

scheme that takes into account a statistical analysis of the individual drivers habits in 

different operating points [69]. 

Idle control is also achievable via conventional models. Kiencke and Schulz [77] 

enabled the removal of standard engine manifold pressure sensors via disregarding 
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local pressure distribution in the manifold and describing the inlet manifold as one 

element. 

Fahs [78] has developed a control model for early diagnosis of emerging engine 

faults. This operates via checking whether estimated values are within tolerable 

ranges. 

3.2.3 Conventional Model Drawbacks 

Automotive systems are a major challenge for control engmeers. Some variables 

essential for the control scheme cannot be measured at all. Limited performance, even 

of future micro controllers, restricts computational complexity [69]. 

In reference to the drawbacks of the adaptation of the conventional control model 

presented. 

• A globally effective procedure for knock control at all engine-operating points 

has not been accurately developed yet [69]. 

• The problem with optimising fuel consumption is the slow response time of 

the engine. The applications of this system are thus limited to open loop 

engine maps. 

• Static models for engines only partially describe transient behaviour. 

• Dynamic models tend to become very complex to match well the physical 

behaviour of an engine [69]. 

• Engines are usually extremely non-linear, time variant, and coupled. Since 

control synthesis is based primarily on linear, time invariant theory, models 

have to be linearised around operating points. By doing this, an additional 

dependence on operating-point characteristics is introduced [69]. 

• Fault diagnosis is troubled by the trade off between high sensitivity triggering 

false alarms and low sensitivity that risks not detecting the faults at all. 
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3.3 Control Model Summary 

An internal combustion engine model has been presented with the relevant equations. 

These equations show the use of constants for the influence of delay and 

proportionality. It must be stated that although a control system can evaluate and 

control engine parameters, the systems cannot adapt to new non-linear environments. 

This has been highlighted with the presented drawbacks of their adaptation. Neural 

networks have this ability based on very small data training sets. This will be 

highlighted in the following sections, along with an overview of the exploitation of 

neural networks to the IC engine problem. The focus of this research is on AI tools 

and the above conventional methods, although referenced, are not exclusively 

covered. 

3.4 Engine Fault Diagnostics Using Neural Networks 

Prong-jeu [79] et.al. has conducted extensive research into the engine diagnostic 

problem using an airline engine. They proposed that neural networks have not yet 

been accepted as a standard tool for engine condition monitoring yet they are 

currently used in airlines as both expanded and limited systems. The limited system 

(3-4 input parameters) suffers from unidentifiability problems making the fault 

diagnostic technique depend upon check-up work using a limited number of 

fingerprint plots. Although a filter system can be applied to the expanded systems, (8 

or more input parameters) the analyses requires specially trained experts for upkeep 

and are not readily available [79]. The approach described explores the limitations of 

the neural network based approach to engine diagnostic problems. 

The Multi-Layer Perceptron network described in Section 2.2.1 Multi Layer 

Perceptron Networks was used for this work and the numbers of nodes were equated 

with the number of input parameters. The system aimed at identifying 23 different 

types of faults. The synaptic weights were calculated using the delta rule described by 

Equation 12 in Section 2.2.1 Multi Layer Perceptron Networks. The values of 11 and a. 

are kept within the 0-1 range and the appropriate values were determined by trial and 

error. 
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The input parameters were the delta values defined as the difference from the base 

line value to the measure data. The main problem in this work was the input 

parameter accuracy under random data scatter, noisy or incomplete data. The input 

deltas were only within a few percent. The standard deviations of the sensor scatters 

were analysed and the noise free data was generated by multiplying the influence 

coefficient matrix with some predetermined severity indicators pertaining to a certain 

fault type [79]. 

A major effort was required to obtain an optimal training set for a 90% success rate. 

This was required to achieve generalisation. If the data provides a 100% success rate, 

the network is overtrained and generalisation for training and testing is lost. Networks 

using noise free data can train to a 100% test rate, as generalisation is not lost. After 

testing, it was concluded that the noise level was often the main cause responsible for 

difficulties in training the network and in this case, the low success rate in diagnosing 

testing samples [79]. It was also noted that success rates decrease with the increase of 

data scatter and the success rates of the 8-input ANN are only marginally higher for a 

4-input. It can be concluded that the success of the network depends directly on the 

quality of data hence a pre-processor to reduce input noise is of paramount 

importance. 

The above research highlights several important aspects of engine monitoring with 

neural networks that must not be overlooked. This information provides a base for IC 

engine fault diagnostics. In many cases an engine fault can be attributed to a sensor 

fault hence the network must be trained to allow for this. The procedure for predicting 

IC engine faults is to predict each variable using the other engine parameters, as 

shown in Chapter 5. The difference between the prediction and the measurement is 

used to distinguish a normal engine from a faulty one [80]. 

3.4. 1 Example of Neural Networks Applied to IC Engine Fault 

Diagnostics 

The basic engine operating parameters are described in Section 3 .2 Modelling of an 

Internal Combustion Engine for Control Analysis. Using the described parameters we 
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can accurately detect errors in the manifold air pressure sensor and exhaust gas 

recirculation valve using a neural network. This process is described below and is the 

work of Dong et.al. [80]. 

The intake manifold parameters of an internal, combustion engine were represented by 

first order dynamics as shown in Equation 30. 

dVs = f(V,,V
0
,V

0
,VJ 

dt 

Equation 30 

where, V1 denotes the mass air flow rate, 

Va denotes the exhaust gas re-circulation valve position, 

V 0 denotes engine speed, and 

Vs denotes the manifold absolute pressure. 

Equation 30 indicates that there is a redundancy between variables and is the first 

example of what this research thesis is aiming to validate and quantify. The 

consistency of these variables was proposed as the basis to finding faults in the 

sensors and actuator. To achieve this, each value was predicted using the other 

variables and a neural network. 

3.4.2 The Network 

A two-layer feedback network provided the tool for Vs prediction using the other 

three variables. The network had 3 forward inputs (V1, Va, and V0), 16 first (hidden) 

layer neurones and 1 second (output) layer neuron. The predicted Vs was fed back into 

the network as the fourth output. The facts that the first layer uses time delay output 

variables and the input-output relationship of each neuron is sigmoidal, allowed the 

network to capture the knowledge that the physical system is characterised by a first 

order non-linear dynamic relation [80]. 16 neurones were chosen for the prediction 

after experiments concluded that this gives a good level of performance. Optimum 

architecture analysis for given parameters is also an area of investigation of the 

presented research. 
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The data for this research was obtained using normal city driving. The network was 

trained using the procedure described for training a back-propagation network in 2.2.1 

Multi Layer Perceptron Networks. A random starting point was defined and the 

output error from the real value was calculated. After this, the feed forward input to 

the next data point was set and the feedback predicted. This was repeated for 100 

steps to collect an error signal. This process was repeated as many times as was 

required to obtain an accurate error signal. Once the error did not reduce anymore, the 

limit of computation had been reached [80]. 

3.4.3 Network Performance 

The variance (root of mean square) of the distribution of the difference between the 

predicted and measured valued value was shown as a quantitative measure of the 

networks identification power. This process is also used in the presented research. The 

feed back loop in the network is to facilitate the identification of a normal vehicle 

from a faulty one. 

The system responded well and accurately predicted the required value using a sample 

every 25 ms for 400 seconds. This highlights that it is easy to predict a faulty sensor 

using this type of neural network. The residual variance is the most natural one to 

characterise the spread of residual distribution [80] and this is enough to separate a 

normal vehicle from a faulty one. The running average of the residual variance was 

calculated and compared for both the faulty and faultless data set. 

The feedback network is of utmost importance as a feedforward network was also 

trained for comparison and it resulted in the running average of the residual error 

being very close for both the faulty and faultless engine. 

The above-described work uses the intake manifold parameters as the inputs to the 

neural network. This is only one approach to the problem. Other work in this area by 

Atkinson et.al. [81] used engine speed, manifold air pressure, manifold air 

temperature, throttle position, ignition timing, fuel injection pulse width, engine 

coolant temperature and exhaust gas oxygen concentration for fault diagnostics as 

well as predicting exhaust emissions, fuel consumption and torque. This, along with 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 3 Internal Combustion Engine Basics and Applied Control Page 65 

the above research highlighting variable redundancy, indicates that there are many 

different engine parameters that can be used to diagnose engine faults using neural 

networks. Pattern classifiers can be used for the identification of an engine fault in the 

form of misfire, as described in the following section. 

3.5 Engine Fault Diagnosis Using A Pattern Classifier. 

As per this study, the research conducted by Shayler et.al [82] used the engine 

parameters provided to the engine control unit via a signal. These were captured and 

used as data training sets for the network. This analysis utilised the back-propagation 

network for pattern classification and produced a system that can distinguish between 

intermittent and persistent ignition and fuelling faults, along with classifying a 

'normal' engine. The data used was based on crankshaft speed fluctuations. 

3.5.1 Misfire Detection Using a Dynamic Neural Network 

Extensive research was conducted in this area at the Crysler Corporation [83] for the 

reason that increased emissions are the result of misfire. All light duty vehicles in 

California are required by law to be equipped with an on board a misfire detector [83]. 

For the above reason, misfire detection research is extended to the performance and 

compactness of the system itself. The aim was to develop a low cost, high accuracy 

system with no false alarms. A dynamic neural network was proposed as an 

appropriate way to achieve the required goals. The method outlined in the subsequent 

sections utilised the feedback technique through a dynamic neural network to detect 

engine misfire. 

A basic neural network was used with 7 input units, 7 hidden layer units and 4 output 

units [82]. The event of normal firing or misfire was viewed as an input, which 

excited the system. The crankshaft speed fluctuation was the systems output response. 

If an inverse system from the crankshaft speed to the firing event signal is identified, 

then the engine misfire can be easily detected based on the output of the inverse 

system given the engine speed fluctuation as the input of the inverse system [84]. The 
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inputs used were simply the absolute manifold pressure and the crankshaft speed. All 

signals were averaged before being fed into the neural network. This minimised the 

impact of fluctuations. The tests showed promising capabilities of misfire detection 

even for very low sampling rate data. 

3.5.2 Crankshaft Speed Fluctuation Model 

Crankshaft speed of an engine depends directly on the operating conditions and load. 

Any variation in the operating conditions, say an absence of spark in the combustion 

chamber, will result in a fluctuation of the crankshaft speed. 

To describe this system, the combustion process and mechanical dynamics were 

described as a non-linear dynamic system. After the inverse system from the 

crankshaft speed fluctuation was defined by a legitimate waveform, the engine misfire 

could be detected more accurately from the output of the inverse system given the 

engine speed as the output of the inverse system. This is due to the fact that the output 

signal has a higher signal to noise ratio for the misfire signature than its input signal 

[83]. 

The crankshaft speed is related to the current and previous firing events, and also the 

previous speeds. To describe the system, a general difference equation (Equation 31) 

in crankshaft angular sampling domain k was proposed [83]: 

N1 (k) = H (N1,N2,P, I) 

Equation 31 

where, N1= [N1(k-l),N1(k-2), ...... , N(k-nr)] 

N1= [N2(k),N1(k-l), ...... , N(k-na)] 

P = [P(k),P(k-1), ...... , P(k-ma)] 

I= [I(k),I(k-1), ...... , I(k-1)] and 

N 1 denotes the crankshaft speed fluctuation, 

N2 denotes the average crankshaft speed, 

P denotes the manifold average absolute pressure, and 

I denotes the firing event signal and nr, na, ma are integers representing the 

samples in the past. 
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The crankshaft speed and manifold absolute pressure were used in the model to 

compensate for the variation of the speed fluctuation due to the different engine 

operating and load conditions. The inverse model (Equation 32) was shown to be 

[83]: 

I (k) = G (I, Nr,N2, P) 

Equation 32 

where, I= [l(k-1), l(k-2) ...... , l(k-1)] 

Nr= [N1(k),N1(k-l), ...... , N(k-nf)] 

N2= [N2(k),N1(k-l), ...... , N(k-na)], and 

P = [P(k),P(k-1), ...... , P(k-ma)] 

The above systems are non-linear discreet dynamic systems with three inputs and one 

output. Herein lies the reason that neural networks are so appropriately used in this 

area. 

A system with feedback is more attractive in the dynamic modelling because of its 

advantage in efficiency and performance over purely forward systems. The test results 

in this case indicated that 98.5% of all misfires were detected using 105 firing events. 

3.5.3 The Misfire Detection Algorithm 

The two signals supplied by an engine speed sensor along with the manifold absolute 

pressure (MAP) were used as the only inputs to the misfire detection system. The 

block diagram shown in Figure 24 represents this. 

RPM 

MAP 

ID 

Signal Pre-

processing 

Neural 
Network with 
Output 
Feedback 

Misfire 

Detection 
Misfrre 
Indication 

Figure 24. Block Diagram Of A Crankshaft Speed Fluctuation Model Based Dynamic 

Neural Network Misfire Detection System. 
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The signal for the fluctuating components were extracted from the original signals in 

the signal processing block (Figure 24) using filtering techniques. The engine speed 

fluctuation, N 1, was fed into the neural network along with average components, N2, 

and P. The misfire decision was initially based on comparing a preset threshold. Once 

the network was trained, the decision was made sequentially for each firing event. 

It was proposed that the most important part of a two-layered neural network is 

training. It was also argued that a large range of data encapsulating different engine 

speeds along with different engine operating conditions must be supplied. In this case, 

data obtained from different misfire patterns was used. 

3.5.4 Practicality of Misfire Detection Using Neural Networks 

A sampling rate of one data point for every firing event was enough to successfully 

train this type of network. That is, for every 180 degrees of crankshaft rotation only 

one data point was taken. These low sampling rate sensors are available in most 

existing engines for ignition and fuel injection timing. This low sampling rate limits 

the application of the frequency filtering technique to enhance the signal to noise ratio 

[83], therefore highlighting the reason that simple expert systems cannot be used to 

successfully detect misfire. 

The method of fault diagnosis presented involves a very complex system that is 

physically small. This is a commercial investigation that highlights a number of 

points: 

• The Multi-Layer Perceptron neural network is highly useful for this purpose. 

• Measuring only two parameters provided three inputs (including an average) 

and one accurate output. 

• Filters and low sampling rates are useful to enhance the signal to noise ratio. 

• Expert systems are not useful in this area for the reasons described. 

Having specifically identified processes to identify faults in IC engines, it is also very 

worthwhile to analyse a torque estimation procedure as it provides another insight into 

process parameter identification for fault diagnostics. It is interesting to note that both 
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the above and below described work used an extra2 sensor being a crankshaft speed 

fluctuation sensor and a cylinder pressure sensor respectively. 

3.6 Estimating Engine Torque via Neural Networks 

Winsel et al [85] has stated that neural networks have been shown to model the 

dynamic behaviour of combustion pressure in engine cylinders. This was shown to be 

represented by conventional input/output data. The need to find a functional 

representation of the pressure curve [85] was a requirement. The parameters that map 

this were adjusted by training a static neural network for each working cycle. These 

parameters represented "weights' which were used as reference pressure feature 

sequences. These sequences were simulated using a time delay neural network [85] as 

functions of engine speed (rpm), manifold pressure, ignition timing and air/fuel ratio. 

The developed models were used as stand-alone models or as sub-models within a 

global structure. This information was subsequently implemented within the engine 

control computer for torque estimation [85]. 

Researchers at the University of Kassel, German, envisaged a futuristic engine control 

unit (ECU) that will perform complex control algorithms [85]. A 'Hardware in Loop' 

system was used to ·verify all control strategies before implementation to the engine 

itself. This hardware in loop simulator was argued to have the ability to generate the 

specific sensor signals with an adapted behaviour regarding time and amplitude [86]. 

A real-time model was shown to accurately represent the dynamic cylinder pressure 

signals of the engine over the entire operating area, and the expanded model was used 

to estimate engine torque. This model was subsequently simplified and integrated to 

the engines exiting ECU and hence predicting torque without using any additional 

cylinder pressure sensors [85]. 

2 An extra sensor being one that is not required for the basic operation of the engine 

control unit. 
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It was shown that cylinder pressure can be modelled using thermodynamic equations 

[85] but is a long and arduous process. While answers will not yield a real time on 

line solution to the problem, neural networks were recognised as universal 

approximators [87] for the problems in consideration. 

The appropriate model structure was developed using static and time delay neural 

networks [85]. A special learning strategy was used to estimate a set of interpretable 

parameters i.e. the weights of the neural models. The performance of the proposed 

strategy was measured by comparing experimental data from the test bench to real 

time simulation results. 

3. 6. 1 Engine Electronic Control 

A typical fuel and ignition management system of a standard fuel injected engine uses 

a combination of sensors and actuators. These sensors include throttle position, engine 

speed, airflow, air fuel ratio and knock, along with temperature of both air and 

coolant. The actuators involved are injection valves and spark plugs. 

These sensors supply input/output type information about the engine but give little 

information as to the actual combustion process itself [85]. It is obvious from this that 

for an engine to run at its optimum3 more information was required about the internal 

states of the process. It was found in this investigation that a cylinder pressure sensor 

would supply an output that would contain most of the required information. This 

required information usually involves ignition or injection problems, malfunction of 

intake or exhaust system, low fuel quality, cylinder misfiring or knocking combustion. 

These cylinder pressure sensors are readily available and are just an inexpensive 

piezoelectric quartz sensor. 

3.6.2 Modelling Cylinder Pressure Sensor Data 

The high-resolution model of cylinder pressure was designed within 3 steps [85]. 

Note that this is a discreet system that varies with respect to the crank angle (ljl) [85]. 

3 Low fuel consumption with maximum power. Minimum exhaust emissions. 
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• Reference features (Wrer) were extracted from the high-resolution cylinder 

pressure signal (P cyJ). This is achieved through a static neural network [85]. 

• Time delay neural networks were used to model the features (W) as functions 

ofECU VO signals, averaged on every working cycle [85]. 

• High-resolution cylinder pressure signals were generated (Pcyl*) [85]. 

The following relation can represent the simulation error in the system: 

P cyl (\jf) => Wref(\jf) => P cyl (\jf) + Eref 

Where Eref represented the simulation error. 

Representation of cylinder pressure behaviour in a work cycle were shown to be 

consisting of [86]. 

• Peak pressure. 

• Crank angle position of peak pressure. 

• Maximum pressure increase. 

• Crank angle position of max pressure increase. 

• Pressure value with open inlet valves, which is equal to manifold pressure. 

• Mean values of pressure for different crank angle sections. I.e. from 120 

degrees before top dead centre to 120 degrees after top dead centre 
~ 

• Value and crank angle position of the so-called centre of gravity. 

From these, only the difference pressure was used. This is the non-fired pressure 

being subtracted form the original cylinder pressure sensor signal. This difference 

signal contains current information on the firing process whereas the standard 

pressure ratio signal doesn't allow for sensor offset. 

3.6.3 Weight Calculation Using Static Neural Networks 

To make the above information useful to the neural network, the neural weights 

needed to be calculated for each working cycle. This was initiated by plotting the 
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cylinder pressure vs crank angle (Refer Figure 22). The generated curve was used as a 

target function that is based on the log-sigmoid function (Equation 33). 

logsig(&) = 
1 

_ 
l+e e 

Equation 33 

The above equation allowed for errors and the weights were adjusted using a non

linear optimisation algorithm [86]. 

After the weights had been determined for the pressure amplitude, bias, maximum 

pressure and crank angle position, another curve was approximated. This process was 

repeated until the error values came within tolerable limits. 

3. 6.4 Modelling Using a Dynamic Neural Network 

Once the calculations for the static neural network were within tolerable error limits 

for every working cycle of the engine, the respective weights were modelled using a 

dynamic neural network. This was achieved via varying throttle position and 

measuring engine speed, manifold pressure, air/fuel ratio and ignition timing. Values 

for these outputs were then fed back into the neural network in the form of training 

sets4
• 

3.6.5 Engine Torque Estimation Using Neural Networks Summary 

Initially, the function parameters of the static neural network were trained. These 

parameters were used as reference feature sequences for the time delay neural 

network. The resulting sequences were fed into a torque estimator which is simply 

another static neural network that uses the output from the time delayed neural 

network to estimate engine torque. Accurate results were obtained as the parameters 

measured map all engine parameters. The cylinder pressure sensor was used for the 

network weight calculation and also validation in the form of sensor or actuator 

malfunction. 

4 This guarantees stability and convergence of the learning algorithm. 
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The following section details the use of yet another multi-layer perceptron neural 

network applied to the IC engine-mapping problem in the form of emission 

prediction. Again, an in cylinder pressure transducer was used. 

3. 7 Engine Emissions Prediction Using in Cylinder 

Combustion Pressure and Neural Networks 

In this research, the variables were generated at steady state conditions over a wide 

range of speed and load conditions. The networks were then validated on previous 

'unseen' real-time data obtained from the cycle through a high-speed digital signal 

processor data acquisition system [88]. Once the network was fully trained, the 

system allowed real-time NOx and C02 emissions to be predicted. 

3. 7. 1 Requirement for Emission Prediction 

The next generation engines are projected to require much more sophisticated control 

than those used today. This is due to the fact that they will probably employ some 

combination of exhaust gas recirculation, variable geometry turbo charging, variable 

rate fuelling and exhaust after-treatment. The authors' [84] have highlighted that 

systems used today are MAP based and work on the principle of looking up a table

based calibration system [89]. While it is generally accepted that these systems 

require far too much time to calibrate they showed that model based engine control 

offers a significant advantage over traditional map or table based control, insofar as 

the true multidimensionality of the engine control is acknowledged in such an 

approach [88]. Development of virtual sensors are required for this system to operate 

effectively. The use of neural networks for emission prediction based on parameters 

commonly associated with engine control and monitoring was an approach termed by 

the authors' as 'virtual sensing' [81] [90]. 

3. 7.2 Approach 

A recurrent type network was used for this purpose. The recurrent architecture 

incorporates time dependent trends into the back propagation-based prediction 
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algorithm [88]. This type of emission prediction involved time dependency problems 

as the signal takes time to propagate from the gas analyser to the neural network 

hence engine parameter changes were not performed sufficiently rapid enough. 

The authors (Zhilian Wu and Anson Lee [83]) used a pressure transducer inside the 

combustion chamber to provide information. To defeat the problem outlined above, 

the engine was tested at a wide range of combustion conditions to provide a full 

matrix of engine operating conditions. The following sections describes the 

experimental set up and associated data analysis 

3.7.3 Set Up 

For the purpose of this work, an engine with full instrumentation and data logging 

was used. This is an identical system to the one used for this research the only 

difference being that a piezoelectric pressure transducer was installed in one or more 

of the combustion chambers. The other parameters measured were engine speed, 

crank angle, fuel injection pulse width, injection timing and manifold air pressure. A 

large matrix of separate load and speed settings were chosen. The above parameters 

were measured at steady state engine operating conditions only. 

3. 7.4 Data Analysis 

Plots of pressure vs volume from the parameters obtained was shown in [91]. In this 

instance, the transducers drifted [88], hence the first twenty points of each cycle were 

averaged to overcome this. 

Imep (Defined in Section 3 .1.4.2 Indicated Mean Effective Pressure) was calculated 

by integrating the work performed on the piston and dividing through by the 

displacement volume. The algorithm used for the analysis of both the ignition delay 

and combustion duration was based on the First Law of Thermodynamics5
. 

5 Change of internal energy = net work and heat transfers 
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The instantaneous torque value was calculated from the geometric parameters of the 

engine that provides the moment arm that is multiplied to the pressure exerted on the 

piston. The point at which this calculation is performed is determined by the 

calculation of the point when a 50% mass fraction of the fuel is burned. A five-point 

central difference differentiation algorithm was used to achieve this. 

3. 7.5 Neural Network Processing 

Once the data was calculated and the engine parameter matrix obtained (for steady 

state conditions), the values were used to train the neural network. 

A three-layer Multi-Layer Perceptron network was used. This network has a 

hyperbolic tangent type activation function between the input and hidden layers whilst 

containing a linear function for the hidden and output layers [88] (As described in 

Section 2.1.1 Feedforward Networks). Both of these activation functions were based 

on the Gussian complement. After the network is trained, the outputs were compared 

with the calculated values to determine accuracy. Once satisfied with the static 

accuracy, the real time prediction was initiated using the same network. 

This real time prediction was said to require a real time digital signal processor. After 

a suitable processor was obtained, the engine was run for extended periods not at 

steady state. The data obtained was required to be filtered and averaged (as outlined 

above) before being fed into the neural network. Due to the networks previous 

training, exhaust gas emissions were predicted and compared with actual values. 

It has been highlighted in this work that map based engine control units will become 

redundant in the future for the reasons mentioned. This creates an actual need for 

development in this area. Again, time dependence problems were highlighted and the 

network weights were calculated using steady state values and a static neural network. 
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3.8 Concluding Remarks 

Along with providing engme design basics, this chapter highlights the fact that 

conventional control systems do not provide a true representation of the IC engine, as 

too many assumptions are required to form a liner model. Neural networks have been 

shown to map this non-linear system accurately thus providing torque and emission 

prediction, along with fault diagnosis techniques. The presented studies overlap each 

other in the fact that they all require a degree of influence of the process parameters 

measured. They also show commonalties in their network training procedures and 

statements regarding the sensor value time delay problem. 

The next chapter will detail the experimental apparatus design along with 

specifications and details of all sensors, including the external dynamometer. 
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Chapter 4: Rationale for Investigation and 

Development of Test Rig 
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4.0 Rationale for Investigation 

It has been shown in Chapter 3 that the application of neural networks to the engine 

control and diagnostic problem has been widely investigated yet it is generally agreed 

that more research is required in this area. Extensive research is required to form a 

solid basis for the implementation of these systems in the everyday automobile in 

both the control application as well as the diagnostic application. Calico Systems Inc. 

[92] have initiated a neural network consortium to investigate the "emerging area of 

the application of artificial neural networks to control calibration, diagnosis, 

simulation and modelling of advanced power train systems". It is stated that once a 

neural network model is developed, it can be used for real time engine control and on

line diagnostics. The consortium will focus on techniques to develop on board 

diagnostic systems along with fully optimised neural network based engine control 

systems. Calico Systems Inc. is the largest independent power train research and 

development provider in the world and the consortium costs $80000 US to join thus 

indicting that there definitely exists a need for this type of research. 

Due to the above mentioned final applications of this work, it is impractical to 

conduct the research with after market sensors as these generally prove to be more 

expensive and would not be released as a standard item on the everyday automobile. 

In saying this, it must be highlighted that the system used for this study is an after 

market engine control unit yet it is basic in the fact that it relies on identical sensors to 

those used in the standard automobile. It uses identical map based look up tables for 

engine control, the only difference being that it is fully programmable. The reason for 

the use of this system is that the car actually serves a double purpose as the University 

of Tasmania Formula SAE entrant along with a research test rig. The two uses 

actually compliment each other in the fact that the cars performance can be 

extensively analysed via the use of neural networks. 

The standard test rig engine utilised carburettor induction but to adequately fulfil the 

Formula SAE requirements, a fuel injection system was implemented. This again 

fulfilled a double requirement, as the sensor build up procedure was required for both 

the engine control systems and as a means of obtaining data for this research. 
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Having established a requirement for this research and the appropriate test rig, a 

requirement for the specific engine modifications are provided in Section 2.1, 

subsequent to an outline of the basic engine specifications. This sets the scene for the 

engineering calculations and investigation into the following implementation areas 

and will be discussed in this sequence: 

• Intake design 

• Exhaust design 

• Sensor build up 

• Fuel system design 

• Drive train design 

• Wiring loom Design. 

An outline of the investigation testing procedure and equipment used is also provided. 

4.1 Engine Specifications 

A Custom Fuel Injected 2000 Kawasaki Ninja ZX6 (Figures 25 & 26) was used for 

this study due to the Formula SAE Guidelines [93] stipulating the use of a 600 cc 

engine. This engine was chosen from the 600-cc motorcycle engine range due to its 

large cam overlap, low rpm torque, and also its lightweight construction via extensive 

weight optimisation (55 kg dry). The engine also has, as standard, a deep oil sump 

(which is needed to ensure oil flow during high lateral accelerations) and a water 

jacket style oil cooler integral to the water cooling system providing a reduction in the 

overall weight. The engine is a double overhead cam, 4-stroke four cylinder liquid 

cooled engine with a compression ratio of 11.8:1, a displacement of 599 cc and six 

forward gears. Full engine specifications, exploded views and ECU wiring diagrams 

are provided in Appendix A. 
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Figure 25 . Engine on Dynamometer. 

Figure 26. Engine Installed in Test Vehicle. 

4.2 Requirement for Modifications 

Due to the F-SAE Guidelines [93] and this study, the mentioned power plant was 

custom fuel injected using the MoTec system described in Section 2.4. Before the 

implementation of this system was initiated, the four standard carburettors were 

removed from the engine (Figure 27). 

Figure 27. Redundant Carburettors. 
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This effectively removed the intake of the engine thus a new intake design was 

required. The engineering design calculations associated with the required inlet and 

exhaust modifications are presented in the following sections. This also includes the 

design of a 20mm diameter restriction that is a requirement as set in the F-SAE 

Guidelines [93]. A new exhaust design was required to allow the engine to physically 

fit into the car frame. 

Subsequent to this, a sensor built up procedure is required to allow operation of the 

custom fuel injection system. Three new engine sensors, namely a throttle position 

sensor, camshaft hall effect 'synch' sensor and an exhaust gas oxygen sensor was 

installed on the engine in respective locations and calibrated as per specifications. The 

existing camshaft position 'ref sensor is used by the engine control unit, as is detailed 

in Section 4.6.4 Cam Angle Sensor. A complete new fuel system was designed using 

the calculations provided in Section 4.7 Fuel System. A complete drive train was also 

designed and is included in Section 4.8 Drive train Design. A complete new wiring 

loom was also designed as is detailed in Section 4.9 Wiring Loom Design. 

4.3 Intake Design 

Originally a carburettor engine with a total air inlet diameter of 144 mm, the Formula 

SAE [93] rules specify all engine air to pass thorough a 20 mm restrictor. Rules also 

specify that the throttle body be located upstream of the restrictor indicating that a 

fuel injection and engine management system is the design basis. 

A well-designed inlet manifold is of great importance in optimising the airflow to the 

engine as the acoustic response enhances engine performance [94]. It will also 

increase fuel economy and reduce emissions [95]. Separation and extended boundary 

layers along with excessive turbulent eddies are to be avoided where possible [96]. A 

single plane induction manifold with all intake runners extending from a common 

plenum was the design of choice (Figure 28) because the open plenum smoothens out 

the induction pulses better than a dual plane manifold and provides better top end 

power [97]. 
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Figure 28. Inlet Manifold during fabrication. 

4.3. 1 Intake Runner Length 

When the engine is running, both high and low pressure waves move along the intake 

plenum due to the opening and closing of the valves and air inertia. The idea of 

engine tuning is to have the high-pressure wave approach the intake valve precisely as 

it opens thus forcing in a little more air [98]. 

For the reasons described above, the intake runner length can be optimised for a 

specific RPM range making use of the first (or second) set of pressure waves to 

increase air induction. The formula for this is: 

ECD = 720 - Advance Duration - 30 

Equation 34 

Hence, with advance duration of 305 degrees our ECD becomes 385 degrees . 

The optimum length is given by: 

L = ECD * 0 .25 * V * 2 
(rpm *RV) - (1 /2D) 

Equation 35 

where, ECD = Effective Cam Duration, 

RV = Reflective Value, and 

D = Runner Length 
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The effective runner length for the second set of pressure waves is 41.66 mm. This 

theoretical calculation is an estimate. The only way to accurately tune to a specific 

rpm is to vary the intake runner lengths whilst observing the torque and power on a 

dynamometer or, better still, by track testing with an experienced driver. Peak power 

may increase but average power may drop. A balance needs to be found. The longer 

the runner, the better torque at lower rpm is a rule of thumb. There obviously exists a 

trade off with specific torque rpm ranges and also average and peak power. Here in 

lies the reason for trial and error testing with variable length intake runners. 

4.3.2 Intake Runner Diameter 

The intake air velocity should not reach over 60 m/s at maximum rpm [98]. The 

formula for the intake runner diameter is: 

D = Litres* VE* RPM 
(V *18.5) 

Equation 36 

where, D =Pipe Diameter, 

Litres = Litres displacement, 

VE= Volumetric Efficiency, and 

V = Velocity in ft/sec 

This results in a 40.22-mm intake runner diameter. The inlet port size in the engine 

already set this value but it is always advisable to fully check intake design 

calculations [98]. 

4.3.3 Plenum Volume 

There never exists a simple answer for a given application and rpm range but a good 

rule of thumb is to have the volume at least 50% of the total engine displacement 

hence 3.6*10-3 m3 is sufficient [98]. 
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4.3.4 Restrictor 

From basic computational flow theory, the best application to maximise airflow is the 

use of a converging diverging nozzle. Once the contraction ratio is chosen 6 the design 

criterion becomes the exit flow uniformity, separation, exit botmdary layer thickness 

and space/cost [96]. The actual design parameters become length, wall shape and 

Reynolds number [96]. Manufacturing is also a large consideration. 

The maximum mass flow rate at which the nozzle will choke 1s given by 

m = (-2-J2~r+~{)(_I_Jp A* 
r+I RTo o 

Equation 37 

= 0.0745 kg/s which equates to a volumetric flow rate of 0.06535 m3/s. The maximum 

airflow velocity is l 59.23m/s. 

The maximum engine air requirement is 3600000 cc per minute. This equates to 0.06 

m3 Is of air and consequently the restrictor will not choke at maximum rpm. The air 

has a velocity of 84.88 m/s at maximum rpm as it passes through the restrictor. 

A matching cubic curve convergmg section of the nozzle is ideal to mm1m1se 

separation and flow non-uniformity's but for the ease of manufacture a simple radius 

was chosen for the converging section with an optimum 7 degree diverging section. 

Due to the plenum diameter the diffuser length is not excessively long to produce 

undesirably long boundary layers. Design A (Figure 29) was used due to the ease of 

manufacture. 

6 Set in our instance from the throttle body diameter and the size of the restriction. 

(57/20). 
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Figure 29. Intake Restrictor Design. 

The restrictor (Figure 30c) was fabricated from composite Kevlar via the use of a 

'Kevlar sock ' arrangement. The mould (Figure 30b) was machined using a Mazak 

Quickturn Lathe with Mazotrol T Plus controller (Figure 30a). 

Figure 30. a) Mazak Quickturn Lathe Used for Construction of Restrictor. b) 

Restrictor Mould. Note Separable for Release from Mould. c) Completed and 

Installed Restrictor. 
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The use of composite Kevlar was desirable due to the ease of construction along with 

its extensive weight saving properties. 

4.3.5 Throttle Body and Air Cleaner 

The throttle body chosen has an inside diameter of 57 mm which is not excessively 

large to decrease throttle response and not too small to restrict flow. The butterfly 

placed directly in front of the restrictor intuitively disturbs flow but testing with the 

supposedly optimum 0.7* throttle body diameter section [96] in front of the restrictor 

surprisingly showed no decrease in average horsepower or torque. 

The K&N filter was chosen from maximum inlet airflow figures and a cone shape was 

chosen for marginal gains due to the ram air effect. 

4.4 Exhaust Design 

The outlet ports of the engine are 25.4 mm hence the diameter of the extractors 

(Figure 31 a) was pre-set. Effective length of the outlet pipes 7 was measured from an 

identical system and fabricated from stainless steel mandrel bends. 

The exhaust (Figure 31 b) was fabricated from stainless steel with a perforated 

'straight through' pipe surrounded by fibreglass packing to severely lower back 

pressure that a standard baffle exhaust would otherwise exert on the system. Back 

pressure is obviously undesirable, as it lowers the horsepower of the engine at all 

rpm's due to the extra energy required to extract the used gasses. The outlet pipe is a 

tuned length producing a standing wave at 9000 rpm. This results in 109 dB of noise 

0.5 meters from the exhaust outlet. 

7 To induce the scavenging from the cylinders as the valves are in overlap. 
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Figure 31 . a)Extractors. b)Exhaust. 

4.5 Engine Management System Overview 

Extensive research and management system cornpansons were conducted. The 

MoTec M4-Pro system (Figure 32) was the ideal system for our purpose as it utilises 

sequential injection along with 3D-map programming. It also has the option of closed 

and open loop operation allowing feedback from the exhaust oxygen sensor. 

Sequential injection allows injectors to fire at the optimum time in the engine cycle 

and to adjust this for different engine RPM's. Advanced tuning gives many extra 

features including traction control and the ability to configure the ECU to the existing 

sensors e.g. Standard ZX6 missing tooth Crank Angle Sensor. The 128-Kb of on 

board data logging allows a complete analysis of the engine after it has been running. 

The system can be figured to suit different specific requirements and also allows for 

upgrades. 

The heart of the M4 is a Motorola 32 bit micro controller with a time co-processor, a 

choice which puts it on the leading edge of automotive control systems. Contained in 

a 132 pin surface mount package and consisting of over 420,000 transistors the M4 is 

built to internationally recognised quality control standards (ISO 9001 ). The M4 reads 

its sensors 2400 times per second, and the entire control program is recalculated 200 

times per second. In personal computer terms, the last PC to use a 16 bit processor 

was the '286' released in the early 1980's whereas 32 bit is still current technology. 

The MoTec System is advertised to use up to 70% less power than other systems to 
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fire injectors hence drawing less power from the electrical system and generating less 

heat inside the ECU. The system contains a comprehensive diagnostics report menu 

that shows injector current usage and any wiring open/short circuit after each firing of 

the injector (See Appendix A for system installation wiring diagram). 

Figure 32. MoTec M4-Pro Engine Control Unit. 

The system was installed to use either the throttle position sensor (located on the 

throttle body) or the manifold air pressure sensor located on the plenum. After 

extensive tuning with both sensors it was found that the throttle position sensor 

provided better throttle response hence fine-tuning on the dynamometer was 

conducted using the throttle position sensor. The MAP sensor has thus become 

redundant but can be used for periodic manifold pressure checks for calibration 

purposes. Due to this reason, it has not been included as part of the sensor ' build up' 

outlined hereafter whereas a standard Bosch air flow meter was used due to the 

reasons described in Section 4.6.7 Hot Wire Air Mass Meter. 

Sequential injection (Refer Section 4.6.3 Sequential Fuel Injection) was desired for 

fuel efficiency and optimum fuel injection timing when the inlet valve opens hence a 

hall effect sensor was installed on the camshaft. Standard ignition timing is achieved 

via the factory crank angle sensor. 
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Other inputs to the ECU are water and air temperature. The water temperature is used 

for cold start enrichment and the air temperature for adjusting fuel mixtures 

depending on air density. 

The engine was tuned for a Lambda reading of 0.89 that equates to an air/fuel ratio of 

13.8:1. This provides a balance between the stoichiometric 14.7:1 for fuel economy 

and around 13: 1 for maximum power (depending on the engine and its exhaust and 

inlet characteristics). The engine has been tuned both with and without the restrictor. 

A very interesting comparison resulted, as the restrictor provided very little 

enrichment of the mixture as expected. 

4.6 Sensor Build Up 

Having outlined the hardware design and engine control unit, the subsequent sensor 

build up is outlined in the following section. 

4. 6. 1 Throttle Position Sensor 

The throttle position sensor (Figure 33) is mounted on the throttle body and converts 

the throttle valve angle into an electrical signal. As the throttle opens the voltage 

increases. A 'MD 614488 Lancer 1.8 Turbo' throttle position sensor was used for our 

investigation. The sensor requires three wires. Five volts are supplied to the sensor 

from the ECU. The voltage flows through the resistor in the sensor and is then earthed 

to the ECU. As the throttle valve shaft rotates from idle through to full open throttle, 

the resistance between the variable resistor terminal of the throttle position sensor and 

the earth terminal increases. As a result, the voltage at the throttle position sensor 

variable resistance terminal also increases. 

This sensor is calibrated between full open and closed throttle. The method of 

calibration is very simple. After selecting 'calibrate throttle position sensor' from the 

MoTeC menu, the sensor is fully closed and the closed position is selected followed 

by the full open system. The system then calculates the percentage opening at any 
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position and consequently uses this to calculate the airflow and rpm. (These are 

directly related.) 

Figure 33. Throttle Position Sensor 

4.6.2 Crank Angle Sensor 

The standard crank angle sensor (Figure 34) is used for the MoTec ECU. This is a 

Hall effect sensor triggered from an eleven-toothed wheel. (I.e. one tooth missing on a 

twelve-toothed wheel). It is attached to the end of the crankshaft and consequently 

spins at engine rpm. When the missing tooth passes the Hall Effect magnet, pistons 

two and three are at top dead centre whilst one and four are at bottom dead centre. 

The 5-volt signal from this sensor determines spark timing but as a four-stroke engine 

' cycle ' is two revolutions of the crankshaft, the sensor cannot determine which piston 

is on the firing stroke. Herein lies the reason that the engine runs 'wasted spark' 

ignition timing whereas cylinders two and three fire at the same time, as per one and 

four. This posses no problem to the engines functioning as the gasses in the chamber 

of the cylinder on the exhaust stroke are already burned and the exhaust valve is open. 

This type of spark ignition system is common on standard fuel injected engines. 
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Figure 34. Factory Crank Angle Sensor. 

4.6.3 Sequential Fuel Injection 

Sequential fuel injection is the most precise way to inject fuel into an IC engine. This 

involves injecting the fuel at the precise time, just before the inlet valve opens. The 

other method is to fire all or some injectors at the same time and consequently the fuel 

remains stationary until the inlet valve opens. This is undesirable as the fuel doesn' t 

fully atomise due to the stationary air, and evaporation occurs due to the heat of the 

inlet valve. This is the reason a custom Hall Effect cam angle sensor was installed in 

the engine. 

4. 6.4 Cam Angle Sensor 

As described above, for sequential fuel injection, the ECU must be provided with a 

signal indicative of which stroke each cylinder is on. This allows it to provide a signal 

to each respective injector at the precise time. The simplest way to achieve this is to 

install a Hall Effect sensor (operation intricacies provided in section 4.6.8) on the 

engines camshaft. The camshaft spins at half the engine rpm (due to gearing) and 

consequently provides a signal indicative of the cycle phase that the engine is in at a 

given time. This in tum provides the ECU with a signal that, when synchronised with 

the crank angle sensor, is indicative of exactly where each piston is. 
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Due to the extreme hardness of the camshaft, a remote earth magnet was fixed into an 

existing hole on the camshaft (Figure 35). A stainless steel bracket was then 

fabricated to house the Hall Effect sensor and associated wires. The wires exit the 

engine in a hole drilled in the top of the rocker cover. 

Figure 35 . Camshaft Showing Existing Hole for Magnet Installation. 

Obtaining a useful signal proved to be an excruciating task. The signal could not be 

supplied at the same time a signal was received from the crank angle sensor. It could 

also not be received when the crank angle sensor was passing the missing tooth. This 

obviously becomes very tedious at high rpm' s as the crank angle sensor has twelve 

teeth including the missing tooth. The ECU software allows for the selection of a rise

rise signal (the signal is in the form of a square wave) whereas the timing is based on 

the start of the signal. Rise-fall, fall -fall and fall-rise can also be selected to assist in 

the synchronisation of the signal. 

The Hall effect works on the principle of a miniature semi-conductor proximity 

switch to give 'bounce-free' switching when influenced by a magnetic field (Refer 

Section 4.6.8 Wheel Speed: Hall Effect Sensor). The remote earth magnet allowed the 

distance between the sensor and magnet to be 5 mm whereas the standard magnet 

supplied with the sensor only allows for 2 mm. The device is magnetically 

unidirectional requiring the south pole of the magnet to face away from the sensor. 

The north pole of the magnet was determined using a standard compass. The device 
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will typically operate up to a 100 kHz repetition rate [99]. Full details, specifications 

and wiring diagrams for the sensor are provided in Appendix B. 

4.6.5 Wide Band Lambda Sensor 

This lambda sensor used (Figure 36) is a single element, Bosch 4 wire. Lan1bda 

sensors measure the oxygen content in the exhaust that is directly related to the 

air/fuel ratio of the burned fuel in the combustion chamber. It is situated on the outlet 

engine pipe as close as physically possible to the engine for the purpose of minimising 

the time for the reading to correlate with a specific RPM. 

Figure 36. Wide Band Lambda Sensor Attached to the Exhaust Outlet via a 5/8 UNC 

Thread. 

The voltage output on the Lambda sensor is created by a Zirconia cell [ 100] . The 

zirconia measuring principle is shown in Figure 37. A process gas (A) with unknown 

oxygen (02) concentration flows over a measuring probe, which is sealed against the 

process gas with a heated zirconia cell (B). The reference gas air (C) with its known 

and constant 0 2-concentration contacts the cell from the inside. At high temperatures 

a voltage V is generated between the two surfaces of the cell, which, at constant cell 

temperature, depends only on the ratio of the oxygen concentrations (partial 

pressures) in A and C. 
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Figure 37. Basic Principle of a Zirconia Cell. 

The output voltage of this sensor is temperature dependent. For this reason, the sensor 

is temperature compensated. 

v 

O.Bv 

0."15v 

1 

Figure 38. Graph of Voltage vs. Lambda for a Single Element Lambda Sensor. 

A four-wire wideband sensor has circuitry to calculate the resistance of the sensor 

cell. This is proportional to temperature, and is used for temperature compensation of 

the measured voltage (Refer Figure 38). The MoTeC ECU and the ADL pulse the 

sensor every 2 seconds to check the impedance. A sensor problem is highlighted when 

there exists a lean spike every 2 seconds in the log data. The reasons for this can be 

attributed to a cold sensor, a very rich mixture or a sensor damaged by silicon, oil, 

lead or other contaminants. 

The hotter the sensor gets, the further into the rich region it is able to read. 

le: 400 deg -7 0.9 La 

500 deg -7 0.8 La 

600 deg -7 0.75 La 
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When resistor impedance measures 2000hms, the sensor is considered hot enough to 

provide accurate measurements. The four wire sensor needs exhaust gas to heat it to 

operating temperature as the existing internal heater is not sufficient on its own. 

Heater 

1 

_f_ ~ls·15-
c::::::J ~ 20 uA 

P-
pump 
cell 

Vs 

S - sensor 
cell 

Figure 39. 2-element Lambda Sensor 

The heating element (Figure 39) is powerful enough to allow accurate measurement 

when gas temperature is at "room temp". The sensor takes approximately 20 seconds 

to heat up 

The duty cycle of the lambda heater will give an indication of the sensor temp and 

how much heating is required to maintain operating temp. E.g. If this is less than 5% 

the sensor is very hot and would be approaching the limits of its operating range (850 

degrees Celsius). 

The ECU heats the sensor in air and re-calibrates it based on the %02 measured in the 

atmosphere. The sensor becomes contaminated over time thus changing its 

calibration. Comparing the measured 0 2 concentration in air against that of the pure 

0 2 reference in the sensor calibrates to maintain accuracy. Free-air calibration is 

performed every 5 hours of operation. Regular re-calibration will maintain sensor 

accuracy over its operating life. This re-calibration must be done in open air as 

workshops and dynamometer rooms usually contain large amount of hydrocarbons. 
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Figure 40. Pump Cell Current Ip, vs. Oxygen Percentage 
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Ip is proportional to Lambda (Figure 40). When Ip = 0, %02 = 0 and Lambda = 1. 

The life expectancy of the sensor is highly variable and depends to a large extent on 

the operating environment. It is designed to be accurate for 50,000km in a road car, so 

50hrs is a very conservative estimate. Lifetime will be reduced by contaminants (lead, 

silicon, oil, etc) and thermal cycling will also age the sensor more rapidly. Excessive 

care must therefore be taken to ensure that the sensors remain free of contaminants. 

4.6.6 Lambda vs. Air Fuel Ratio 

A IF Measured 
LA=------'-~----

Stoichiometric A IF 

Equation 38 

Stoichiometric air/fuel ratio occurs when the result of combining fuel + air (02) 

results in no excess air molecules remaining, and no excess hydrocarbons. 

E.g. for methane CRi + 02 ~ H20 + C02 

To balance this we require CRi + 202 = 2H20 + C02 

AIF R 
. molecular weight air 

atlo =--------
molecular weight fuel 

Equation 39 
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This can be further defined as the H/C (Hydrogen I Carbon ratio) and O/C (Oxygen I 

Carbon ratio). Two values that are fuel dependant and can be used to calculate the 

air/fuel ratio for a particular fuel. 

Whereas the Lambda measurement is independent of the fuel being used, to 

accurately state the air/fuel ratio, the Stoichiometric air/fuel ratio for the fuel being 

used must be known. While these values are well known for common fuels, the exact 

value can vary with each batch - for example, the exact mixes can vary by individual 

country's, as additives are used in different quantities etc. For this reason, tuning is 

done using Lambda and not air/fuel ratio. 

4.6.7 Hot Wire Air Mass Meter 

The hot wire air mass flow meter is used to obtain the mass air flow values. For input 

to the ECU, it can be measured in two ways, and this is the most accurate method 

[101]. 

The hot-wire au-mass meter (Figure 41) operates according to the constant

temperature principle, whereby the hot-wire element is an integral part of the bridge 

circuit whose output voltage is maintained at zero by varying the heating current 

through the hot wire [102]. An increase in the intake air quantity causes a drop in the 

temperature of the hot-wire and its resistance decreases correspondingly. This leads to 

an unbalance of the resistance ratios in the bridge circuit that the control electronics 

responds to immediately by increasing the heating current. This current increase is of 

such a magnitude that the hot-wire regains its original temperature again. In other 

words, the heating current needed to maintain the hot-wire temperature is a measure 

of the airflow rate, and is independent of air density and temperature. Since the hot

wire air-mass meter has no moving parts it is ware free. The control process has no 

effect upon the hot-wire's heat balance so it responds very quickly to every change in 

flow rate. 
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Figure 41 . Hot wire Mass Airflow Sensor. 

4.6.8 Wheel Speed: Hall Effect Sensor 

A digital output Gear Tooth Hall Effect Sensor is used to measure the four-wheel 

speeds of the ' Intelligent car'. In this research only the rear two were recorded The 

Hall effect sensor used in this application is a magnetically biased integrated circuit, 

designed to accurately sense movement of metal materials. Gear Tooth Hall Effect 

Sensors are so called as a ferrous metal gear tooth wheel is conventionally used in 

their operation. The Hall Effect gear tooth sensor is shown below in Figure 42. 

Figure 42.The Honeywell GTl Series Hall Effect Gear Tooth Sensor. 

Hall Effect sensors are based on an electrical phenomenon, discovered by Dr Edwin 

Hall in 1879, that occurs when a current flows through a conducting material in a 

magnetic field. If a current is flowing perpendicular to a magnetic field, the Hall 

Effect is observed as a potential difference or voltage developed across the material. 

The produced Hall voltage is perpendicular to both the direction of the current and the 

direction of the magnetic field . The value of the Hall voltage is proportional to the 

current and the magnetic field intensity. If there is no magnetic field present in the 
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system no Hall Effect voltage is induced. It took the advent of semi-conducting 

materials in the 1950's before the Hall Effect principal was used as a sensor. 

Currently Hall Effect sensors are used to measure rotational speeds of different 

automotive processes. They are used in automobile applications such as camshaft and 

crankshaft speed sensors, transmission speed sensors, tachometers and are the wheel 

speed sensors used in ABS and Traction Control driver supporting facilities. 

The Hall Effect sensor is composed of an integrated circuit, made up of discrete 

capacitors .and a bias magnet, that is sealed in a probe type, non-magnetic plastic 

package for physical protection and cost effective installation. The Hall Effect sensor 

consists of three wires. One wire is the power source or voltage, the second wire 

supplies the sensor ground and the third wire is the signal wire that provides the 

output or measurement sensor reading value. The configuration and wiring diagram 

is depicted below in Figure 43. 

HALL l.C. 

TIMING CAPACITOR 

MET AL MOUNT~~G BUSHING 

Hal! 
Sensor 

Figure 43. Gear Tooth Sensor Construction and Wiring Diagram. 
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As a gear tooth wheel passes the Hall Effect sensor face, as depicted in Figure 44, it 

concentrates the magnetic flux away from the sensors in built bias magnet. The 

sensor detects the change in magnetic flux level and hence, as explained above, there 

is a drop in the induced voltage across the sensor, which translates into a change in 

the sensor voltage output. The digital output switches between the supply voltage 

when it passes a gap in the tooth wheel and the saturation voltage (0.4 V), when it 

passes a tooth. Figure 45, illustrates the drop in induced voltage across the sensor as 

the gear tooth wheels teeth move past the face of the Hall Effect sensor. 
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Figure 44. Hall Effect Sensor in Relation to Gear Tooth Wheel. 
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Figure 45. Induced Voltage Changes. Note Supply When The Sensor Passes A Gap 

And V = 0.4 Vmax When The Sensor Passes A Tooth. 

The sensor uses a discrete capacitor to store a reference voltage that is directly 

proportional to the maximum magnetic field strength, (the no tooth magnetic field 

strength), the operating position at which the face of the Hall Effect sensor passes a 

slot in the wheel. A digital output signal is triggered when the magnet field sensed by 

the hall element changes by a predefined amount. A feedback circuit is integrated 

into the silicon integrated circuit and is used to reduce the effects of temperature and 

other error affecting variables. 
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4. 7 Fuel System 

The fuel system is calculated for flow rates and consequently injector sizes. The duty 

cycle of an injector is the linear region between 10-90% of the full injector pulse 

width8
. Injectors that are too large will not allow the engine to idle as their minimum 

pulse width will not allow small enough opening times whereas ifthe injectors are too 

small, the maximum pulse width will not provide enough fuel at maximum rpm. Low 

impedance injectors provide better idle control [103]. 

Aiming for maximum horsepower at maximum rpm, each cylinder requires 900000 

cubic centimetres per minute of air that equates to a total engine air consumption of 

2211 grams per minute. For the required air/fuel ratio an injector that provides 

between 181 and 221 cc/min of fuel is sufficient9. 

The fuel pump flow rate was calculated to be between 544 cc/min and 665.7 cc/min to 

provide enough fuel for the injectors at full rpm when they are always open but due to 

F-SAE rule specifications10 [93] the pump selected is good for 400 horsepower. This 

simply means that an excessive amount of fuel is circulated in the system and returned 

through the return line. The fuel system runs at 2.5 Bar pressure and the regulator is 

mounted as close to the end of the fuel line as possible to minimise transient 

responses to pressure spikes and best maintain constant pressure at the injectors. 

The injectors are located on the inlet runners at a location so that the spray fires 

directly onto the back of the inlet valve when it is closed (Figure 46). This optimises 

the mixing of the fuel and air due to the heat of the valve assisting in the atomisation 

of the fuel even though it is open at the time of injection. 

8 Or opening time. 
9 The volumetric efficiency was not known hence maximum and minimum figures 

were used. The density of unleaded fuel is 0.750 g/m3
• 

10 Threaded or OEM type connections required. 
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Figure 46. Fuel Rail and Injectors. 

4.8 Drive train Design 

The fundamental design principles applied to the drive train were low rotating mass 

and efficient power transmission. Full specifications including differential and 

composite disk drawings are provided in Appendix C. 

4.8.1 Composite Disks 

The drive train features extensive use of non-conventional materials. Kevlar 

composite disks have been used in place of traditional CV or tripod joints saving a 

total rotating mass of around 6kg. 
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Figure 47. Unidirectional Kevlar Composite Disks 

The composite disks (Figure 4 7) are made form laminated unidirectional Kevlar fibre 

and weigh only 55g each. They have a transmission of torque rating of over lOOONm. 

Power transmission efficiency is close to that of a solid shaft as these disks require 

near perfect operating alignment. 

During normal operation, shafts either side of the composite disk(s) must be within 1° 

of straight alignment. The height of the entire rear axle and transmission assembly 

was pre-determined by the tyre and rim selection (Refer Figure 48). In order to 

achieve this ' near perfect' geometry of the transmission assembly many iterations 

were performed in frame and suspension design at the rear of the vehicle. To 

accommodate suspension movement the disks can withstand instantaneous deflections 

of up to 6°. 

Figure 48. Perfect Static Alignment of the Rear Axle is Required to Keep Composite 

Disks from Failure. 
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4.8.2 Drive Shafts 

The drive shafts are large diameter aluminium-alloy tubes that are both stiffer and 

lighter than the traditional solid steel (Refer Figure 49). This was achievable, as the 

drive shafts do not use splines for torque transmission. They are flanged and bolted 

directly to the composite disks. 

The aluminium drive shafts were designed to exceed the strength and stiffness offered 

by a traditional 22mm steel drive shaft which are commonly used in racing 

applications of this nature. The safety factor applied here is upwards of 20 times, 

owing to the catastrophic nature of drive shaft failure. 

Figure 49. Rear Assembly Showing the Aluminium Drive Shafts. Note the Tight 

Clearances with the Pull Rods and Springs. 

Various aluminium sections thought suitable were analysed usmg Finite Element 

Analysis (FEA) techniques. Torque ratings (yield torque) and torsional deflections 

were two criteria tested against the 22mm solid steel racing drive shafts using FEA 

models. The 6mm thick, 50mm OD section aluminium alloy selected exceeds the 

expected yield torque rating of the steel shaft, is much lighter and many times stiffer. 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 4 Rationale for Investigation and Development of Test Rig Page 105 

Figure 50. Aluminium Alloy Drive Shafts Bolted directly to the GKN Composite 

Disks. 

The alloy drive shaft tubes (Figure 50) were tig welded to triangular shaped 8mm 

thick aluminium alloy end plates using a clamping arrangement for correct alignment. 

The plates were tacked on before final welding and the ' run out of the face ' was 

checked and adjusted as the welding procedure took place. Finally, the drive shafts 

were faced in a lathe to ensure the alloy end plates were true. 

4.8.3 Differential Selection and Application 

A fully sealed Quaife Automatic Torque Biasing (A TB) (Figure 51) differential 

assists in maintaining maximum traction during acceleration and cornering. This unit 

is the smallest and lightest automatic torque-biasing differential available. 

Figure 51 . Quaife ATB Differential with Pressed on Ball Bearings. 
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The differential unit was supplied fully sealed and no modifications were necessary. 

Blank sprockets were machined to match the bolt pattern on the existing differential 

flange. Ball bearings were selected and pressed on to the differential casing. 

The differential mounting arrangement dominates the rear of the frame structure with 

an asymmetrical diagonal member supporting the top of the right hand side 

differential mount (Figure 52), this also providing triangulation of the drive train 

frame structure. 

(a) (b) 

Figure 52. Differential Mounting Arrangement; A) Photo Taken during Frame 

Construction, B) Rear Frame Design Dominated by Differential Mounting 

Considerations. 

The differential mounts were designed and fabricated out of plain carbon steel and are 

a sliding fit over the outside of the differential ball bearings. The two mounts are 

tripods in design and mounting is through the use of three bolts each into tabs welded 

to the frame (Figure 53). More details can be found in [104]. 
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Figure 53 . Differential Mounts after Welding Mounting Tabs to the Bare Frame of the 

Test Vehicle 

4.9 Wiring Loom Design 

In developing a working electrical system for use in the "intelligent car" the following 

objectives were identified as essential: 

• Open architecture and expansion capability - for further development of on 

board electrical systems during automotive Neural Network development. 

• Simplicity - including minimising the number of wires, using common parts 

where feasible and designing straight runs between common points. 

• Ease of fault finding - creating fault finding access locations, common 

locations of similar components and using fully colour-coded looms. 

• Minimal maintenance requirements - the system developed must be robust 

and require little maintenance. 

• Neat and aesthetically neutral/appealing. 

4.9.1 Physical Layout Of The Wiring Loom 

The wiring loom was designed to fit neatly away from the major moving parts of the 

car most likely to cause damage. For this reason the ECU (engine Control Unit) is 

located well away from the engine under the seat with the ignition module bolted to 

the floor. As the ECU casing was waterproof further protection was not deemed 

necessary. The wiring loom runs down the right side of the driver, away from the 

gear changer on the left, to the fuse box (Figure 54). 
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Figure 54. Location of fuse box. 

The fuse box is located in a central position to minimise the length of wiring from all 

locations on the vehicle and also for maintenance purposes. The bulk of the 

remaining loom continues along this line at a junction with the wiring from the battery 

located near the starter motor and alternator on the left-hand side of the vehicle. The 

original starter motor, alternator and regulator wires have been retained from the 

original motorcycle engine loom. A fully detailed overview of the wiring system and 

electrical specifications is supplied in Appendix D. 

4.9.2 Dashboard - Layout and Circuitry 

The dashboard (Figure 55) is the driver control panel. All information about the 

engine and other aspects of the running car is fed to the driver through the Advanced 

Dash Logger or ADL. Full Data logger specifications are supplied in Appendix E. 

Figure 55 . ADL Location on Dashboard. 
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COM ports (Figure 56) featured in the dash are used to facilitate fast and easy 

connection of the on-board computer systems to an external computing and storage 

PCs for data logging sessions. The COM ports connect to plugs behind the dash 

where the ECU and ADL are connected facilitating easy removal of individual units. 

The track side computer is simply plugged into the front of the dashboard to down 

load data or change on-board programmed settings. 

Figure 56. Com Ports Are Located on the Dashboard for High Levels of Access 

During Testing and Data Transference with the Remote PCs. 

As vibration is significant on the race car, stress relief for the wmng and solid 

mountings are a feature of this design. Ease of removal of the dash was a major 

consideration and was achieved using two main connectors behind either side of the 

dash. 

4.9.3 Dashboard Circuit design 

Once the physical layout of the dashboard was determined, the circuit design was 

largely a matter of connecting the components with the main vehicle circuit. Shrink 

fit wire covering was used to prevent shorting, and the back of the dash is painted 

with liquid electrical tape to ensure water resistance. 
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4.9.4 Dashboard Physical Layout 

Physical layout of the dashboard switches and lights follows a logical progression. 

The most important switches are to the right, away from the gear changer. The neutral 

and oil warning lights are located close to the ignition switch. 

4.10 Investigation Requirements 

Having outlined the basic components of the experimental rig along with the array of 

sensors to be used for this analysis, the ground has been set for the specifics of the 

investigation to be outlined. This consists of the prediction of: 

• Torque using rpm and lambda values 

• Power using rpm and lambda values 

• Mass Air Flow using lambda and wheel speed 

• Lambda using fuel injector pulse width and rpm 

The reasons for this type of analysis and parameters used are outlined in Chapter 5. 

The practical implications are also presented. Although a full telemetry systems exists 

on the car via a vast array of sensors and a MoTeC data logger, power and torque 

cannot measured. This is achieved via the use of a dynamometer coupled to a PC with 

newly developed software for this specific testing procedure. The software was 

developed at a large cost by the dynamometer supplier to allow real time MoTeC data 

logger recording of power and torque values. This also incorporated wheel speed 

calibration. The basic function of a dynamometer and the specifications of the system 

used are presented in the following Section. 

4.11 Dynamometer Specifications and Testing Set Up 

A dynamometer works on the basic principal of converting the torque output of an 

engine to heat via friction. The dynamometer achieves this via the use of a torque 

converter such as used in the everyday automatic transmission. The quantity of this 
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friction is measured and converted to an engine torque value. The heat is obviously 

dissipated via the use of a cooling fluid such as water. 

A Dynomax 450 4WD dynamometer was used for testing. Full specifications are 

provided in Appendix F. This dynamometer has a power resolution of 0.1 kW whilst 

the tractive force measurement is taken via a load cell. The dynamometer is 6 months 

old and cost in excess of $120000 hence reliability and accuracy is not seen as an area 

to conduct investigation yet it is noted that upon consultation it was quoted that these 

dynamometers typically have a calibration factor ofless than 0.1 % per year. From this 

we can derive that accurate readings were obtained. 

As testing was taking place the following occurred: 

• Power and Torque values were recorded and observed real time on the 

dynamometer screen (Figures 59 and 60) These were also transmitted to the 

MoTeC data logger via developed software and a serial link. 

• All engine parameters were measured and recorded via the MoTeC data 

logger. 

• All engine parameters, along with torque and power values were measured and 

recorded via a remote computer. 

• After each specific test, all data was downloaded from the MoTeC data logger 

and stored on the remote computer hard drive. 

Three people were involved in the testing procedure and all could observe the real 

time values. The testing procedure is outlined in Chapter 5, whilst a photographic 

description of the entire experimental set up is shown below (Figure 57 & 

Figure 58). 
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Figure 57. Rear View of Experimental Set Up. 

Figure 58. Front View of Experimental Set Up. 
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Figure 59. Dynamometer Bar Screen. 

Figure 60. Dynamometer Real Time Torque. 

4.12 Conclusion 

The engine design analysis outlined in this chapter explicitly proved itself at the 2002 

Formula SAE-A Competition 2002 via winning the acceleration event. This event is a 

75-meter straight-line event that was completed in a time of 4.06 seconds. Taking in 

to consideration that the engine was powering a car that, on average, was 50 kg 

heavier than its 17 competitors, this was a phenomenal effort thus validating the 

engineering design calculations documented in this chapter. 

Extensive design considerations are encountered when designing an engine package 

for a custom built race car. These include: 
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• Designing within extensive race guidelines [93]. 

• Specific engine mounting and coupling to drive train. 

• Locating engine within frame for ease of maintenance. 

• Extensive exhaust and inlet design with respect to aesthetics and function. 

• Tuning for driveability. 

• Reliable sensor design, calibration and installation. 

Having fulfilled these requirements the overall engine design package has proven 

itself as an outstanding engineering feat completed over a period of six months. 

Having established the engineering design and sensor build up for the experimental 

rig, an outline of the experimental set up, along with the measured parameters, is 

presented. Chapter 5 details the specifics of the investigation and an analysis of the 

data obtained is explored through the use of different neural network architectures. 

The practical implications of the results are also presented. 
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Chapter 5: Experimental Results and 

Predictive Model Appraisal 
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5.0 Introduction 

This chapter highlights the effectiveness of artificial neural networks to predict engine 

output values, namely torque and power, and also lambda and air mass flow. These 

are the most important engine parameters for fault diagnosis and engine efficiency. 

The tests are conducted after careful optimum network selection to determine the 

practicality of the use of neural networks for the above purposes. The parameters for 

prediction have been selected to optimise predictability. 

The tests have been conducted over a wide range of operating conditions. The goal is 

to perform reasonably fast identification of different networks performance thus 

training convergence speed is an important issue. Consequently, the number of input 

parameters, as well as the number of data samples, is limited to a minimal amount 

thus to allow investigation of the usefulness of each architecture to predict the 

required parameters using minimal data, whilst maintaining accuracy. 

5.1 Testing Procedure and Measured Parameters 

The parameters measured and recorded are included below. These parameters were 

measured at a rate of 10 Hz due to constraints imposed by the data logging equipment. 

This sampling rate is adequate for the parameters considered as a running average is 

used as opposed to a study of the dynamics through individual engine revolutions. 

Each measurement provided by the sensors outlined in the previous chapter (Refer 

Appendicis E,F,H & I for individual sensor and dynamometer accuracy), the overall 

list consists of the following values: 

ECU measured parameters: 

RPM* 

Lambda* 

Air mass flow rate* 

Fuel injector pulse width* 

Fuel injector duty cycle* 

Throttle position 
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Air Temperature 

Ignition Advance 

Telemetry Parameters: 

Rear left wheel speed 

Rear right wheel speed 

Dynamometer measure parameters: 

Power* 

Torque* 

Wheel speed* 

Where * denotes values used for this analysis. 
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Due to engine tuning, the ignition advance value remains virtually constant in the 

analysed range. This provides no variation for analysis and consequent prediction. 

The throttle position value also remained constant for each individual test thus also 

rendered redundant as a predictive parameter. 

The measurements were taken from a variety of tests. The tests were a result of 

holding the throttle position as close to steady as possible whilst varying the load on 

the wheels over the entire rpm range. This is know as the standard 'ramp test' and was 

completed for throttle positions of between 60 -100% in increments of 10%. This 

procedure was decided upon for two reasons: 

1) Extra engine tuning is required before the engine is to compete in the next 

Formula SAE event and this is the specific throttle position range to be 

analysed. 

2) This type of data produces values for the most important engine parameters 

over a very wide range whist being extremely concise in length. I.e. we are 

attempting to show the ability of different neural network architectures to map 

an extensive range of engine parameters in the most concise manner. 

Consequently, the required data for this analysis tuned out to require only 
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1075 data points. The data points highlighted above best represent all 

interrelations and connection between other input parameters. 

5.2 Network Training 

This research group has been developing Microsoft Excel based software to train and 

test the selected artificial neural networks (and others) over a number of years with a 

focus in manufacturing applications, as covered in [26] and was also used for this 

study. As a result its operation will not be discussed in detail here but the software is 

trained as follows. The software works by first inserting the properly formatted data 

into an Excel sheet and normalising the values. The program then presents a number 

of training options - such as network type, transfer function, number of neurons 

(nodes), number of interactions and smoothing factor values. Training then 

commences until the network converges, after which a number of functions are 

available such as testing the network with new data, plotting graphs to compare 

network accuracy with testing data, evaluating RMS error and conducting input 

importance analysis. Data code for the Multi-Layer Perceptron and Radial Bias 

Function Networks is given in Appendix H that highlights the logic and algorithms 

used. 

5.3 Numerical Investigation for Network Selection for Torque 

Prediction 

A decision of simple architecture for torque prediction is investigated using measured 

RPM and Lambda values. An optimum architecture is aimed at by numerical 

investigation and various modifications to standard neural network algorithms. 

Average RMS percentage deviation 11 is taken as a benchmark to identify the 

performance of each architecture. 

11 The av:erage RMS error is based on the five 'runs' analysed. These 'runs' were 

conducted using identical procedures with the only variables being ambient 

conditions. 
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The results for the numerical investigation are shown below in Table 1 where the 

optimum architecture for each is stated below: 

• 4 hidden nodes for MLP 1 

• 6 hidden first layer nodes for MLP2 (2 node second layer) 

• 6 hidden nodes for RBF (sigma 0.1) 

• 6 hidden nodes for RBF (sigma 0.2) 

Network First Layer Second Layer %RMS Error 

!Hidden nodes !Hidden nodes Train Test 

MLPl 2 6.82 6.81 

MLPl ~ 5.42 5.01 

MLPl 6 5.25 ~.92 

MLPl 8 5.49 5.06 

MLPl 10 5.42 5.02 

MLPl 12 5.44 5.03 

MLPl 14 5.4 5 

MLP2 2 ~ 4.81 14.61 

MLP2 4 ~ 4.77 ~.66 

MLP2 6 ~ 4.43 14.32 

MLP2 8 2 5.47 5.37 

MLP2 10 2 4.85 ~.66 

MLP2 12 2 5.02 14.83 

MLP2 14 ~ 4.58 14.47 

MLP2 16 ~ 5.18 ~.92 

Sigma 

RBF 2 0.1 9.05 10.44 

RBF 4 0.1 8.83 10.42 

RBF 6 0.1 7.21 8.57 

RBF 8 0.1 7.71 8.94 

RBF 10 0.1 7.85 8.87 

[IBP 12 0.1 7.81 8.95 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 5 Experimental Results and Predictive Model Appraisal Page 120 

RBF 2 0.2 9.53 9.02 

RBF 4 0.2 8.2 7.58 

RBF 6 0.2 7.54 7.74 

RBF 8 0.2 100 100 

RBF 2 0.3 8.19 7.24 

RBF ~ 0.3 100 100 

RBF 6 0.3 100 100 

Table 1. Neural Network Algorithm Comparison 

The numerical investigation in Table 1 shows the RMS results. From this the 

appropriate architecture for predictive capability is selected. 

Average RMS Error 
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Figure 61. Average RMS Error vs. Number of Nodes. 
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- BP1 Train 

- BP1 Test 

BP2 Train 

- BP2Test 
l 

- RBF Train Sig 0.1 

- RBF Test Sig 0.1 

- RBF Train Sig 0.2 

- RBF Test Sig 0.2 

From Table 1 and Figure 61 , the optimum number of nodes for the most accurate two 

networks to analyse for train and testing purposes are: 

• 6 hidden first layer nodes for MLP2 (2 node second layer) 

• 6 hidden nodes for RBF (sigma 0.2) 
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Having selected the appropriate neural networks, the results for predictability are 

investigated. This selection deals with the prediction of torque for the architectures 

selected above. This is aimed at in two stages, namely testing and training. 

5.3.1 Predictive Model for Torque 

The engine parameters used to predict torque are rpm and lambda, measured over a 

series of five ' ramp tests '. The data has been edited to include only the points when 

the engine is under load. This is due to the fact that incorrect lambda readings are 

obtained by the oxygen sensor when the engine is on overrun. This data best 

represents all the testing conditions for practical implications. It is kept constant for 

all predictability. These neural network architectures are trained using 860 (80% of 

original data length) data points. The logged parameters are randomised by the 

network before training. The quantity of data provides sufficient information to 

determine predictability as specified above. Firstly, the results for training will be 

presented with the Multi-Layer Perceptron algorithm followed by the radial bias 

function algorithm. 

5.3.2 Training The Multi-Layer Perceptron Algorithm For Torque 

Prediction 

Network Training Comparison. BP2 - 6 nodes 

1100 • •---

800 ~------------at-------11---------------1 

700 ·---------------------· ______ ,__ _____ _, 

600 -1-------

500 <-------------

- Recorded 
Torque 

- Predicted Torque 

400 ~---------------------'-------~ 

Figure 62. Torque Prediction during Training (MLP 2 - 6 Nodes) . 
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From Figure 62, it can be seen that for the five tests carried out the training is 

adequate with an average percentage deviation of 2.39%. The fourth test is extremely 

close quantitatively compared to the other tests. 

% Error for BP2 - 6 Nodes 
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Figure 63. Percentage Error during Training (MLP 2 - 6 nodes) . 

It must be noted that the values presented in Figure 62 are in the form of tractive 

effort. This is measured in Newton' s. It is directly related to torque and is dependent 

upon the tyre diameter and dynamometer roller diameter. It is more accurate to 

present dynamometer torque in this way due to the possibility of tyre deformation. In 

our instance, a specific torque value measured in Newton meters can be obtained by 

dividing the values presented by 30. 

Referring Figure 62, each cycle represents a set of testing data. The data is 

randomised by the network for training, but has been sorted to allow for a specific test 

analysis. The data shows the best result for the fourth test, implying that data 

measurements for 90% throttle position providing an excellent basis for predictability. 

Overall, considering the extent of data, the neural network has instantly showed its 

ability to converge with minimal errors thus to predict torque, at the training stage, 

with excellent accuracy using only two engine parameters. The practical implications 

of which will be discussed towards the end of this chapter. 
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Figure 63 highlights that the data shows extremely minimal bias for either over 

prediction or under prediction. Further, an excellent training capability is achieved 

with an average percentage deviation of only 2.39% to the experimental results. The 

model shows the ability to adjust and adapt to the non-linear dynamic situation for the 

engine performance. These factors are encouraging and will be compared to the 

torque prediction performance of the Radial Bias Function Network in the following 

section. 

5.3.3 Training Radial Bias Algorithm for Torque Prediction 

The optimum algorithm found in Section 5.3 Numerical Investigation for Network 

Selection for Torque Prediction will be used. Once again, 860 data points are used 

with two inputs to estimate torque at the training stage. 

Network Training Comparison. RBF - 6 nodes (0.2 sigma) 

800.00 

700.00 

600.00 -- Recorded Torque 

500.00 

--Pred icted Torque 
400.00 ~-------------------"----

Figure 64. Torque Prediction during Training (RBF - 6 nodes). 

From Figure 64 it can be seen that for the five tests carried out the training is adequate 

with an average percentage deviation of 3.98%. Once again, the fourth test is 

reasonably close quantitatively compared to the other tests. 
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% Error for RBF- 6 Nodes (0.2 Sigma) 
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Figure 65. Percentage Error during Training (RBF - 6 nodes). 

It is noted that although the RBF appears to adapt its predictability better than the 

MLP 2 algorithm (not as susceptible to trend following), this occurs much too often 

thus providing a general offset in its predictions during training. It must also be noted 

that the training for predictability of the low spikes in the recorded torque data is very 

poor and these points are not included in Figure 65 to enhance visual analysis. With 

this type of segmented testing, these spikes will always occur hence are detrimental to 

the accurate use of this algorithm for torque prediction using data from this testing 

procedure. 

From a training point of view, the MLP has an average percentage deviation of 2.39% 

compared to RBF ' s average percentage deviation of 3.98%. The scatter for the data is 

more pronounced for RBF compared to MLP. The percentage error graphs show a 

much tighter and less scatter predictability for MLP compared to RBF. The next 

section will show the testing capability of both models for torque prediction. 
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5.3.4 Testing the Multi-Layer Perceptron Algorithm for Torque Prediction 

The model used for testing consists of 215 different engine-operating conditions 

randomly extracted from the overall testing data of the 1075 points discussed earlier. 

This data is used to test the networks ability to predict torque. It provides a measure of 

the accuracy of each networks ability to predict torque using this type of data input 

and network training. Full details of the specific errors is given below to provide a 

better visual analysis of the testing results. 

Network Testing Comparison. BP2 - 6 nodes 

1400.00 ~--------------------------~ 
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600.00 -1------------------------j 

- Predicted Torque 
500.00 _....__ __________________ __..__ _______ _ 

Figure 66. Torque Prediction during Testing (MLP 2). 

From Figure 66, it can be seen that for all the five ramp tests carried out there is an 

excellent qualitative correlation with the experimental value. The average percentage 

deviation is 2.85% for testing. 
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Figure 67. Percentage Error for MLP 2 Testing. 

From Figure 67, it can be seen that no bias is present for under or over predictability 

and 98.13% of the corrected data is within ± 6%. This is an excellent result and shows 

the predictive capability of the model with average percentage deviation of 2.85%. 

Over 96% of testing errors are below 5% thus indicating that using the MLP 2 

algorithm with 6 nodes in the first layer and 2 nodes in the second allows for 

extremely accurate prediction of torque. 
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5.3.5 Testing The Radial Bias Algorithm For Torque Prediction 

Network Testing Comparison. RBF - 6 nodes (0.2 Sigma) 
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Figure 68. Torque Prediction during Testing (RBF). 

From Figure 68, it can be seen that for all the five ramp tests carried out there is an 

reasonable qualitative correlation with the experimental value. The average 

percentage deviation is 5.32% for testing. 
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% Error For RBF - 6 nodes (0.2 Sigma) test ing 
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Figure 69. Percentage Error for RBF (0-2 Sigma) testing. 

Figure 69 shows the predictive capability of the model with a small amount of under 

prediction. Over 96% of testing errors are below 10% thus indicating that using the 

RBF algorithm with 6 nodes allows for reasonable prediction of torque. 

In comparison with the optimum MLP network, this error is not tolerable for practical 

purposes hence it can be concluded that the MLP network is favoured for torque 

prediction. 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 5 Experimental Results and Predictive Model Appraisal Page 129 

5.4 Predictive Model for Power 

Using convention methods, power is a direct product of rpm and torque. Using the 

optimum algorithms for torque prediction outlined above, an analysis is conducted 

into the ability of neural networks to predict power. This type of analysis has the same 

practical implications of torque prediction and is conducted to simply show that 

power can be predicted using a very small number of inputs which is not possible 

with conventional methods. 

5.4. 1 Training the Multi-Layer Perceptron Algorithm for Power Prediction 

10 !-------

5 -1-------

Network Training Comparison. BP2 - 6 nodes 

________ -------< - Recorded Power 

- Predicted Power 
0 1-~~~~~~~~~~~~~~~~~~~~--...!===============:l' 

Figure 70. Power Prediction during Training. (MLP 2) 

From Figure 70, it can be seen that for all the five ramp tests carried out, there is an 

excellent qualitative correlation with the experimental value. The average percentage 

deviation is 3. 71 % for testing. Please note the sharp drop of the predicted power line. 

This highlights the limitations with using this type of network for such predictions as 

convergence has been achieved before an accurate prediction. 
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% Error for BP2 - 6 Nodes 
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Figure 71 . Percentage Error during Training (MLP 2). 

Referring Figure 70, each cycle represents a set of testing data. The data is 

randomised by the network for training, but again has been sorted to allow for a 

specific test analysis. The data again shows the best result for the fourth test, implying 

that data measurements for 90% throttle position providing an excellent basis for 

predictability. Overall, considering the extent of data, the neural network has instantly 

showed its ability to converge with minimal errors thus to predict power, at the 

training stage, with excellent accuracy using only two engine parameters. 

Figure 71 highlights that the data shows extremely minimal bias for either over 

prediction or under prediction. Further, an excellent training capability is achieved 

with an average percentage deviation of only 3.71 % to the experimental results. The 

model shows the ability to adjust and adapt to the non-linear dynamic situation for the 
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engine performance. These factors are encouraging and will be compared to the 

power prediction performance of the Radial Bias Function Network in the following 

section. 

5.4.2 Training the Radial Bias Predictive Model for Power Prediction 

Once again, 860 data points are used with three inputs to estimate power at the 

training stage. 

Network Training Comparison. RBF - 4 nodes (0.2 Sigma) 
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Figure 72. Power Prediction during Training. (RBF 4 - 0.2 Sigma) 

From Figure 72 it can be seen that for the five tests carried out the average percentage 

deviation of 15.03%. Once again, the fourth test is reasonably close quantitatively 

compared to the other tests. 
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% Error for RBF - 4 Nodes (0.2 Sigma) 
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Figure 73. Percentage Error During Training (RBF 4 - 0.2 Sigma). 

Training of the RBF algorithm (Figure 73) shows the networks inability to predict 

power with a reasonable accuracy. The optimum algorithm for RBF torque prediction 

could not be used for this analysis as a constant 100% error was obtained. This 

insinuates that the optimum algorithm for torque prediction is not necessarily also the 

optimum algorithm for power prediction. This provides scope for future work in this 

area. A 4 node RBF was used instead to provide a basis for comparison. 

From a training point of view, the MLP has an average percentage deviation of 3. 71 % 

compared to RBF ' s average percentage deviation of 15 .03%. The scatter for the data 

is far more pronounced for RBF compared to MLP. The percentage error graphs show 

a much tighter and less scatter predictability for MLP compared to RBF. The next 

section will show the testing capability of both models for torque prediction. 
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5.4.3 Testing the Multi-Layer Perceptron Algorithm for Power Prediction 

The model used for testing consists of 215 different engine-operating conditions 

randomly extracted from the overall testing data of the 1075 points discussed earlier. 

This data is used to test the networks ability to predict power. It provides a measure of 

the accuracy of each networks ability to predict power using this type of data input 

and network training. Full details of the specific errors is given below to provide a 

better visual analysis of the testing results. 

Network Testing Comparison. BP2 - 6 nodes 

50.00 ~---------------------------~ 

45.00 -t------J----.Y----j-Jo....,------p.~---------=--------1 

40.00 t----1---t------6---+-----ll - ---ll-----l-l-- ---l'----l---F- --'l.1 

35.00 -j----f----t---o----t---1---1----+----t-------F7~----1 

30.00 r-- 1-----1--f------t- --.A----+--- --f,.--------1-

25_00 l---lf-----+-H-----f---l--------jl--ll---------jl--1-1-------1 

20.00 ;1-------t1------11t-------++-------~l/--------t 

15.00 -t------------- ------111-

10.00 -j------------------t----------------1 

5.oo +---------------------____, --Recorded Power 

- Predicted Power 
0.00 -'------------------------'L__ ______ ___J 

Figure 74. Power Prediction during Testing (MLP 2). 

From Figure 74, it can be seen that for all the five ramp tests carried out there is an 

excellent qualitative correlation with the experimental value. The average percentage 

deviation is 3.91 % for testing. 
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% Error for Testing BP2 - 6 nodes 

20.00% ....---------------------------. 

15.00% 

- 10 . 00%~------------------------~ 

Sample Number 

Figure 75 . Percentage Error for MLP 2 Testing. 

From Figure 75, it can be seen that minimal bias is present for under or over 

predictability and 94.88% of the corrected data is within ± 5%. This is an excellent 

result and shows the predictive capability of the model with average percentage 

deviation of3 .91%. This indicates that using the MLP 2 algorithm with 6 nodes in the 

first layer and 2 nodes in the second allows for extremely accurate prediction of 

power. 

Overall, power prediction via the use of the MLP 2 algorithm is definitely within 

tolerable limits, and could be used for similar purposes as torque prediction. 
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5.4.4 Testing The Radial Bias Function Algorithm For Power Prediction 

Network Testing Comparison. RBF - 4 nodes (0.2 Sigma) 

50.00 -.--------------------------------. 

45.00 -1----1 

20.00 

15.00 _,__ _______________ _,, ___ 1 --Recorded Power 

--Predicted Power 
1000 _L_ __________________ ..!::::=======J 

Figure 76. Power Prediction during Testing (RBF 4). 

From Figure 76, it can be seen that for all the five ramp tests carried out there is an 

reasonable qualitative correlation with the experimental value. The average 

percentage deviation is 14.22% for testing. 
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% Error for Testing RBF - 4 nodes (0.2 Sigma) 
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Figure 77. Percentage Error for RBF 4 Testing. 

Figure 77 shows the predictive capability of the model with a large amount of under 

prediction. The average percentage deviation of 14.22% is not within tolerable limits. 

In comparison with the optimum MLP network, this error is not tolerable for practical 

purposes hence it can be concluded that the MLP network is favoured for power 

prediction and in fact RBF with four nodes should not be used. Overall, power 

prediction using the RBF algorithm is very umeliable. 

5.5 Predictive Model for Ai r Mass Flow Prediction - Network 

Selection. 

Air mass flow is an extremely important engine parameter as it measures the exact 

amount of air that is inducted into an engine at any given instant. This is directly 

related to the amount of fuel that is inducted thus the power output of the engine. 

Lambda and wheel speeds were used as the inputs to the network for training and 

testing purposes. 
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Again, an optimum algorithm is aimed at by numerical investigation and the average 

RMS error is taken as the benchmark to identify the performance of each architecture. 

The results for the numerical investigation are shown below in Table 2, where the 

optimum architecture for each is: 

• 4 hidden nodes for MLP 1 

• 6 hidden first layer nodes for MLP2 (2 node second layer) 

• 10 hidden nodes for RBF (Sigma 0.1) 

First Layer Second Layer % RMS 

!Error 

Network Hidden nodes Hidden nodes Train Test 

IMLPl ~ 8.84 8.5 

IMLPl ~ 8.75 8.31 

IMLPl 6 9.05 8.48 

IMLPl 8 9.97 9.3 

MLP2 2 ~ 8.99 8.7 

IMLP2 ~ 2 8.83 8.43 

IMLP2 6 2 8.77 8.4 

MLP2 8 2 8.97 8.68 

MLP2 10 2 15.43 15.19 

Sigma 

RBF 2 0.1 11.81 11.53 

RBF ~ 0.1 11.53 11.2 

RBF 6 0.1 11.48 10.97 

lRBF 8 0.1 10.93 10.27 

lRBF 10 0.1 9.63 9.2 

RBF 12 0.1 9.63 9.2 

Table 2. Neural Network Algorithm Comparison 
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-- BP1 Train 

-- BP1 Test 

BP2 Train 

-- BP2Test 

-- RBF Train Sig 0.1 

1-- RBF Test Sig 0.1 

Only one optimum network will be analysed for training and testing as this displays 

excellent results after noise filtration. This is the MLP2-6 hidden first layer nodes (2 

node second layer) algorithm. 
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5.5.1 Training Stage of Neural Network for Air Flow Prediction 

Network Training Comparison. BP2 - 6 nodes 

3.00 

2.50 

2.00 

1.50 

--Recorded Air Mass Flow 

--Pred icted Air Mass Flow 

Running Average 
1.00 _L_ ____________________ ___:================-i 

Figure 79. Air Mass Flow Prediction during Training. 

From Figure 79 it can be seen that for the five tests carried out the training is adequate 

with an average percentage deviation of 7 .12%. 

% Error for Training BP2 - 6 nodes 
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Figure 80. Percentage Error for MLP 2 Training 
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The values for air mass flow were simply measured as a voltage output from the mass 

flow sensor described in the previous chapter. Figure 79 instantly shows the 'noise' 

associated with the recorded data thus a rmming average was calculated to filter the 

noise. The noise associated with this measurement stems from a wiring earthing 

problem. The running average plotted against the predicted value shows the ability of 

the neural network to predict mass airflow during training. 

Figure 80 shows that during training, errors are increased by data noise but the 

running average via a trend line shows reasonable results. This is useful for fault 

diagnosis and mass air flow predictions. The practical implications of this are 

included at the end of this chapter. 

Referring Figure 80, again each cycle represents a set of testing data. The data is 

randomised by the network for training, but has been sorted to allow for a specific test 

analysis. As opposed to power and torque prediction, the results for the fourth test are 

the most inaccurate. 

Figure 80 highlights that the data shows no bias for either over prediction or under 

prediction. Further, a reasonable training capability is achieved with an average 

percentage deviation of only 7.12% to the experimental results. The model shows the 

ability to adjust and adapt to the non-linear dynamic situation for air mass flow 

prediction. 
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5.5.2 Testing Stage of Neural Network for Air Mass Flow Prediction 

Network Testing Comparison. BP2 - 6 nodes 
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Figure 81. Air Mass Flow during Testing. 

From Figure 81 it can be seen that for the five tests carried out the testing is adequate 

with an average percentage deviation of 6.98%. 
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Figure 82. Percentage Error for MLP 2 Testing. 

Testing the algorithm (Figure 81), again shows excellent results when plotted against 

the running average. This algorithm could be used for accurate fault diagnostics as 

described in the practical implications at the end of this chapter. 

From Figure 82, it can be seen that minimal bias is present for under or over 

predictability, as is shown by the trend line. This is an excellent result and shows the 

predictive capability of the model with average percentage deviation of 6.98%. 

5.6 Predictive Model for Lambda Prediction 

Selection. 

Network 

Lambda is an extremely important engine parameter as it measures the oxygen 

content in the exhaust gasses thus the air fuel ratio of the inducted mixture. This is 

directly related to the efficiency of the engine. Rpm and fuel injector pulse widths 

were used as the inputs to the network for training and testing purposes. 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Chapter 5 Experimental Results and Predictive Model Appraisal Page 143 

Again, an optimum algorithm is aimed at by numerical investigation and the average 

RMS error is taken as the benchmark to identify the performance of each architecture. 

This is only a preliminary investigation yet results proved to be quite accurate. 

The results for the numerical investigation are shown below in Table 2, where the 

optimum architecture for each is: 

• 5 hidden nodes for MLP 1. 

• 2 hidden first layer nodes for MLP2 (2 node second layer). A constant value of 

0.89 lambda was obtained which correlates to the engine tuning value. 

• 2 hidden nodes for RBF (sigma 0.1). 

!First Layer Second Layer %RMS Error 

Network Hidden nodes Hidden nodes Train Test 

MLPl 2 3.88 3.71 

MLPI ~ 2.91 3.03 

MLPI 5 l2.44 2.44 

MLPI 6 l2.8 2.9 

MLPI 7 2.89 3.02 

MLPI 8 Q.9 3.03 

MLPI 10 3.08 3.12 

MLP2 2 l2 5 4.54 

Sigma 

RBF 2 0.1 5.02 5.04 

RBF ~ 0.1 5.17 5.15 

Table 3. Neural network algorithm comparison for lambda prediction. 
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Figure 83 . Average RMS error vs. Number of nodes. 
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Having selected the MLP 1 algorithm (5 hidden nodes) as optimum, the results for 

predictability are investigated. 

5.6.1 Training Stage of Neural Network for Lambda Prediction 

Network Training Comparison. BP1 - 5 nodes 

0.98 ,...-------------------------------. 

0.78 ·•-----

--Recorded Lambda 

-- Predicted Lambda 
on~-----------------~---------~ 

Figure 84. Lambda Prediction during Training. 
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From Figure 84 it can be seen that for the five tests carried out the training is excellent 

with an average percentage deviation of 1.98%. 
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Figure 85. Percentage Error for MLP 2 during Training. 

Figure 85 highlights that the data shows minimal bias for either over prediction or 

under prediction. Further, an excellent training capability is achieved with an average 

percentage deviation of only 1.98% to the experimental results. The model shows the 

ability to adjust and adapt to the non-linear dynamic situation for lambda prediction. 
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5.6.2 Testing Stage of Neural Network for Lambda Prediction 

Network Testing Comparison. BP1 - 5 nodes 

0.80 _ ___ _,__, 
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Figure 86. Lambda Prediction During Testing. 

From Figure 86 it can be seen that for the five tests carried out the training is excellent 

with an average percentage deviation of 2.00%. 

% Error for Training 
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Figure 87. Percentage Error for MLP 2 During Testing. 
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From Figure 87, it can be seen that minimal bias is present for under or over 

predictability, as is sho-wn by the trend line. This is an excellent result and shows the 

predictive capability of the model with average percentage deviation of 2.00%. 

The training stage for lambda prediction basically shows a trend with the resultant 

graph appearing very similar to that of the torque and power graphs. This is very 

much the case as the engine is tuned to run slightly leaner at high rpm. It must also be 

noted that the engine was tuned to a specific value oflambda 0.89 but recorded values 

do not show this. The network with 6 hidden nodes instantly resulted in a straight line 

consisting of all 0.89 Lambda values thus highlighting the intelligence of these neural 

systems. No numerical analysis could show this. 

During both testing and training the error bias was non-existent hence indicating that 

an averaging procedure would produce extremely accurate results. These could 

consequently be used for lambda sensor fault diagnosis or as a direct reflection of the 

engine operating efficiency. This is achieved via using the predicted value and 

comparing it with the 'ideal' efficiency value. 

5. 7 Practical Significance of Torque Prediction 

Torque is a direct reflection of the operating output of an engine. It is directly related 

to the efficiency of the engine and all operating parameters such as the amount of fuel 

and air used along with the laws of thermodynamics that govern the actual 

combustion process itself. Due to these reasons, the practical implications of torque 

prediction are significant. 

To be able to predict torque implies that if this technology was to be used for standard 

tuning and fault diagnosis, the use of the standard dynamometer may, in the future, 

become redundant except for the use in manufacturers workshops and for tuning 

custom race engines. This may occur as the engine manufacturer could supply 

standard performance data via a trained network, which would provide exact torque 

values for different operating conditions that entailed all standard road driving 
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conditions. If lambda and RPM values didn't predict the correct torque within a 

standard error range then there exists a problem with the injectors themselves or 

internally within the engine as this would effect the combustion process thus the 

lambda values. A sensor fault would pertain to different output torque values, as 

would, for example, a broken compression ring or faulty spark plug. This is not the 

best way to achieve this type of fault indication, but it must be stated that it is possible 

to achieve this from an extremely small amount of data. It must be mentioned that the 

quality of this data will improve with continuous training whilst the engine is new. On 

the same note, the network could be retrained as the engine wears to reduce the likely 

hood of incorrect fault detection. 

The efficiency of an internal combustion engine is directly related to the output torque 

value which should be at a maximum whilst burning minimum fuel and releasing 

minimum exhaust gas emissions. If the engine is not operating to specification, the 

efficiency of the engine is decreased and the predicted output torque given from 

selected engine parameters would change hence indicting that a full engine fault 

diagnosis is required. Torque prediction could be used extensively in the motor racing 

industry for on line predicted values to be displayed on the dash of the car. This 

would give the driver an exceptional 'feel' for the engines characteristics with piece 

of mind. A race car driver may know the specific RPM torque ranges for a specific 

engine, through extensive practice (and the G forces exerted by his/her body on the 

seat), but if a new engine with different characteristics was required to be installed 

into the car say, the night before a race, the driver could 'learn' much more about the 

engine in a shorter space of time. This idea also extends to testing, generally cutting 

down training time. It could be used for different tracks. Driver feedback to the 

technical team is a critical aspect of motor racing and this could be dramatically 

improved via the use of neural network predicted torque being displayed on the dash 

of the car. 

5.8 Practical Significance of Air Flow Prediction 

Airflow is directly related to the power output of an engine thus rendering it the most 

important parameter measured by an engine control unit. If this sensor sends faulty 
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readings in the form of an incorrect voltage, the engine will definitely not run to 

optimum efficiency. The reason for this being that the engine control unit will inject 

the wrong quantity of fuel for each particular engine operating condition due to the 

map based look up table functionality of these systems. 

The above testing data implies that if a running average of over 5% deviation from the 

predicted value is measured for any particular length of time, the air flow sensor is 

faulty, requiring service and re-calibration, or replacement12
• This is a direct 

application of the ability of neural networks to predict faults in an engine. The same 

procedure can be applied to all engine sensors thus if an on line neural network was 

predicting all engine parameters and comparing them with measured values, an error 

limit would be set over a predetermined time period before a fault indicator was 

initiated. Noise would oppose a small barrier for this type of fault diagnosis but as 

displayed in the preceding chapters, this is very easy to filter. The following section 

deals with a continuation of this theme, showing lambda prediction using fuel injector 

pulse width and rpm. 

5.9 Results Conclusion 

This chapter has highlighted the effectiveness of neural networks to predict both 

engine sensor values and performance figures, namely, power and torque. The 

important conclusions extracted from the investigation include: 

• The optimum architecture for torque prediction is the MLP algorithm with six 

nodes in the first layer and two in the second. Average percentage deviation from 

the data presented is 2.39% compared with the optimum RBF architecture with an 

average percentage deviation of 3.98%. These are very useful results for practical 

purposes as is highlighted in the practical applications section of the chapter. 

• Optimum architectures for torque prediction are not necessarily the optimum 

architectures for power prediction. This sets the scene for future work in this area. 

12 This statement has not been verified. Verification could be achieved via simulation 

using an additional electrical resistor. 
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• Airflow prediction is accurately attainable via the use of the same optimum 

architecture as that for torque prediction. The electrical noise associated with the 

value recording can be adequately filtered to allow for reasonable prediction. The 

practical implications of this presented at the end of the chapter. 

• Preliminary lambda prediction results show promising predictability. The ground 

for future work in this area has been set. 

This type of testing allows for a very concise overview of all-important engme 

operating conditions. Covering speed of the respective networks investigated is 

extremely fast thus allowing for real time prediction. This topic will be covered 

further in the following chapter. 
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Chapter 6: Conclusion and Future Work 
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6.0 Conclusion and Future Work 

An exhaustive literature survey has been carried out to highlight the state of the art of 

both the engine management units and the artificial neural networks. The need for 

sensor technology to measure and display the dynamic engine parameters is 

highlighted. The specific parameters for engine performance and diagnosis were 

identified and problem solving through intelligent tools is developed. 

In this thesis a exhaustive sensor technology for IC engmes 1s discussed and 

implemented. A Kawasaki Ninja 600cc motor cycle engine is selected as the test rig. 

The importance of neural networks as a predictive tool is highlighted. The nature of 

recurrent feed forward networks and their optimum architecture for predictive 

purposes is shown. The architecture for Multi-Layer Perceptron (MLP) and Radial 

Bias Function (RBF) are discussed with approximate algorithms for predictive 

purposes. A survey on the IC engine basics and engine efficiencies including fuel 

octane ratings are covered. 

A brief description on the IC engme for control usmg conventional methods is 

discussed. The mechanical, volumetric and fuel efficiencies are discussed with a view 

to understanding air/fuel mixture and octane rating. A review highlighting the series 

of conventional control and their limitations are highlighted. A concept of fault 

diagnosis and degree of importance of input parameters on performance is discussed. 

A review of the practical implications are highlighted. 

A brief description on the engine electronic control is shown with an emphasis on the 

engine torque estimation using neural network. Additional relevant features such as 

the engine emissions prediction using in cylinder combustion pressure and neural 

networks is discussed. The requirements for emission prediction approach, set up and 

data analysis together with neural networks processing is discussed. 

The rationale for experimental design and engine specification is discussed with a 

rationale for modifications. The specific modifications with the intake runner, 

plenum, throttle body and air cleaner is clearly documented. As an important and 

significant contribution to the sensor measurements the throttle sensor, crank angle 
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sensor, cam angle sensor and the lambda sensor are all calibrated and installed. The 

wheel speed sensor and the linear potentiometers were installed as part of other major 

research higher degree projects. 

The experimental investigation involved a systematic data acquisition from the 

sensors involved. The data acquisition system with the aid of MoTec and developed 

software facilitated the necessary data intake for subsequent neural network 

processmg .. 

The predictive models for power and torque are developed with both MLP and RBF 

algorithms. It has been shown that the power and torque predictions using MLP are 

much superior to those of the RBF for quantitative accuracy purposes. The average 

percentage deviation is shown to be very small for the power and torque prediction 

using MLP compared to RBF. The accuracy of predictions are much superior for 

MLP compared to RBF and the average percentage deviation reflect these values. 

The reliable quantitative predictions for power and torque have a significant practical 

relevance. An estimation of power and torque and the degree of importance of process 

variables, as a percentage, can identify and indicate fault diagnosis. This will be 

useful for systematic identification of faults in IC engines 'on-line' and notify 

potential parameters of relevance. 

Overall, the estimation of power and torque using MLP is found to be very successful 

with excellent average percentage deviation. The practical significance of 

implications of this work will be reflected in automatic fault diagnosis of an IC engine 

when the efficiency or power is reduced on-line. Further, the fact that an indication of 

power without a chassis dynamometer is achieved and the subsequent fault diagnosis 

is indicated, is the highlight of this thesis. 

The future work involves an indication of these 'on-line' and incorporating 

approximate control algorithms together with digital display. It is anticipated that 

these algorithms and intelligent control tools are incorporated on a non-linear 

dynamic environment for day to day use. 
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A-1: Engine specifications 

Engine: 
Type 
Cooling system 
Bore anCI stroke 
Displacement 
Compression ratio 
Maximum horsepower 

Maximum torque 

Carburetion system 
Starting system 
Ignition system 
Timing advance 
Ignition timing 

Spark plug 
Cylinder numbering method 
Firing order 
Valve timing: 

Inlet Open 

Exhaust 

Lubrication system 
Engine oil: 

Grade 
Viscosity 
Capacity 

Close 
Duratic:in 
Open 
Close 
Duration 

4-stroke, DOHC, 4-cylinder 
Liquid-cooled 
66x 43.8 mm 
599 ml 
12.8 
81.6 kW (111 PS) @12 500 r/min (rpm), 
(AS) 80.6 kW (109.6 PS) @12 500 r/min (rpm), 
(PR) 78.2 kW (106.3 PS) @12 500 r/min (rpm), 
(US) - - -
65.6 N·m (6.7 kg·m, 48 ft·lb) @10 OOO r/min (rpm), 
(AS) 64.6 N·m (6.6 kg·m, 48 ft·lb) @10 OOO r/min (rpm) 
(FR)(US) - - -
Carburetors, Mikuni BOSA 36R x 4 
Electric starter 
Battery and coil (transistorized) 
Electronically advanced(digital igniter) 
From 12.5° BTDC @1 300 r/min (rpm) 
to 42.5° BTDC @5 OOO r/min (rpm) 
NGK CASE 
Left to right, 1-2-3-4 
1-2-4-3 

56° BTDC 
80° ABDC 
316° 
61° BBDC 
33° ATDC 
274° 
Forced lubrication (wet sump with cooler) 

SE, SF or SG class 
SAE10W-40, 10W-50, 20W-40, or 20W-50 
3.8 L 
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A-2: Engine top end exploded view 

T1: 9.8 N·m (1.0 kg·m, 87 in· lb) 
T2: 11 N·m (1.1 kg·m, 95 in·lb) 
T3: 12 N·m (1.2 kg·m, 104 in·lb) 
T4: 13 N·m (1.3 kg·m, 113 in·lb) 
TS: 15 N·m (1.5 kg·m, 11.0 ft·lb) 
T6: 25 N·m (2.5 kg·m, 18.0 ft·lb) 
T7: 20 N·m (2.0 kg·m, 14.5 ft lb) 
TB. 49 N·m (5.0 kg·m, 36 ft·lb) 
T9. 5.9 N·m (0.60 kg·m, 52 in·lb) 

T10: 7.8 N·m (0.8 kg·m, 69 in-lb) 

Page 162 

1. Closed coil end faces downward. 
L: Apply a non-permanent locking agent. 

M: Apply molybdenum disulfide grease. 
EO: Apply engine oil. 
SS: Apply silicone sealant. 

R: Replacement Parts 
S: Follow the specific tightening sequence. 
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A-3: Engine crankshaft exploded view 

T1: 5.4 N·m (0.55 kg·m, 48 in·lb) 
T2: 9.8 N·m (1.0 kg·m, 87 in·lb) 
T3: 12 N-m (1.2 kg·m, 104 in·lb) 
T4: 15 N·m (1.5 kg·m, 11.0 ft·lb) 
T5: 20 N·m (2.0 kg·m, 14.5 ft·lb) 
T6: 28 N-m (2.9 kg·m, 21 ft·lb) 
T7: 40 N·m (4.0 kg·m, 29 ft·lb) 

Page 163 

Ta: 30 N·m (3.0 kg·m, 22 ft·lb) 
T9: 18 N·m (1.8 kg·m, 13.0 ft·lb) 

T10: 13 N·m (1.3 kg·m, 113 in·lb) 
T11: 11 N·m (1.1 kg·m, 95 in·lb) 
T12: 6.9 N·m (0.70 kg·m, 61 in lb) 
T13: See the text. 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Appendix A - Engine Specifications 

A-4: ECU installation 

Engine Sensors 

4 
Red 

Throttle __ 1_6_ 
Po~itiun Green 
Sensor 

Black 

~Red Pressure 
Sensor 

ange 
Black 

Engine Temp D==-Purple 
Sensor Black 

Air Temp D==Grey 
Sensor Black 

REF and SYNC Sensors " 
Refer to Jhe detailed drawings for the 
particular trigger system 

Note 3 

27 

4 
17 
27 

28 
27 

29 

+8 Volts - Red 
REF Sensor - White 

O Volts - Black 

3 Core Shielded 

Note 3 

+8 Volts - Red 
SYNC Sensor - White 

0 Volts - Black 

3 Core Shielded 

Note 
All wires except those marked 
"Heavy• are 18# (0.85 mm2) 

Note 1 
To avoid the ECU fuse bl9wmg 
due to reverse battery polarity 
use a diode activated relay 
Bosch O 332 014 112 

Note 2 
The lgnot1on System power should 
be suphed by the Fuel Pump relay 
to ensure that the Ignition System 
power 1s off when the engine 1s 
stopped This also provides reverse 
battery protection for the Ignition 
System 

Note 3 
Remove the Foll and drain wire 
DO NOT connect the foll or drain 
wire to the sensor or to ground 

Note 4 
The Aux Valve wire 1s connected 
to ECU Aux Output 1" 

Note 5 
The Fuel Pump wire 1s connected 
to ECU Aux Output 4 

Note 6 
(Refer to the detailed drawings for 
the particular trigger system) 

/ 

13 

36 

33 

25 
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Fuel Injectors 

Connect m firing sequence 
for sequential operation 

White ---r-:;:;-i1 White I Bleclr-----~ 

Wh1te~2d 
White/Red~ 

White ----f3'=dl 
White /Yellow~ J 
White~ 
White I Green~ 

Not used 
on 2 cyl 
engines 

White ---!'VI 
Brown~ 

Aux Valve 
Note 4 

Yellow 

Heavy Black 

Note 1 

Ignition 
System 

{See Detailed Drawings) 

Earth at 
Engine Block 

""!"" Chassis 

MoTeC 
Connector ta PC 

M T, c Title M4 Loom 4 CYLINDER 
0 I e Date 19/02/2001 Drawn ST App AD Products ECU 

Sheet No Drawing No 

L03 1of1 
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Appendix B - Hall Effect Switch Specifications 

Features 

• Operales from 4.6V to 21Vdc power nouroc 
• Supplied complete with permanent magnet 

Hall effect ic switch (RS stock no. 307-446) 
A miniature semi-conductor proximity switch utilising 
the Hall effect to give 'bounce-free' switching when 
inlluenced by a magnetic field. A magnet 1--" supplied 
which allows switching at distances of typically 2 mm. 
This may be increased if the Hall effect le is mounted 
against a ferromagnetic surface The device is 
magnetically unidirectional requiring tlie marked 
south pole of the magnet to race away from the 
magnetic centre indicated by the dimple , or 
alternatively the magnet may be positioned on the 
other side of the ic but in this instance lhe marked face 
or magnet should be towards the ic, Ideal for use in 
logic circuits where 'bounce free' switching is 
necessary 

• High reliability - eliminates contaCl wear, contact 
bounce, no moving pans 

• Small size 

• Constant amplitude output 
• Output compatible with all logic families. 

The device will typically operate up ro a I 00 kHz 
repetition rate 
The circuit output can be interfaced directly with 
bipolar or MOS logic circuits. 

Absolute maximum ratings 
Power supply. Vee ___________ 25V 

Magnetic flux density, B Unlimited 
Output 'OFF' voltage, Vourcom 25V 
Output 'ON' current, ISINIC 50mA 
Storage temperature range. T5 __ -ss•c to + 1so•c 
Operating temperature range. TA __ o•c to +70"C 

Electrical characteristics Vee: 4.SV lo 24Vdc, T11 -

Characteristic Symbol Test con<lition.s ---
Magnetic: nux density 

'Opernce pollll ' Boe 
'Release po111t' ~ 

Hysteresis ~. 

25°C 

Output saturauon volt ge VSAT 8'>350 Gaw:s, I,;,.,.= 15 mA 

Output leakage current lorr B.,50 GaUS5, V011r = 24 V 
Supply CUtTent 1= V cc= -1 .5 V. output open 

V cc = 24 V, oulpul open 

Ou1put rise ume ~ Vee= l2V, !\ = B20Cl. Ci. = 20pF 

Output ra11 time t, Vee= ta v. Ri. = 0200. c~ = 20pF 

Note: 10 Gn\153" I milliTesl;i (lmT). 

Lfmils 

Min. Typ. Max.. 

220 350 
50 165 . 
20 55 -

85 400 
. 0.1 20 

- 5 9 
- 6 I~ 

. 15 -
- IOO -
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249-4700 

Figure l Functional block diagram 

Vee 

!lgure 3 Switching point variation with 
temperature 

T)10o "'"""' t-&poln 

i..----- Typlc ,.1 ... polm 

100 
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•25 •50 +715 +100 .125 +150 

Operation 
The output transistor is normally 'off' when the 
magnetic field perpendicular to the surface of the chip 
is below the threshold or 'operate point'. When the 
field exceeds the 'operate point', the output transistor 
switches 'on' and is capable of sinking 20mA of 
current. 
The output transistor switches 'olf when the magnellc 
field is reduced below the 'release point' which is less 
than the 'operate point'. Tlus ts illustrated graphically 
in the transfer characteristics curve (Figure 2). The 
hysteresis characteristic provides for Wlambiguous or 
non-oscillatory switclnng 

Figure 2 Transfer characteristics showing 
hysteresis 

12 -- 1oP. 

:~ 
:oN .,,., 

~ 

~ 
~ 
" " ~ g £ 

1 

g 

~ ·~ 
0 OFF1 3 t: 

RP1 -I -0 100 200 300 400 500 600 

Magnetic flux density ln GiJU&S 

Switchmg pomt variations with temperature should be 
considered m apphcations covering a wide 
temperature range (Figure 3). 

2 

Typical applications 

Figure 4 

Hall 
~ttect 

le 

Figures 

Hall 
ctf€1ct ,. 

+Vm 

vm 

-::-

Tempemturoftl<'C 

11<1:1 

To t----- TIUCMOS IO!I~ 

v, 

Load 

-::-
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C-1: Gearbox specifications ...................................................................................... 167 

C-2: Clutch assembly exploded view ........................................................................ 168 

C-3: Transmission exploded view ............................................................................. 169 

C-4: Quaife ATB differential description ................................................................. 170 

C-5: Quaife ATB differential operation .................................................................... 171 
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C-8: Composite disc dimensions ............................................................................... 174 

C-1: Gearbox specifications 

Drive Train: 
Primary reduction system: 

Type 
Reduction ratio 

Clutch type 
Transmission: 

Type 
Gear ratios: 

1st 
2nd 
3rd 
4th 

Final drive system: 
Type 
Reduction ratio 
Overall drive ratio 

Sth 
6th 

Gear 
2.022 (89/44) 
Wet multi disc 

6-speed, constant mesh, return shift 

2.923 (38/13) 
2.062 (33/16) 
1.631 (31/19) 
1.380 (29/21) 

1.217 (28/23) 
1.083 (26/24) 

Chain drive 
2.666 (40/15) 
5.843· @Top gear 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Appendix C - Drivetrain Design 

C-2: Clutch assembly exploded view 

Page 168 

~l ~ 
1 ~~ 

~~ l 

CL: Apply cable lubricant. 
G: Apply grease. 

EO: Apply engine oil. 
L: Apply a non-permanent locking agent. 

M: Apply molybdenum disulfide grease. 
R: Replacement Parts 
W: Apply water 

8FO:l0102H C 

T1: 5.9 N·m (0.60 kg·m, 52 in· lb) 
T2: 8.8 N·m (0.90 kg·m, 78 in·lb) 
T3: 12 N·m (1.2 kg·m, 104 m·lb) 
T4: 130 N·m (13.5 kg·m, 98 in·lb) 
T5: 1.5 N·m (0.15 kg·m, 13 in·lb) or 

Hand-Tight 
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C-3: Transmission exploded view 

D: Do not apply any grease or oil. 
G: Apply grease. 
L: Apply a non-permanent locking agent. 

M: Apply molybdenum disulfide grease. 
SS: Apply silicone sealant (56019-120). 
LG: Apply silicone sealant (92104-1063). 
EO: Apply engine oil. 

R: Replacement parts. 
S: Tighten the fasteners following the specified sequence. 
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Operatron 
The Quaile Differential is gear 9-Perated 
and therefore reqWe.s no plates which 
may wear ot break. The unll ls smooth in 
use and requires no special lubricants. 

Dult;n•d I Mtn~1t~ll,J,..i In Engl1nd. 

SPECIFICATION 

Oeslgn 
The Quaife Dllfetentlal Is designed to power 
bolh wheels and control los5 ol drive. The 
dlHerentlal provides ·o~mstant and Infinitely 
variable drive, traction being tran~ferred 
from the spinning wheel lo the slalfc wheel 
aucomatically wllhou.t t:tte use of the normal 
rriC1lon pads in olher designs. The operation 
Is fully automatic and requires no manual 
.control, 
The unique design ofters full maximum 
tracllon,• Improves handling and steering, 
and putii the p~wer where II ls needed ·m0st. 
With all the gears being th·e he11cal type, the 
hetix; and pressure angle .cif llie gear . teeth 
can be varied lo fl'Crease or deetease the 
torque capacity. 

Suitability 
The differential is ideally suited to four wheel 
drive applications, as. well ·as . eompetitfon 
vehicles. Can also be ·used In "all four wheel 
drive units, both front and rear.· Even when 

· lined to tfont wheel drive vehicles, ihere Is no 
adverse resistance to the steering: 

Fitting and Malntenanoe 
Fitting the Quaife Dlfferenlial is the same as 
lnstalli119 the standard dlfferential unit. Any 
malnt&nance·· can be canied out by a 
competent mechanic and no spe.<:lal tools 
are required. 
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Appendix C - Drivetrain Design 

C-7: Quaife ATB differential dimensions 
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C-8: Composite disc dimensions 
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D-1 Electrical system overview 

Waterproofing 

For reliability during testing it is imperative that the complete wiring loom be 
dependable in all weather conditions. The major concern is contact with water and mud 
under wet track conditions. 

The insulated cables within the wiring loom are further insulated by comprehensive 
electrical tape wrapping in all areas exposed to the elements. The most vulnerable 
components of the wiring system are the relays and fuses that allow the MoTeC system 
to control the higher currents of the engine control unit. The fuse box containing these 
sensitive components required special attention. The fuse box is carefully sealed to 
avoid difficulty in this area. 

Wire Co/ors 

The design of the wiring loom assigned a unique wire color to each component for 
simplicity of fault finding. Basic electrical conventions were observed as far as 
practical (black for earth, white or red for power.) Striped automotive wiring would be 
used for production runs of the loom. 

Wire Specification 

Wire utilized in this design was chosen to withstand the harsh environment of the 
automobile. Standard automotive wire has been specifically developed to withstand 
bombardment with dirt, oil, heat water and low temperatures, hence was specified for all 
wiring connections. Wiring sizes were taken from the largest likely current rating of 
each individual component they served. For instance, the fan wiring could expect a 
continuous operational current of between 2 and 3 Amp with a stall or start up current in 
the vicinity of 7 Amp. In this case the wire chosen was rated at 10 Amp. The trade off 
in weight for this type of decision was deemed necessary for the absolute reliability 
required of the electrical system. 
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Wire Wrapping 

The wiring was wrapped tightly and neatly by hand and covered where possible with 
conduit for reasons of aesthetics and extra durability . 

Conduit, Triple Insulated Wiring Loom Under Nose Cone. 

Heat Protection 

Care was taken to ensure that the wiring resides as far from hot objects as possible. In 
most cases the heat was enough of a problem to other components of the car that heat 
shielding on the exhaust was deemed a more appropriate solution. 

Easy Removal of all Components 

To ensure easy removal of all components, wires were crimped and not soldered. 
Where possible large multiple connectors have been used to eliminate the possibility of 
mis-connection upon re-installation. 

Kill Switches 

Power for the entire car may be instantly cut using any one of three kill switches. The 
brake over-run switch is located behind the brake pedal and will activate if the brake is 
depressed while there is simultaneous failure of both independent braking systems. 
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Kill Switches 

The other two kill switches are located on the dashboard to the driver's right and 
externally next to the head support on the roll bar to the driver's right, in accordance 
with best practice international FIA safety standards. 

Cutting any one of these switches will deactivate the switch line to the main relay. All 
power to components on the vehicle is sourced from this relay or from the switch line 
after the kill switches. Both human operated kill switches are clearly labeled with the 
international electrical symbol of a red spark on a white-edged blue triangle. 

Brake Light 

A brake light of 15 watt or equivalent is required by SAE international standards. This 
is to be mounted centrally between the wheel centers and the drivers shoulder height at 
the rear of the vehicle. For aesthetic reasons a high intensity LED arrangement was 
selected. The LEDs are mounted in parallel to prevent failure of the complete brake 
light in the event of one LED failing. 

Engine Cam Sensor Circuit 

The pulse from the sensor must be amplified to be read by the ECU input. A simple 
MOSFET amplification circuit is used for the job. The circuit is built on printed track 
circuit board and mounted in a box on the outside of the engine. 
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The sensor wiring is temperature resistant, Kevlar insulated wire designed for harsh 
conditions. The sensor is mounted into the cam sprocket cavity in an aluminium 
bracket held by the nearest cam cover bolt. Directions for the setup and calibration of 
this sensor are included in the ECU help menus. 

Location of the Engine Cam Sensor Circuit Case. 

Fuse Box Circuit And Layout Design 

In fitting with the major objectives of the electrical system, the original loom design 
with in line fuses and multiple bulky relay mountings was re-designed to incorporate a 
single fuse and relay box. This box is located in a highly visible, easily accessible 
location on the outside of the right hand side of the driver cockpit. 

The box itself is made of clear material for reasons of fast identification of loose 
connections or burnt out fuses and relays, as well as aesthetics. The wires are fed in 
groups through the back of the box that allows removal of the box without the loom and 
vice versa. Rubber grommets have been used along with a rubber gasket so seal the box 
cover in place. The cover is screwed onto the aluminium backing plate that is then 
bolted to the frame. 

Circuit Design 

The circuit for the fuse box was taken almost directly from the MoTeC ECU wiring 
diagrams. Major alterations involved the removal of a relay that was redundant in this 
particular application and the unification of relay type used throughout the vehicle. The 
required diode activated relay was replaced with an in line diode on the circuit to allow 
fitment of a standard relay in its place. Extra fuses were included for each of the major 
components, allowing for very simple component fault finding. 
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Physical Circuit Layout 

One of the major objectives of the fuse box was to find a neat and effective way to 
mount all the required relays and fuses in one place where they could be easily 
accessible to check and change. The ideal situation was chosen to be a set of closely 
located relay and fuse sockets joined to plugs as appropriate by a printed circuit board. 
The printed circuit board was layered with solder tracks to increase the current rated 
capacity in excess of 12 Amp. 

Fuse Specifications 

Load ratings of fuses were selected according to the component they serve. In general 
fuses will withstand up to their rated current plus 200% for 2 minutes. The majority of 
components have around 7-8 Amp start up current with a continuous 2-3 Amp while 
running. 10 amp fuses are most common in this system. Automotive fuses were 
specified for their compactness, physical durability (plastic cases) and ease of mounting 

The Yellow Colar of the Automotive Fuses Within the Fuse Box Indicates a Rating of 10 

Amp. 
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D-2: Electrical system specifications 

Battery 

Type Gel cell 

Capacity 15 Ah 

Voltage 12.6V 

Charging System 

Type Three Phase AC 

Alternator output voltage 45V 

Stator coil resistance 0.2-0.6 Ohm 

Charging Voltage 14-15 v 
Electric Starter System 

Starter motor 12 v 
Brush length 12mm 
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D-3: Alternator exploded view 

1 . Starter lockout Switch 
2. Oil Pressure Switch 
3. Front Brake Light Switch 
4. Neutral Switch 
L: Apply a non-permanent locking agent. 

SS: Apply silicone sealant 
M: Apply molybdenum disulfide grease. 
G: Apply grease or engine oil. 
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T1 : 3.5 N·m (0.35 kg·m, 30 in·lb) 
T2: 12 N·m (1 .2 kg·m, 104 in·lb) 
T3: 11 N·m (1 .1 kg·m, 95 in·lb) 
T4: 7 N·m (0.7 kg·m, 62 in·lb) 
T5: 15 N·m (1.5 kg·m, 11 .0 ft·lb) 
T6: 120 N·m (12 kg·m, 87 ft·lb) 
T7: 1.0 N·m (0.1 kg·m, 9 in·lb) 
T8: 1.5 N·m (0.15 kg·m, 13 in·lb) 
T9: 33 N·m (3.4 kg·m, 24 ft·lb) 
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Appendix E- Data Logger Specifications 

Appendix E - Data Logger Specifications 

Advanced dash logger - description 
MoTeC Advanced Dash Logger (ADL) 

Page 184 

The MoTeC Advanced Dash Logger (ADL) is a fully featured and self contained, 
programmable logger. The key difference between the MoTeC ADL and other products 
is its flexibility to be adapted to any application. 

Many vehicle, marine and industrial applications require separate products to perform 
the logging, controlling and displaying. However, the MoTeC ADL offers seamless 
integration of all three functions . 

All aspects of the ADL are fully conFigureurable, including which sensor is connected 
to which input, what to log, how fast to log it, which channels to display, warning 
alarms and control outputs. 

The MoTeC ADL uses a high speed 32 bit microprocessor and incorporates a 79 pin 
autosport connector. The ADL is built to internationally recognised quality and 
manufacturing standards and is back by a full 2 year worldwide warranty. 

Data Logging 
Data logging allows for readings taken from Analog, Digital, Serial, CAN or Calculated 
channels, to be stored in the ADL for later analysis on a computer. The ADL uses 
permanent non-volatile Flash memory. Data memory may be unloaded at very high 
speeds (approx. 19 seconds per Mbyte). Different logging options allow 384k, lMB or 
the full 8MB to be accessed. 

The ADL can store channels at up to 1 OOO times per second per channel, this can be 
individually set for each channel. Four logging modes may run concurrently (Normal, 
Fastest Lap and two Burst Modes) each with selectable start and stop logging 
parameters. Memory can operate in stack or circular buffer mode. 

Analog and Digital Channels 
In total the ADL can accommodate over 200 channels derived from any mixture of 
Analog, Digital, RS232 Serial and CAN bus data channels. 

The ADL directly supports up to 28 analog inputs, 12 digital/speed inputs, 8 auxiliary 
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outputs and 2 high accuracy Wideband Lambda (Air/Fuel ratio) inputs. 

The analog channels sample at up to 1 OOO samples per second per channel, with a 
measurement range of 0 to 15 VDC. 

Digital inputs are used for state monitoring, counting and pulse width measurement. 
They accept switch, logic, open collector (Hall Effect), or magnetic signals. 

The auxiliary outputs can be configured to operate as simple off/on outputs, duty cycle 
control or frequency based outputs. 

Serial Communications 
The RS232 serial port is programmable up to 115k baud and can be used as either a 
telemetry data output port or serial data input port. 

As a telemetry port; devices such as Modems, GSM & Satellite Phones, Radio Modems 
etc. can be connected to facilitate remote communication. 

As a serial data input port; serial communication devices can be connected for 
displaying and logging purposes. These include Engine Management Systems (MoTeC 
and other), bar code devices, keypads, GPS Systems or other serial communications 
devices. 

Display 
The MoTeC ADL display is a high contrast, high temperature, custom designed 
reflective LCD. Its unique design makes it viewable in direct sunlight or artificial light. 

The display has 3 modes of operation, where each mode is fully programmable and 
independent of the other. Each mode may be selected by pressing a button or activated 
by a condition. 

The 70 segment bar graph display is programmable to display any channel, with an 
optional peak hold marker and setpoint marker. Each numerical display item can be 
programmed to display any channel value as required. The 13 digit alphanumeric 
display area has 20 lines available to scroll through and may be used to display any 
channel value or to display warning messages. 

Lap times may be displayed when connected to a MoTeC Lap Beacon (or a driver 
activated switch). Other performance information may be displayed, including 
minimum comer and maximum straight speed, fuel used or fuel remaining, and many 
more. 

Alarms 
Warning alarms may be defined for any analog, digital, serial or calculated channel. 
Alarm limits are fully programmable and may include up to 6 conditions to ensure that 
the alarms are only activated at the correct time. 
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When an alarm condition has been detected, a message can be shown on the display and 
an auxiliary output activated. These outputs can be used for warning lights or the 
control of other devices. 

The alarms remain active until they are acknowledged, either by activating a switch or 
automatically after a definable period of time. 

Controller Area Network (CAN) 
The CAN bus is a high speed communication standard operating at speeds up to 1 Mbit. 

CAN allows many devices to be connected by a common bus, allowing all devices to 
share information as part of a larger system. 

CAN devices include: automatic transmission controllers, sensors, multi-channel 
input/output modules, engine management systems etc. 

Host Software 
The ADL is supplied with software packages for managing the ADL, analysing the 
logged data and monitoring a telemetry link. 

Ease of use is one of the most attractive aspects of the MoTeC ADL software. There is 
no complex language to learn, just simple menu driven windows. 

A full online help system is easily accessible and is integrated throughout the software. 

Dash Manager Software 
The Dash Manager Software is used to configure the ADL and download logged data. 
It is logically laid out, giving the user access to the power of the ADL without requiring 
high levels of computer knowledge or intense training. 

Interpreter Software 
The Interpreter software contains predefined configurations for easy data analysis. 
Screen display formats may be varied to suit all preferences, including user defined 
graphs, histograms and statistical summaries. By utilising these different display 
methods, users can view data in many formats to obtain accurate, meaningful analysis. 

Data can also be exported into ASCII CSV file format for analysis in other software 
packages. 

The Pro Logging option includes graph overlays, virtual instruments, mathematical 
functions, XY graphs (scatter plots), track maps (shows minimum and maximum 
speeds, gear change point and breaking points) and other advanced features. 

Telemetry Monitor (Optional) 
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The Telemetry Monitor software allows for realtime viewing of the telemetry data either 
via direct serial communications, modems or radio modems. Data can be viewed in 
various formats such as charts, bar graphs, dial gauges, numerics, lights, XY graphs and 
scroll charts. All objects are definable by the user. 

Upgrades and Accessories 
The MoTeC ADL is completely field updateable by the user. The control software and 
logged data is stored in FLASH memory. No programming interface is required, simply 
send to the ADL the new program and the latest features are immediately available. 

Upgrade Options 
The ADL has field upgradeable options using a password enabling system. Upgrade 
options include: 

Extended inputs & Outputs, Pro Logging (advanced data analysis), Medium Logging 
(lMbyte ), Large Logging ( 4Mbyte ), Telemetry Support, Remote Logging and 
Wideband Lambda measurement. 

Three wiring options are available for the ADL: 

Separate I/O Terminal Module with plug-in screw terminals. Includes a Realtime Clock, 
additional RS232 port and wide ranging power supply. 

Standard (vehicle style) wiring loom for specific permanent installations. 

Custom wiring looms for complex installations. 

Accessories 
A wide range of sensors are available for use with the ADL including: linear position, 
accelerometers, pressure, resistive and thermocouple temperature sensors, hall and 
magnetic speed sensors and many others. 

The MoTeC Lap Beacon transmitter and receiver has been designed in conjunction with 
the ADL. It features high channel count (990), improved optics, low power 
consumption and multi beacon capability. 

And for peace of mind the MoTeC ADL offers a full 2 year worldwide warranty. 
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Advanced dash logger - specifications 

General 
Microprocessor: 32 Bit High Performance 
Manufacturing Quality standard to IS09001 
Field updateable Operating System 
Non-volatile FLASH memory for data & operating system 
High RFI Immunity 
Rugged Aluminium Housing (IP-55, NEMA 4) 
79 pin Autosport connector 
Operating Temperature: -10 to 70 DegC 
Operating Voltage: 7 to 22 VDC 
Operating Current: 0.3 Amax. 
Weight: 385 gms (0.85 lbs) 
Size: 180mm x 91mm x 18mm (excluding connector) 
Reverse Battery and Transient Protection 
Warranty: 2 years Parts and Labour 

Measurement Inputs 
28 Analog Inputs (10 Standard): 
20 Analog Voltage (6 Standard) 
8 Analog Temperature (4 Standard) 
12 bit resolution, 0 to 15 VDC range 
Update rate (Max. 8 channels): up to 1000 times/sec 
Other inputs: up to 500 times/sec 

4 Digital Inputs (2 Standard) 
4 Speed Inputs (2 Standard) 

Digital & Speed 
Switch to OV, logic signal, open collector (Hall Effect), or Magnetic 
State & Counting (lMHz) 
Period (1 micro sec) 
Pulse width (1 micro sec) 

4 Switch Inputs ( 4 Standard 
User definable sensor calibrations 

Auxiliary Outputs 
8 Digital Outputs ( 4 standard) 
Open Collector (drives to ground) with pullup (lOk ohms) to battery positive 
On/Off or Pulse Width Modulation with variable Frequency and Duty Cycle 

Air Fuel Ratio Measurement 
2 high accuracy Wideband Lambda (Air/Fuel ratio) inputs 
Resolution: 0.01 Lambda 
Temperature compensated 
Range: 0.75 to 1.2 Lambda 

Data Logging 
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Memory: 384k, lMB, 2MB, 4MB, 8MB 
Non-volatile FLASH, field upgradeable 
Logging of any Analog, Digital, Serial, CAN bus or Calculated channel 
Maximum Logging throughput: 20k/sec 
2 Burst Logging buffers with pre triggering (Large logging option only) 
Typical Unload Speed: 19 sec/MB, using parallel port of PC to CAN bus 
RS232 unload rates dependent on baud rate 

Calculations 
Timers (O.Ols, O.ls, & ls resolution) 
2D and 3D Tables 
User conditions 
Math Functions: Differentiate, Integrate, Absolute, Min/Max 
Lap Time and Number 
Lap Gain/Loss 
Speed and Distance 
Gear Detection 
Fuel Prediction 
Tell-tales 
Running Min/Max 

Display 
Custom LCD, High Contrast, High Temperature, Reflective 
Display any Analog, Digital, Serial, CAN bus channel or Calculated channel 
3 Display Modes 
70 Segment Bar graph 
Definable Range 
Programmable Setpoint and Peak Hold point 

4 Numeric Display Items 
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13 Digit Alpha Numeric Display area, 1,2 or 3 channels per line (20 scrollable lines per 
display mode) 
Alarm messages 
Channel display 
Descriptive text 

Communication 
Serial RS232 Corns. (1200 to 115k baud) 
CAN data link (250Kbit to lMbit) 
Telemetry Link output (RS232) 

Host Software 
Dash Manager Software 
Interpreter Analysis Software 
Telemetry Software (Optional) 
Computer Requirements 
IBM PC compatible running Windows 95/98 or NT4.0 
Pentium (Min.) 90MHz, 16MB RAM 

Upgrades 

Intelligent Torque Estimation and Fault Diagnosis for an IC Race Engine 



Appendix E - Data Logger Specifications 

The MoTeC ADL in its base configuration includes: 
10 Analog Inputs 
8 Digital Inputs 
4 Digital Auxiliary Outputs 
RS232 and CAN bus support 
Software: Dash Manager and Interpreter 
User's Manual 

Upgrades Available (field updateable by the user): 
Extended Inputs & Outputs 
28 Analog Inputs (10 standard) 
12 Digital Inputs (8 standard) 
8 Digital Auxiliary Outputs ( 4 standard) 

Pro Logging - Advanced Analysis Software 
Graph Overlays 
XYPlots 
Maths functions 
Virtual Instruments display 
Track Mapping 

Medium Logging 
384k to lMB Memory 

Large Logging (requires Medium Logging Upgrade) 
lMB to 8MB with Burst mode logging 

Lambda Measurement 
2 Wideband Lambda inputs 

Telemetry 
Enables realtime viewing of data via a telemetry link 

Remote Logging (requires Telemetry Upgrade) 
Allows Remote Logging via a telemetry link or hand held computer 

Accessories 
PC Communications Cable (High Speed CAN) 
Wiring Looms 
Input/Output Terminal Module 
Lambda (Air/Fuel ratio) Sensors and Kits 
Telemetry Products 
GSM mobile phones, radio modems etc 
Sensors and transducers 
a full range of sensors, amplifiers, transducers, lights and buttons are available 
Lap Beacon: Transmitter and Receiver (990 channel) 
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Dynomax 450 4WD Specification Checklist 

DESCRIPTION & CAPACITY 

Maximum Power (per axle) 450 kW (600 HP) 
Maximum Power (combined) 900 kW (1200 HP) 
Power Resolution - 0.1 Kw 
Maximum Tractive Effort (per axle) - 11 ,000 (N) 2500 (lb) 
Maximum Tractive Effort (combined) - 22,000 (N) 5000 (lb) 
Maximum Roller Torque (per axle) - 1200 Nm (880 ft. lb) 
Maximum Roller Torque (combined) - 2400 Nm (1760 ft. lb) 
Force measurement - load Cell 
Maximum Speed - 200km/h 
Speed Accuracy - 0.3km/h 
Speed Sensing - Electronic 
Odometer Resolution - 0.1 Kilometre 
Dynamically Balanced - Retarders & Rollers 
Rollers - Knurled Drive Rollers (Square Cut) 
Roller Diameter: 218 mm 
Maximum Axle Weight - 4.5 Tonne 
Track Maximum - 2180 mm 
Track Minimum - 820 mm 
Wheelbase Ajustment - Hydraulic 
Maximum Wheel Base - 3300mm 
Minimum Wheel Base - 21 OOmm 
Tie-Down Points - 8 
Bi-Directional - Yes 
Compensated Readings (Automatically) - Inlet Temp. 
Comp. Readings (Manually) - Humidity & Barometric. 
Graph Live to Screen - Yes 
(Optional) Control Cabinet - W900 x Hl460 x D680 
(Optional) Weight of Control Cabinet - 60kg 
Electrical Supply - AC l 10/240V 50/60HZ 

FULL COLOUR COMPUTER DISPLAY 

High Quality Computer and Colour Monitor 
Colour lnkjet Printer 

Main Screen Displays: 

Customer Details 
Inlet Air Temperature 
Test Details 
Distance Travelled 
Transmission Type 
Vehicle Details 
Dynamometer Status 
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Power 
Speed 
Tractive Effort 

Power 
Tractive Effort 
Speed 

Metric or Imperial Display of: 

Large Bar Graphs and Digital Displays of: 

Front to Rear Load Balance 

Graph Screen Display: 

Customer Details 
Test Details 
Vehicle Details 

Graph Details: 

Speed x Power 
Speed x Tractive Effort 
Speed x Power & T. Effort 
40 Preset Scales available 
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Temporary Scales available, make your own scales to suit (Zoom In or Zoom Out) 
Live, see-as-you-go Graphing 
Full Auto Colour Graphs 
Multiple Graph 
Overlay /Comparison 
Recall - Overlay Previous Graphs 

Computer Storage: of performance Graphs is automatically stored 
and may be displayed as: 

Speed x Tractive Effort 
Speed x Power 
Speed x Power & Tractive Effort 

'Snapshot' of performance may be recorded displaying: 

Vehicle Repair History 
Speed 
Power 
Tractive Effort 
Inlet Air Temperature 

COMMAND MODULE 

Lightweight Hand-held 
Use from within Vehicle 

Displays: 

Desired Speed and Load 
Retarder Over Temp 

Vehicle Speed 
Vehicle Load 

Controls: 
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Wheelbase 
Screen Selection 
Snapshots 
Odometer Reset 
Roller Brake 
Balance Front to Rear 
Manual/ Auto load 
(Optional) Wheel Stabilisers 
Graph Acceleration Rate 
Graph Start 
Graph Finish 
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Torque Prediction BP2- 10 Nodes 
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Torque Prediction RBF- 4 Nodes (Sigma 0.1) 
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Torque Prediction RBF- 2 Nodes (Sigma 0.2) 
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Air Mass Flow Prediction BP1 - 2 Nodes 
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Air Mass Flow Prediction BP1 - 6 Nodes 
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Air Mass Flow Prediction BP2 - 4 Nodes 
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Air Mass Flow Prediction BP2 - 10 Nodes 

Air Mass Flow Prediction RBF - 2 Nodes (Sigma 0.1) 
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Air Mass Flow Prediction RBF - 4 Nodes (Sigma 0.1) 
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Air Mass Flow Prediction RBF - 8 Nodes (Sigma 0.1) 

Air Mass Flow Prediction RBF - 8 Nodes (Sigma 0.1) 
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Air Mass Flow Prediction RBF - 12 Nodes (Sigma 0.1) 
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Lambda Prediction BP1 - 4 Nodes 
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Lambda Prediction BP1 - 8 Nodes 

Lambda Prediction BP1 -10 Nodes 
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H-1 : 

H-2: 
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MoTec M4 Pro ECU Specifications ... .. .. .. ...... ............................................ ...... 215 

56 Air-mass meters @ BOSCH 

Hot-wire air-mass meters 
Measurement of the air-mass flow rate up to 900 kg/h 

e Measurement of air mass 
(gas mass) throughput per unit 
of time independent of density 
and temperature 
e Constant-temperature 
principle 
• Small time constant 
e Wear-free, due to absence 
of moving parts 

Application 
Measuremen1 of air-mass flow rate as 
needed for clean combustion. 
Air-mass meters are suitable for use with 
other gaseous media, but recalibration is 
necessary in such cases. 

Design and function 
The flow diameter of the air-mass meter 
detenmines the flow rate. A wire grid is fit· 
ted at the inlet and outlet ends to protect 
the hot-wire element against mechanical 
damage. The trapezoidal hot-wire element 
is suspended between the walls of the 
internal measuring tube and is only 70 µm 
thick. The cast-on housing contains the 
electronic control and burn-off circuitry as 
well as the bridge resistors. The hot·wire 
air-mass meter operates according to the 
constant-temperature principle, whereby 
the hot·wire element is an integral part of 
the bridge circuit whose output voltage 
is maintained at zero by varying the heating 
current through the hot w ire. An increase 
in the intake-air quantity causes a drop 
in the temperature of the hot·wire and its 
resistance decreases correspondingly. This 
leads to an unbalance of the resistance 
ratios in the bridge circuit which the control 
electronics responds to immediately by 
increasing the heating current. This current 
increase is of such a magnitude that the 
hot-wire regains its original temperature 
again. 
In other words, the heating current needed 
to maintain the hot-wire temperature is a 
measure of the air flow rate, and is inde· 
pendent of air density and temperature. 
Since the hot-wire air-mass meter has no 
moving parts it is wear-free. The control 
process has no effect upon the hot wire 's 
heat balance so that it responds very 
quickly to every change in flow rate. During 
operation of the air-mass meter, deposits 
can forrn on the hot-wire element which 
would have a negative effect upon the 
measuring results. In order to burn off 
these contaminants, it is therefore neces
sary after a given operating period to heat 
the hot wire up to around 1 OOO "C for 
about 1 second. In automotive applications, 
a potentiometer is also provided for ad· 
justing the mirture at idle. 

Characteristic curves 

v 

4 

0 300 600 900 1200 kg·tr' 
Atr mas.s per uM of time Q. 

Technical data I Range 
Part Number 0 280 211 007 
Characteristic curve 
Measuring range 

Air flow rate kg · lr' 1S ... 3SO 
Accuracy (referred % ±4 

to measured value} 
SuQ~ly value v 14 
Current input at / 

Air-flow rate = 0 A S0.5 
Nominal air-flow rate A S1 .5 

LoadiQg resistance kO :?10 
Response time for 

changes of air-flow 
rate ms <5 

Tem~ture ra!:!Se •c -so ... +110 
Permissible vibration 

acceleration m · s-2 150 
Connection 12!12e 0 mm 60 

Accessories 
Connector for Part Number 
0280211007 1 287 013 004 
0 280 212 022 1 287 013 004 
0 280 213 012 1287013 004 
0 280 214 004 u122n reguest 

Explanation of symbols: 
RH Hot·wire resistance 
R" Resistance of the temperature

compensation sensor 
High-ohm resistors 
Precision measuring resistor 
Signal voltage for air flow rate 
Heating current 
Air mass per unit of time 
Air temperature 

0 280 212 022 0 280 213 012 0 280 214 004 
3 4 

15 ... 470 15 ... 640 15 ... 950 
±4 ±4 ±4 

14 14 14 

SO.S so.s SO.SS 
SL? S1.? SL? 
:?10 :?1 0 :? 10 

<5 <5 <5 
-30 ... +1 10 -30 ... + 11 0 -30 ... +110 

150 150 150 
10 80 95,6/88 
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DiagF11m O 280 214 004 
1 Ground, 2 Measurement signal (-), 
3 Bum-off signal, 4 Supply voltage (+), 
5 Measurement signal (+). 

1 2 3 4 5 

Diagram O 280 211 007 and •.. 212 022 
1 Ground, 2 Measurement signal (-), 
3 Measurement signal(+) , 4 Burn-off signal, 
5 Supply voltage (+), 6 Idle potentiometer 
{on .•• 212 022) . 

1r·- ·---1 
I Hybnd R" I 
. I 
I RM . . __ _ J 

6 5 4 3 2 1 

Dimension drawings. a Hot wire, b Thin-film temperature sensor. 

Part No. Dimensions (mm) 
A B c 0 E F G H I K L M N 0 p a R s 

0 280 211 007 81.45 48.2 5 22.3 130 - 3 20 44.75 54.2 R37 67 75 82 18 28 
0 280 211 022 81.45 48.2 5 22.3 42 50 130 16 3 20 44.75 58.2 R42 76. 85 92 18 28 
0280211012 81 .45 22.3 130 - 3 20 55.25 64.7 R47 6. 95 102 18 28 

0 280 211 007, 0 280 212 022, 0 280 213 012 
A 

0 280 214 004 

Diagram 0 280 213 012 
1 Ground, 2 Measurement signal (-), 
3 Measurement signal (+) , 4 Burn-off signal, 
5 Supply voltage{+), 6 Vacant. 

6 s 4 3 2 1 

Operating principle 
W ith bridge circuit 

Installation instructions 
The air-mass meter is to be installed in 
such a manner that no water, oil, or con· 
densate can enter the housing. Care 
must be taken that the intake air remains 
free of dust, a fact which makes it im· 
perative that an air filter is fitted. 
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H-2: MOTEC M4 PRO ECU SPECIFICATIONS 

General 

Microprocessor 32 Bit 33 MHz with Time CO Processor 
Quality Standard ISO 9001 
Manufacturing Standard IPC-S-815-A Class 3 High Reliability 
Warranty 1 year Parts & Labour 
Burn In -50 to 70°C for 32 Hrs 
ECU Control Software stored in updatable FLASH memory 
High RFI Immunity 
Low heat generation 
Battery transient protection 
Environmentally sealed electronics 
Water proof connector with gold plated contacts 
Case Size 120 x 100 x 36 mm (4.7 x 3.9 x 1.4 inches) 
Weight 0.4 kg (14 oz) 
Cylinders 1,2,3,4,6,8,12 
Engines 2 stroke, 4 stroke, Rotary (1~4), Odd or Even fire 
Maximum RPM> 15,000 RPM 

Fuel Calibration 

Accuracy 0.00001 seconds 
All RPM & Load sites are user programmable 
Main Table (3D) 40 RPM sites x 21 Load sites (840 points) 
End of Injection (3D) 20 RPM sites x 6 Load sites 
Overall Trim ±99 % 
Individual Cylinder Trim ±99 % 
Individual Cylinder Tables (3D) 20 RPM sites x 11 Load sites 
Hi I Lo Injector Balance (3D) 20 RPM sites x 11 Load sites 
Hi I Lo End of Injection (3D) 20 RPM sites x 11 Load sites 
Eng Temp & Air Temp comps 
MAP modifier compensation 
Two Auxiliary compensation 
lnj ector Dead Time Compensation 
Accel Clamp, Decay & Sensitivity 
Deccel Clamp, Decay & Sensitivity 
Cold Start 

Injection 

4 group sequential 
User programmable injector current 0.5~12 Amps peak 
Battery Comp to suit any injector 

Boost Control Calibration 

Main Table (3D) 20 RPM sites x 10 Throttle sites or 10 Gear sites 
Overall Trim 
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Engine Temp & Air Temp comps 
One Auxiliary compensation 

Ignition Outputs 

Up to 4 Ignition Outputs 
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One output may drive up to 8 coils using the MoTeC Ignition Expander 
Versatile Ignition Interface allows connection to most OEM ignition systems 

including: 

Nissan Multi Coil modules 
GM EST DFI systems 
FORD EDIS DFI systems 
Mazda Rotary DFI modules 
Many Others 

Ignition Calibration 

Accuracy 0.25 degrees 
All RPM & Load sites are user programmable 
Main Table (3D) 40 RPM sites x 21 Load sites (840 points) 
Overall Trim ±99 % 
Individual Cylinder Trim ±99 % 
Individual Cylinder Tables (3D) 20 RPM sites x 11 Load sites 
Rotary Split 20 RPM x 11 Load 
Eng Temp & Air Temp comps 
MAP compensation 
Two Auxiliary compensations 
Dwell Time 20 RPM x 11 Battery 
Odd fire engine capability Each Top Dead Centre angle may be specified 

Resolution 
0.5 degree 

Trigger Sensors 

Directly compatible with most OEM trigger systems including : 
HALL, Magnetic and Optical types 
Multi Tooth ( eg Mazda and Toyota) 
1 or 2 Missing Teeth (eg Porsche) 
Many other special types, eg. Ford Narrow Tooth, Nissan Optical, Harley 
Davidson 

Data Logging 

Optional Logging memory allows logging of all ECU parameters 
Memory Size 512 K.Byte 
Logging Rate 1~20 sets I sec 
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Logging Time 38 minutes at 5 sets I sec (28 Parameters+Diags) PC Software 
IS 

available for analysis of the logged data. 

Air Fuel Ratio Sensor 

High accuracy Wide Band Air Fuel Ratio Sensor Input (Optional) 
Range 0.75 to 1.20 Lambda 
Resolution 0.01 Lambda 

Other Sensors 

Throttle Pos, Manifold Pressure, Engine Temp & Air Temp 
2 Auxiliary Sensor inputs 
2 Digital I Speed Inputs 

Special Functions 

Traction Control & Launch Control (2 wheel speed sensors) (or 4 sensors 
using the 

Cut 

MoTeC TC Mux) 
Gear Change Ignition Cut 
Wide Band or Narrow Band Air Fuel Ratio Control (3D mapped) 
Over Run Boost Enhancement 
Warning Alarms (Sensor HI I LO) 
Gear Detection 
Ground Speed Limiting 
Dual RPM Limit 
Nitrous Oxide Enrich I Retard 
Air Conditioner Request 
Over Run Fuel Cut 
Sensor Calibration Tables RPM Limit Hard or Soft Cut Fuel and I or Ignition 

Auxiliary Outputs 

Four general purpose outputs (3 shared with ignition outputs) 
The outputs may be used for : 

Turbo Wastegate Control 
Idle Speed Control 
Fuel Used Pulse 
Tacho Output 
Shift Light (Gear Dependent) 
Driver Warning Alarm 
RPM I Load dependant device 
User Defined Table (20xl 1) with definable axis parameters 
Slip Warning 
Fuel Pump Relay 
Thermatic Fan 
Air Conditioner Fan or Clutch 
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Diagnostics 

Injectors Open Circuit, Short Circuit, Peak Current Not Reached 
Sensors Open & Short circuit 

Page 218 

Operating Errors RPM Limit Exceeded, Injector Overduty, Over Boost, Low 
Battery, 

REF Error etc. 

Operating Conditions 

Internal Temp Range -10~85°C 
Ambient Temp -10~70°C (Depending on load & ventilation) 
Operating Voltage 6~ 22V DC 
Operating Current 0.4 A max 
Reverse Battery External Fuse 

Calibration 

PC Software is available for calibration 
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Appendix I-Neural Network Software Source Code 

H-1 Multi-Layer Perceptron code 
H-2 Radial Bias Function Source code 

H-1 Multi-Layer Perceptron Code 
program Back_Prop_2_Hidden; {2 
hidden layers, multiple inputs/outputs} 
uses Dos, crt; 
const 

{******************************* 
******************************** 
*********} 

{Neural Network Parameter 
Specification} 

MaxNuminputs 
MaxNumOutputs 

= 40; 
= 10; 

MaxTrainPatterns = 15000; 
MaxTestPatterns = 15000; 
MaxinputPatterns = 2500; 

MaxMaxlterations = 1000000; 

MaxNumHiddenNodes = 100; 
MaxNumHidden2Nodes = 100; 

{******************************* 
******************************** 
*********} 

{Delta Rule constants} 

zeta = 0.9; {Controls the 
learning rate, 0 < zeta < 1} 

decrate = 0.99; {Rate of decrease 
of zeta over iterations range, decrate < 
1} 

{Miscellaneous constants} 

dataSeed = 1; {Seed for Random 
Number Generation for initialising 
network weights} 

calcSeed = 1; {Seed for Random 
Number Generation for random 
selection of training data patterns} 

type 

{Miscellaneous ranges} 

DataRange = l .. MaxTrainPatterns; 
{Specifies range of training data 
patterns} 

TestDataRange = 
l..MaxTestPatterns; {Specifies range 
of test data patterns} 

InputDataRange = 

l .. MaxinputPatterns; {Specifies range 
of validation data patterns} 

IterationsRange = 
O .. MaxMaxlterations; {Specifies range 
used for controlling maximum epochs} 

{Network layer ranges} 

InputRange = O .. MaxNuminputs; 
{index i always used for this range} 
HiddenRange = 

l..MaxNumHiddenNodes; {indexj 
always used for this range} 

Hidden2Range = 
l .. MaxNumHidden2Nodes; {index b 
always used for this range} 

OutputRange = l .. MaxNumOutputs; 
{index k always used for this range} 

{Input data types} 
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InputLayerType = 

array[InputRange] of real; 

OutputOutType 
array[ OutputRange] of real; 

InputPEType = record 
x: InputLayerType; 

out: OutputOutType; 
end; 

InPEPtr = "InputPEType; 
{Structure too large for 

stack, put it on the heap} 

Data Type 
InPEPtr; 

= array[DataRange] of 

TestDataType 
array[TestDataRange] of InPEPtr; 

InputDataType 
array[inputDataRange] of InPEPtr; 

{Hidden layer 1 data types} 

Hidden WeightType = 

array[HiddenRange, InputRange] of 
real; 

HiddenOutType 
array[HiddenRange] of real; 

HiddenPEType = record 
w: Hidden WeightType; 

z: HiddenOutType; 
end; 

{Hidden layer 2 data types} 

Hidden2WeightType = 

array[Hidden2Range, HiddenRange] of 
real; 

Hidden20utType 
array[Hidden2Range] of real; 

Hidden2PEType = record 
r: Hidden2WeightType; 

s: Hidden20utType; 

end; 

{Output data types} 

OutputWeightType = 

array[OutputRange, Hidden2Range] of 
real; 

OutputPEType = record 
u: OutputWeightType; 

y: OutputOutType; 
end; 

DeltaErrorType 
array[ OutputRange] of Real; 

var 

{Network variables} 

Numlnputs 
NumOutputs 

: Integer; 
: Integer; 

TrainPattems : Integer; 
TestPattems : Integer; 
lnputPattems : Integer; 
Maxlterations : Integer; 
NumHiddenNodes: Integer; 
NumHidden2Nodes: Integer; 
EpochSize : Integer; 

linear : Integer; 
sigmoidal : Integer; 

DataDirectory :string; 
ImportAnal :string; 
Paramindex :string; 

datain :string; 
testDatain :string; 
errorOut :string; 
trainingOut :string; 
testOut : string; 
weightsOut :string; 
time :string; 
inputDataFile :string; 
netOutputfi.le :string; 
ParamSpecFile :string; 
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inData : DataType; 
{Variable associated with training data 
patterns} 

testData : TestDataType; 
{Variable associated with test data 
patterns} 

inputData : InputPEType; 
{Variable associated with validation 
data patterns} 

inputDataVar : inputDataType; 
{Variable associated with validation 
data patterns} 

hiddenNodes : HiddenPEType; 
{Variable used to control hidden layer 1 
computation} 
hidden2N odes : Hidden2PEType; 

{Variable used to control hidden layer 2 
computation} 

outputNodes : OutputPEType; 
{Variable used to control output layer 
computation} 

delta : DeltaErrorType; 
{Variable used to determine network 
error} 

rmsError : real; {Variable 
used to determine network error} 

iterations : IterationsRange; 
{Variable used to perform maximum 
iterations} 

q : Integer; {Variable 
used in random selection of training 
patterns} 

fOut : Text; {Variable 
for opening output files} 

fln : Text; {Variable for 
opening input files} 

hl,ml,sl,hundl : Word; 
{Variables for calculating program start 
time} 

h2,m2,s2,hund2 : Word; 
{Variables for calculating program 
finish time} 

{****************************VO 
Functions 
****************************} 

procedure Openin (var f: Text; 
filename: string); 

{Used to open specified files containing 
information to be read into the 
network} 

begin { Openln} 

Assign(f, filename ); 
Reset(f); 

end; { Openln} 

procedure OpenOut (var f: Text; 
filename: string); 

{Used to open specified files to write 
network output to} 

begin {Open Out} 

Assign(f, filename ); 
Rewrite(£); 

end; {Open Out} 

{************************** 
Utility Functions 
**************************} 

function RandomOne: real; 

{Returns a random number in the range 
-1to1} 

begin {RandomOne} 

Random One := Random * 2 - 1; 

end; {Random One} 
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function Randoml To (topOfRange: 
Integer): DataRange; 

{Returns a random integer in the range 
1 to topOfRange} 

begin {Randoml To} 

Randoml To := Round(Random * 
(topOfRange - 1)) + 1; 

end; {Randoml To} 

function LeadingZero (w: Word): 
String; 

{Enables computation time to be 
formatted correctly in output file} 

var s : String; 

begin {LeadingZero} 

Str(w:O,s); 

if Length( s) = 1 then 

s:='O'+s; 

LeadingZero :=s; 

end; {LeadingZero} 

{********************** 
Initialization Functions 
**********************} 

procedure lnitParamSpec; 

{Initialises the Parameter Specification 
for the NN M.Alarc~n 24-11-00} 

begin {lnitParamSpec} 

ParamSpecFile := 'c:\psc.txt'; 
Openln (fin, ParamSpecFile); 
readln (fin, DataDirectory); 
readln (fin, Numlnputs); 

readln (fin, NumOutputs); 
readln (fin, TrainPattems); 
readln (fin, TestPattems); 
readln (fin, lnputPattems); 
readln (fin, Maxlterations); 
readln (fin, NumHiddenNodes); 
readln (fin, NumHidden2Nodes); 
readln (fin, linear); 
readln (fin, sigmoidal); 
readln (fin, lmportAnal); 
readln (fin, Paramlndex); 
Close (fin); 

EpochSize := TrainPattems; 
{Number of training data patterns 
considered in each epoch} 
end; {InitParamSpec} 

procedure InitFilenames; 
{Initialises tFilenames for the NN 
M.Alarc~n 7-12-00} 

begin {lnitFilenames} 
dataln := DataDirectory + 

lmportAnal + 'tm' + Paramlndex + '.txt'; 
{Input file containing training data set} 
testDataln := DataDirectory + 

lmportAnal + 'tst' + Paramlndex + '.txt'; 
{Input file containing test data set} 
errorOut := DataDirectory + 

lmportAnal + 'err' + Paramlndex + 
'.out'; {Output file for training and test 
error} 
trainingOut := DataDirectory + 

ImportAnal + 'tm' + Paramlndex + 
'.out'; {Output file for training results} 
testOut := DataDirectory + 

ImportAnal + 'tst' + Paramlndex +'.out'; 
{Output file for test results} 
weightsOut := DataDirectory + 

lmportAnal + 'wts' + Paramlndex + 
'.out'; {Output file for weights matrix} 
time := DataDirectory + 

ImportAnal + 'tim' + Paramlndex + 
'.out'; {Output file for computation 
time} 
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inputDataFile := DataDirectory + 
'input.txt'; {Input file containing 
validation data set} 

netOutputfile := DataDirectory + 
'output.out'; {Output file for validation 
results} 

end; {lnitFilenames} 

procedure InitDataStrs (var d: 
DataType; var t: TestDataType); 

{Initialises the training and test data 
structures on the heap} 

var m: DataRange; 
n: TestDataRange; 

begin {InitDataStrs} 

for m := 1 to TrainPattems do 

New(d[m]); 

for n := 1 to TestPattems do 

New(t[n]); 

end; {InitDataStrs} 

procedure DisposeDataStrs (var d: 
DataType; var t: TestDataType); 

{Disposes of the training and test data 
structures} 

var m: DataRange; 
n: TestDataRange; 

begin {DisposeDataStrs} 

for m := 1 to TrainPattems do 

Dispose( d[ m ]); 

for n := 1 to TestPattems do 

Dispose(t[ n ]); 

end; {DisposeDataStrs} 

procedure lnitData (var d: DataType; 
var t: TestDataType); 

{Reads in training and testing data from 
specified files} 

var m: DataRange; 
n: TestDataRange; 
i: InputRange; 
k: OutputRange; 

begin {InitData} 

writeln; 
writeln('Reading in the training data'); 
writeln; 
Openln(fln, dataln); 

for m := 1 to TrainPattems do 

begin {m} 

for i := 1 to Numlnputs do 

read(fln, d[mY'.x[i]); 

for k := 1 to NumOutputs do 

read(fln, d[mY'.out[k]); 

readln(fln); 

end; {m} 

Close(fln); 

for m := 1 to TrainPattems do 

d[m]'".x[O] := 1; 

writeln('Reading in the test data'); 
writeln; 
writeln(Maxlterations,' iterations will 

now commence to generate network 
weights'); 

writeln; 
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Openin(fln, testDatain); 

for n := 1 to TestPattems do 

begin {n} 

for i := 1 to Numinputs do 

read(fln, t[n]".x[i]); 

fork:= 1 to NumOutputs do 

read(fln, t[n]A.out[k]); 

readln( fln); 

end; {n} 

Close(fln); 

for n := 1 to TestPattems do 

t[n]".x[O] := 1; 

end; {InitData} 

procedure InitHiddenlLayer (var h: 
HiddenPEType ); 

{Initializes the hidden layer 1 weights 
to random reals in the range -1 to 1 } 

var i: InputRange; 
j: HiddenRange; 

begin {InitHiddenl Layer} 

for j := 1 to NumHiddenNodes do 

for i := 0 to Numinputs do 

h.wo, i] := RandomOne; 

end; {InitHiddenlLayer} 

procedure InitHidden2Layer (var f: 
Hidden2PEType ); 

{Initializes the hidden layer 2 weights 
to random reals in the range -1 to 1 } 

var j: HiddenRange; 
b: Hidden2Range; 

begin {InitHidden2Layer} 

for b := 1 to NumHidden2Nodes do 

for j := 1 to NumHiddenNodes do 

f.r[b, j] := RandomOne; 

end; {InitHidden2Layer} 

procedure InitOutputLayer (var o: 
OutputPEType ); 

{Initializes the output weights to 
random reals in the range -1 to 1 } 

var b: Hidden2Range; 
k: outputRange; 

begin {InitOutputLayer} 

for k := 1 to NumOutputs do 

for b := 1 to NumHidden2Nodes do 

o.u[k, b] := RandomOne; 

end; {InitOutputLayer} 

{ *** * * ** * * * ** * * ** * * * * * * * Neural 
Net Procedures 
***********************} 

procedure NetForwardDel (var inp: 
InputPEType; var h: HiddenPEType; 
var f: Hidden2PEType; 
var o: OutputPEType; var delta: 
DeltaErrorType ); 

{Calculates network output for a given 
input and also the error, delta} 
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var net, val, sum: real; 
i: InputRange; 
j: HiddenRange; 
b: Hidden2Range; 
k: OutputRange; 

begin {NetForwardDel} 

{Hidden layer 1 forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 0 to Numinputs do 

net :=net+ h.w[j, i] * inp.x[i]; 

h.z[j] := 1 I (1 + exp(-net)); 

end; {j} 

{Hidden layer 2 forward} 

for b := 1 to NumHidden2Nodes do 

begin {b} 

sum:= O; 

for j := 1 to NumHiddenNodes do 

sum:= sum+ f.r[b,j] * h.z[j]; 

f.s[b] := 1 I (l + exp(-sum)); 

end; {b} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for b := 1 to NumHidden2Nodes do 

val := val + o.u[k, b] * f.s[b]; 

o.y[k] := sigmoidal * (1 I (l +exp(
val))) +linear* val; 

delta[k] := inp.out[k] - o.y[k]; 

end; {k} 

end; {NetForwardDel} 

procedure NetForward (var inp: 
InputPEType; var h: HiddenPEType; 
var f: Hidden2PEType; 
var o: OutputPEType; var 
dl ,d2:0utputOutType ); 

var net, val, sum: real; 
i: InputRange; 
j: HiddenRange; 
b: Hidden2Range; 
k: OutputRange; 

begin {N etF orward} 

{Hidden layer forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 0 to Numlnputs do 

net:= net+ h.w[j, i] * inp.x[i]; 

h.z[j] := 1 I (1 + exp(-net)); 

end; {j} 

{Hidden layer 2 forward} 

for b := 1 to NumHidden2Nodes do 

begin {b} 

sum:= O; 

for j := 1 to NumHiddenNodes do 
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sum:= sum+ f.r[b,j] * h.zU]; 

f.s[b] := 1 I (l + exp(-sum)); 

end; {b} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for b := 1 to NumHidden2Nodes do 

val := val + o.u[k, b] * f.s[b]; 

o.y[k] := sigmoidal * (1 I (I +exp(
val))) +linear* val; 

dl [k] := inp.out[k]; 
d2[k] := o.y[k]; 

end; {k} 

end; {NetForward} 

procedure NetTrain (var inp: 
InputPEType; var h: HiddenPEType; 
var f: Hidden2PEType; 
var o: OutputPEType; newzeta: real); 

{This procedure calculates an output for 
any given input, compares the predicted 
output 
with the given output, calculates the 
associated error, delta, and updates the 
network 
weights using the "delta rule"} 

var i: InputRange; 
j: HiddenRange; 
k: OutputRange; 
b: Hidden2Range; 
net, val, deltaJ, sum, deltaB, deltaBl, 

vall: real; 

begin {NetTrain} 

{Hidden layer forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 0 to Numinputs do 

net :=net+ h.wO, i] * inp.x[i]; 

h.zO] := 1 I (1 + exp(-net)); 

end; {j} 

{Hidden layer 2 forward} 

for b := 1 to NumHidden2Nodes do 

begin {b} 

sum:= O; 

for j := 1 to NumHiddenNodes do 

sum:= sum+ f.r[b,j] * h.zO]; 

f.s[b] := 1 I (l + exp(-sum)); 

end; {b} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for b := 1 to NumHidden2Nodes do 

val := val + o.u[k,b] * f.s[b]; 

o.y[k] := sigmoidal * (1 I (1 +exp(
val))) +linear* val; 

delta[k] := inp.out[k] - o.y[k]; 

end; {k} 
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{Update output layer weights} 

for k := 1 to NumOutputs do 

for b := 1 to NumHidden2Nodes do 

o.u[k, b] := o.u[k, b] + newzeta * 
delta[k] * f.s[b]; 

{Update hidden layer 2 weights} 

for b := 1 to NumHidden2Nodes do 

begin {b} 

val := O; 

fork:= 1 to NumOutputs do 

val := val + delta[k] * o.u[k, b]; 

deltaB := f.s[b] * (1 - f.s[b]) * val; 

for j := 1 to NumHiddenNodes do 

f.r[b, j] := f.r[b, j] + newzeta * 
deltaB * h.z[j]; 

end; {b} 

{Update hidden layer 1 weights} 

for j := 1 to NumHiddenNodes do 

begin {j} 

sum :=O; 
vall := O; 

for b := 1 to numHidden2nodes do 

begin {b} 

for k := 1 to NumOutputs do 

vall := vall + delta[k] * o.u[k, b]; 

deltaB 1 := f.s[b] * (1 - f.s[b]) * 
vall; 

sum := sum + deltaB 1 * f.r[b,j]; 
deltaJ := h.z[j] * (1 - h.z[j]) * sum; 

for i := 0 to Numinputs do 

h.w[j, i] := h.w[j, i] +zeta* 
deltaJ * inp.x[i]; 

end; {b} 

end; {j} 

end; {NetTrain} 

{************************* 
Display Procedures 
*************************} 

procedure Display Error (var rms: real; 
inD: DataType; tD: TestDataType; h: 
HiddenPEType; 
f: Hidden2PEType; o: OutputPEType; 
newzeta: real); 

{Calculates the Root Mean Square, 
RMS, error for all the training and test 
inputs} 
{Displayed on user screen for 
monitoring purposes and also written to 
the specified file} 

var trErr, testErr, val, testRms: real; 
del: DeltaErrorType; 
m: DataRange; 
n: TestDataRange; 
k: OutputRange; 

begin {Display Error} 

{Training data set calculations} 

trErr := O; 

for m := 1 to TrainPattems do 

begin {m} 

NetForwardDel(inD[mY', h, f, o, del); 
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val := O; 

for k := 1 to NumOutputs do 

val := val + del[k] * del[k]; 

trErr := trErr + val; 

end; {m} 

rms := Sqrt(trErr/TrainPatterns); 
{RMS error over all training patterns} 

{Test data set calculations} 

testErr := O; 

for n := 1 to TestPatterns do 

begin {n} 

NetForwardDel(tD[n]'\ h, f, o, del); 
val := O; 

for k := 1 to NumOutputs do 

val := val + del[k] * del[k]; 

testErr := testErr + val; 

end; {n} 

testRms := Sqrt(testErr/TestPatterns); 
{RMS error over all test patterns} 

writeln(fOut, iterations : 3, ' ', rms : 5 : 
5, ' ', testRms : 5 : 5); 

end; {Display Error} 

procedure WriteOutTrainingData (var 
inD: DataType; var h: HiddenPEType; 
var f: Hidden2PEType; 
var o: OutputPEType ); 

{Writes the predicted and actual outputs 
from training to the specified file} 

var curvel, curve2: OutputOutType; 

p: DataRange; 
k: OutputRange; 

begin {WriteOutTrainingData} 

Open Out( fOut, trainingOut); 

for p := 1 to TrainPatterns do 

begin {p} 

NetForward(inD[p]", h, f, o, curvel, 
curve2); 

fork :=1 to NumOutputs do 

write(fOut, curvel [k] : 7 : 5, ' '); 

fork :=1 to NumOutputs do 

write(fOut, curve2[k] : 7: 5,' '); 

writeln(fOut); 

end; {p} 

Close(fOut); 

end; {WriteOutTrainingData} 

procedure WriteOutTestData (var tD: 
TestDataType; var h: HiddenPEType; 
var f: Hidden2PEType; 
var o: OutputPEType); 

{Writes the predicted and actual outputs 
from testing to the specified file} 

var curvel, curve2: OutputOutType; 
q: TestDataRange; 
k: OutputRange; 

begin {WriteOutTestData} 

OpenOut(fOut, testOut); 

for q := 1 to TestPatterns do 

begin {q} 
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NetForward(tD[q]", h, f, o, curvel, 
curve2); 

fork := 1 to NumOutputs do 

write(fOut, curvel [k] : 7 : 5, ' '); 

for k := 1 to NumOutputs do 

write(fOut, curve2[k] : 7: 5,' '); 

writeln(fOut); 

end; {q} 

Close(fOut); 

end; {WriteOutTestData} 

procedure WriteOutWeights (var h: 
HiddenPEType; var f: Hidden2PEType; 
var o: OutputPEType ); 

{Writes the weights matrix to the 
specified file} 

var i: InputRange; 
j: HiddenRange; 
b: Hidden2Range; 
k: OutputRange; 

begin {WriteOutWeights} 

OpenOut(fOut, weightsOut); 

for j := 1 to NumHiddenNodes do 

begin {j} 

for i := 0 to Numinputs do 

write(fOut, h.w[j, i] : 8 : 5, ' '); 

writeln(fOut); 

end; {j} 

for b := 1 to NumHidden2Nodes do 

begin {b} 

for j := 1 to NumHiddenNodes do 

write(fOut, f.r[b,j] : 8 : 5,' '); 

writeln(fOut); 

end; {b} 

writeln(fOut); 

for j := 1 to NumHiddenNodes do 

begin {j} 

for k := 1 to NumOutputs do 

Write(fOut, o.u[k,j] : 8 : 5, ' '); 

writeln(fOut); 

end; {j} 

Close(fOut); 

end; {WriteOutWeights} 

{Procedures from here to "main 
program" used for running option 2 of 
the program} 

procedure InitlnputData (var d: 
inputDataType); 

{Reads validation data patterns from 
specified file} 

var m: inputDataRange; 
i: InputRange; 
k: OutputRange; 

begin {InitlnputData} 

writeln('Reading in the input data'); 
Openln(fln, inputDataFile); 
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for m := I to InputPattems do 

begin {m} 

for i := I to Numlnputs do 

read(fin, d[m]".x[i]); 

for k := I to NumOutputs do 

read(fin,d[m]".out[k]); 

end; {m} 

for m := I to InputPattems do 

d[m]".x[O] :=I; {} 

Close( fin); 

end; {InitlnputData} 

procedure Readln Weights( var 
h:HiddenPEType; var 
f:Hidden2PEType; var 
o:OutputPEType ); 

{Reads weights matrix from file 
produced using option I of the 
program} 

var i, j, b, k : integer; 

begin {ReadlnWeights} 

Openln( fin, weights Out); 

for j := I to NumHiddenNodes do 

begin {j} 

for i := 0 to Numlnputs do 

read(fin, h.w[j, i]) ; 
readln( fin); 

end; {j} 

for b := I to NumHidden2Nodes do 

begin {b} 

for j := I to NumHiddenNodes do 

read( fin, f.r[b, j]); 
readln( fin); 

end; {b} 

readln(fin); 

for j :=I to NumHiddenNodes do 

begin {j} 

for k := I to NumOutputs do 

read(fin, o.u[k,j]); 
readln(fin); 

end; {j} 

Close( fin); 

end; {Readln Weights} 

procedure WriteOutNetOutputData (var 
tD: inputDataType; var h: 
HiddenPEType; var f:Hidden2PEType; 
var o: OutputPEType ); 

{Calculates the output for any given 
input using the weights developed 
during training} 

var curvel, curve2: OutputOutType; 
q: inputDataRange; 
k:OutputRange; 

begin {WriteOutTestData} 

OpenOut(fOut, netOutputFile); 

for q := I to InputPattems do 

begin {q} 

NetForward(tD[q]'\ h, f, o, curvel, 
curve2); 
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for k := 1 to NumOutputs do 

write(fOut, curvel [k] : 7 : 5, ' '); 

for k := 1 to NumOutputs do 

write(fOut, curve2[k] : 7 : 5,' '); 
writeln(fOut); 

end; {q} 

Close(fOut); 

end; {WriteOutTestData} 

procedure InitlnputDataStrs (var d: 
inputDataType); 

{Initialises the training and test data 
structures on the heap} 

var m: inputDataRange; 

begin {InitDataStrs} 

for m := 1 to InputPattems do 

New(d[m]); 

end; {InitDataStrs} 

{**************************** 
Main Program 
***************************} 

var answer: integer; 
count: integer; 
stop: integer; 
ni: integer; 
buffer: integer; 
newzeta: real; 

begin {Main program} 

InitParamSpec; {Gets the Parameters 
forthe NN} 

clrscr; 

writeln(' FeedForward 
BackPropagation Neural Network'); 

answer:=l; 

if (answer= 2) then 

begin {2} 

InitinputDataStrs (inputData Var ); 
Readin Weights (HiddenNodes, 

Hidden2Nodes, OutputNodes); 
InitlnputData (inputData V ar); 
WriteOutNetOutputData 

(inputDataVar, HiddenNodes, 
Hidden2Nodes, OutputNodes); 

end {2} 

else 

begin {1} 
ni:=Numinputs; 
stop:=ni*2; 
for count:=O to stop do 
begin {count} 
if count=O then 

begin 
ImportAnal:="; 
Paramlndex:="; 
InitFilenames; 
end; 

if ( count>O) and ( count<=ni) then 
begin 
ImportAnal:='pi'; 
str( count,Paramlndex); 
Numinputs:=ni-1; 
InitFilenames; 
end; 

if count>ni then 
begin 
ImportAnal:='ci'; 
buffer:=count-ni; 
str(buffer ,Paramlndex ); 
Numlnputs:=ni-1; 
InitFilenames; 
end; 

GetTime (hl, ml, sl, hundl); 
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{Initialize the training and test sets} 

InitDataStrs (inData, testData); 
InitData (inData, testData); 
OpenOut (fOut, errorOut); 

{Initialise all weights using random 
values} 

randSeed := dataSeed; 
InitHiddenlLayer (hiddenNodes); 
InitHidden2Layer (hidden2Nodes); 
InitOutputLayer (outputNodes); 

{A 'for' loop is used to fix the total 
number of iterations} 

{Reset the random seed so that the 
calling sequence can be contolled} 

randSeed := calcSeed; 
newzeta := zeta; 

for iterations := 1 to Maxlterations do 

begin {iterations} 

for q := 1 to EpochSize do 

begin {q} 

inputData := 
InData[Random 1 To(TrainPattems) ]"; 

NetTrain (inputData, hiddenNodes, 
hidden2Nodes, outputNodes, newzeta); 

end; {q} 

{Display RMS error for each 
iteration} 

DisplayError (rmsError, inData, 
testData, hiddenNodes, hidden2Nodes, 
outputNodes, newzeta); 

{Decrease delta rule constant over 
iterations range} 

newzeta := decrate * newzeta; 

if newzeta < 0.1 then 

newzeta := 0.1 

else 

newzeta := newzeta; 

end; {iterations} 

Close (fOut); 
WriteOutTrainingData (inData, 

hiddenN odes, hidden2N odes, 
outputNodes); 

WriteOutT estData ( testData, 
hiddenNodes, hidden2N odes, 
outputN odes); 

WriteOutWeights (hiddenNodes, 
hidden2Nodes, outputNodes); 

DisposeDataStrs (inData, testData); 
GetTime (h2, rn2, s2, hund2); 
OpenOut (fOut, time); 
writeln (fOut, 'Start time :-

',LeadingZero(hl ),':',LeadingZero(ml ),' 
: ',LeadingZero( s 1 ), ': ',LeadingZero(hund 
1)); 

writeln (fOut, 'Finish time:
',LeadingZero(h2),':',LeadingZero(m2),' 
: ',LeadingZero( s2),': ',LeadingZero(hund 
2)); 

Close(fOut); 
end; {count} 

end; {1} 
Assign( fln, 'c: \psc. txt'); 
Erase(fln); 

end. {Main program} 
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H-2: Radial Basis Function Source Code 
program Radial_Basis_Function; 
{multiple inputs/outputs, Gaussian 
function} 
uses Dos, crt; 
const 

{****************************** 
******************************* 
***********} 

{Neural Network Parameter 
Specification} 
MaxNuminputs = 40; 
MaxNumOutputs = 10; 

MaxTrainPattems = 15000; 
MaxTestPattems = 15000; 
MaxinputPattems = 2500; 

MaxMaxiterations = 1000000; 

MaxNumHiddenNodes = 100; 

{****************************** 
******************************* 
***********} 

{Delta Rule constants} 

zeta = 0.9; {Controls the 
learning rate, 0 < zeta < 1 } 

decrate = 0.99; {Rate of decrease 
of zeta over iterations range, decrate < 
1} 

{Miscellaneous constants} 

dataSeed = 1; {Seed for Random 
Number Generation for initialising 
network weights} 

calcSeed = 1; {Seed for Random 
Number Generation for random 
selection of training data patterns} 

type 

{Miscellaneous ranges} 

DataRange 
1 .. MaxTrainPatterns; {Specifies range 
of training data patterns} 
TestDataRange = 

l..MaxTestPatterns; {Specifies range 
of test data patterns} 

InputDataRange = 

l..MaxlnputPatterns; {Specifies range 
of validation data patterns} 

IterationsRange = 

O .. MaxMaxiterations; {Specifies range 
used for controlling maximum epochs} 

{Network layer ranges} 

InputRange = 1 .. MaxNuminputs; 
{index i always used for this range} 
HiddenRange = 

O .. MaxNumHiddenNodes; {indexj 
always used for this range} 

OutputRange = l .. MaxNumOutputs; 
{index k always used for this range} 

{Input data types} 

InputLayerType = 
array[InputRange] of real; 

OutputOutType = 

array[OutputRange] of real; 

InputPEType = record 
x: InputLayerType; 

out: 
OutputOutType; 

end; 

InPEPtr = "InputPEType; 
{Structure too large for 

the stack, put it on the heap} 

Data Type 
InPEPtr; 

= array[DataRange] of 
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TestDataType 
array[TestDataRange] of InPEPtr; 

InputDataType = 
array[inputDataRange] of InPEPtr; 

{Hidden data types} 

Hidden WeightType = 

array[HiddenRange, InputRange] of 
real; 

HiddenOutType 
array[HiddenRange] of real; 

HiddenPEType = record 
w: Hidden WeightType; 

z: HiddenOutType; 
end; 

{Output data types} 

OutputWeightType = 
array[OutputRange, HiddenRange] of 
real; 

OutputPEType = record 
u: OutputWeightType; 

y: OutputOutType; 
end; 

DeltaErrorType 
array[OutputRange] ofReal; 

var 

{Network variables} 
Numlnputs : Integer; 
NumOutputs : Integer; 

TrainPatterns : Integer; 
TestPatterns : Integer; 
InputPatterns : Integer; 
Maxiterations : Integer; 
NumHiddenNodes : Integer; 
EpochSize : Integer; 
sigma : real; 

DataDirectory :string; 

ImportAnal 
Paramindex 

:string; 
:string; 

datain :string; 
testDatain :string; 
errorOut :string; 
trainingOut :string; 
testOut :string; 
weightsOut :string; 
time :string; 
inputDataFile :string; 
netOutputfile :string; 
ParamSpecFile :string; 

inData : DataType; 
{Variable associated with training data 
patterns} 
testData : TestDataType; 

{Variable associated with test data 
patterns} 

inputData : InputPEType; 
{Variable associated with validation 
data patterns} 
inputData V ar : inputDataType; 

{Variable associated with validation 
data patterns} 

hiddenNodes : HiddenPEType; 
{Variable used to control hidden layer 
computation} 
outputNodes : OutputPEType; 

{Variable used to control output layer 
computation} 

delta : DeltaErrorType; 
{Variable used to determine network 
error} 
rmsError : real; {Variable 

used to determine network error} 

iterations : IterationsRange; 
{Variable used to perform maximum 
iterations} 

q : Integer; {Variable 
used in random selection of training 
patterns} 

fOut : Text; {Variable 
for opening output files} 

fin : Text; {Variable 
for opening input files} 
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hl,ml,sl,hundl : Word; 
{Variables for calculating program 
start time} 
h2,m2,s2,hund2 : Word; 

{Variables for calculating program 
finish time} 

{**************************** 
I/O Functions 
****************************} 

procedure Openin (var f: Text; 
filename: string); 

{Used to open specified files 
containing information to be read into 
the network} 

begin { Openin} 

Assign(f, filename ); 
Reset(±); 

end; { Openin} 

procedure OpenOut (var f: Text; 
filename: string); 

{Used to open specified files to write 
network output to} 

begin {Open Out} 

Assign(f, filename ); 
Rewrite(±); 

end; {Open Out} 

{************************** 
Utility Functions 
**************************} 

function RandomOne: real; 

{Returns a random number in the 
range -1 to 1 } 

begin {RandomOne} 

Random One := Random * 2 - 1; 

end; {RandomOne} 

function Randoml To (topOfRange: 
Integer): DataRange; 

{Returns a random integer in the range 
1 to topOfRange} 

begin {Randoml To} 

Randoml To := Round(Random * 
(topOfRange - 1)) + 1; 

end; {Randoml To} 

function LeadingZero (w: Word): 
String; 

{Enables computation time to be 
formatted correctly in output file} 

var s : String; 

begin {LeadingZero} 

Str(w:O,s); 

if Length( s) = 1 then 

s:='O'+s; 

LeadingZero:=s; 

end; {LeadingZero} 

{********************** 
Initialization Functions 
**********************} 
procedure InitParamSpec; 
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{Initialises the Parameter Specification 
for the NN M.Alarc~n 24-11-00} 

begin {InitParamSpec} 

ParamSpecFile := 'c:\psc.txt'; 
Openln (fin, ParamSpecFile); 
readln (fin, DataDirectory); 
readln (fin, Numlnputs); 
readln (fin, NumOutputs); 
readln (fin, TrainPattems); 
readln (fin, TestPattems); 
readln (fin, lnputPatterns); 
readln (fin, Maxlterations); 
readln (fin, NumHiddenNodes); 
readln (fin, sigma); 
Close (fin); 

EpochSize := TrainPatterns; 
{Number of training data patterns 
considered in each epoch} 
end; {InitParamSpec} 

procedure InitFilenames; 
{Initialises tFilenames for the NN 
M.Alarc~n 7-12-00} 

begin {InitFilenames} 
dataln := DataDirectory + 

ImportAnal + 'tm' + Paramlndex + 
'.txt'; {Input file containing training 
data set} 
testDataln := DataDirectory + 

lmportAnal + 'tst' + Paramlndex + 
'.txt'; {Input file containing test data 
set} 

errorOut := DataDirectory + 
lmportAnal + 'err' + Paramlndex + 
'.out'; {Output file for training and test 
error} 
trainingOut := DataDirectory + 

ImportAnal + 'tm' + Paramlndex + 
'.out'; {Output file for training results} 

testOut := DataDirectory + 
lmportAnal + 'tst' + Paramlndex + 
'.out'; {Output file for test results} 
weightsOut := DataDirectory + 

ImportAnal + 'wts' + Paramlndex + 
'.out'; {Output file for weights matrix} 

time := DataDirectory + 
lmportAnal + 'tim' + Paramlndex + 
'.out'; {Output file for computation 
time} -

inputDataFile := DataDirectory + 
'input.txt'; {Input file containing 
validation data set} 

netOutputfile := DataDirectory + 
'output.out'; {Output file for validation 
results} 

end; {lnitFilenames} 

procedure InitDataStrs (var d: 
DataType; var t: TestDataType); 

{Initialises the training and test data 
structures on the heap} 

var m: DataRange; 
n: TestDataRange; 

begin {lnitDataStrs} 

for m := 1 to TrainPatterns do 

New(d[m]); 

for n := 1 to TestPatterns do 

New(t[n]); 

end; {lnitDataStrs} 

procedure DisposeDataStrs (var d: 
DataType; var t: TestDataType); 

{Disposes of the training and test data 
structures} 

var m: DataRange; 
n: TestDataRange; 

begin {DisposeDataStrs} 
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for m := 1 to TrainPattems do 

Dispose(d[m]); 

for n := 1 to TestPattems do 

Dispose(t[n]); 

end; {DisposeDataStrs} 

procedure InitData (var d: DataType; 
var t: TestDataType); 

{Reads in training and testing data 
from the specified files} 

var m: DataRange; 
n: TestDataRange; 
i: InputRange; 
k: OutputRange; 

begin {lnitData} 

writeln; 
writeln('Reading in the training data'); 
writeln; 
Openln(fln, dataln); 

for m := 1 to TrainPattems do 

begin {m} 

for i := 1 to Numlnputs do 

read(fln, d[m]".x[i]); 

for k := 1 to NumOutputs do 

read(fln, d[m]".out[k]); 

readln(fln); 

end; {m} 

Close(fln); 
writeln('Reading in the test data'); 
Openln(fln, testDataln); 

for n := 1 to TestPattems do 

begin {n} 

for i := 1 to Numlnputs do 

read(fln, t[n]".x[i]); 

for k := 1 to NumOutputs do 

read(fln, t[n]".out[k]); 

readln(fln); 

end; {n} 

writeln; 
writeln(Maxlterations,' iterations will 

now commence to generate network 
weights'); 

writeln; 

Close(fln); 

end; {InitData} 

procedure InitHiddenLayer (var inp: 
DataType; var h: HiddenPEType); 

{Set weights for each centre function, 
ie. input to hidden layer weights} 

var i: InputRange; 
j: HiddenRange; 

begin {lnitHiddenLayer} 

for i := 1 to Numlnputs do 

h.w[O, i] := 0.0; 

for j := 1 to NumHiddenNodes do 

for i := 1 to Numlnputs do 

h.wu, i] := inpu]".x[i]; 

end; {InitHiddenLayer} 
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procedure InitOutputLayer (var o: 
OutputPEType ); 

{Initializes the output weights to 
random reals in the range -1 to 1 } 

var j: HiddenRange; 
k: outputRange; 

begin {InitOutputLayer} 

fork := 1 to NumOutputs do 

for j := 0 to NumHiddenNodes do 

o.u[k, j] := RandomOne; 

end; {lnitOutputLayer} 

{ * * * * * * * * * * * * * * * * * * * * * * * Neural 
Net Procedures 
***********************} 

procedure NetForwardDel (var inp: 
InputPEType; var h: HiddenPEType; 
var o: OutputPEType; var delta: 
DeltaErrorType ); 

{Calculates the output of the net for a 
given input and also the error, delta} 

var net, val: real; 
i: InputRange; 
j: HiddenRange; 
k: OutputRange; 

begin {NetForwardDel} 

{Hidden layer forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 1 to Numlnputs do 

net:= net+ sqr(inp.x[i] - h.wO, i]); 

h.zDJ := exp(-net/(2 * sqr(sigma))); 

end; {j} 

h.z[O] := 1; {Bias unit connected to 
output layer} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for j := 0 to NumHiddenNodes do 

val := val + o.u[k, j] * h.zDJ; 

o.y[k] := val; 
delta[k] := inp.out[k] - o.y[k]; 

end; {k} 

end; {NetForwardDel} 

procedure NetForward (var inp: 
InputPEType; var h: HiddenPEType; 
var o: OutputPEType; var 
dl ,d2:0utputOutType ); 

var net, val: real; 
i: InputRange; 
j: HiddenRange; 
k: OutputRange; 

begin {NetForward} 

{Hidden layer forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 1 to Numinputs do 
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net :=net+ sqr(inp.x[i] - h.wO, i]); 

h.zOJ := exp(-net/(2 * sqr(sigma))); 

end; {j} 

h.z[O] := 1; {Bias unit connected to 
output layer} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for j := 0 to NumHiddenNodes do 

val := val + o.u[k,j] * h.zOJ; 

o.y[k] := val; 
dl[k]:= inp.out[k]; 
d2[k]:= o.y[k]; 

end; {k} 

end; {N etF orward} 

procedure NetTrain (var inp: 
InputPEType; var h: HiddenPEType; 
var o: OutputPEType; newzeta: real); 

{This procedure calculates an output 
for any given input, compares the 
predicted output 
with the given output, calculates the 
associated error, delta, and updates the 
output layer 
weights using the "delta rule"} 

var i: InputRange; 
j: HiddenRange; 
k: OutputRange; 
net, val, deltaJ: real; 

begin {NetTrain} 

{Hidden layer forward} 

for j := 1 to NumHiddenNodes do 

begin {j} 

net:= O; 

for i := 1 to Numinputs do 

net :=net+ sqr(inp.x[i] - h.wO, i]); 

h.zOJ := exp(-net/(2 * sqr(sigma))); 

end; {j} 

h.z[O] := 1; {Bias unit connected to 
output layer} 

{Output layer forward} 

for k := 1 to NumOutputs do 

begin {k} 

val := O; 

for j := 0 to NumHiddenNodes do 

val := val + o.u[k, j] * h.zOJ; 

o.y[k] := val; 
delta[k] := inp.out[k] - o.y[k]; 

end; {k} 

{Update output layer weights} 

for k := 1 to NumOutputs do 

for j := 0 to NumHiddenNodes do 

o.u[k, j] := o.u[k, j] + newzeta * 
delta[k] * h.zOJ; 

end; {NetTrain} 
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{************************* 
Display Procedures 
*************************} 

procedure DisplayError (var rms: real; 
inD: DataType; tD: TestDataType; h: 
HiddenPEType; o: OutputPEType; 
newzeta: real); 

{Calculates the Root Mean Square, 
RMS, error for all the training and test 
inputs} 
{Displayed on user screen for 
monitoring purposes and also written 
to the specified file} 

var trErr, testErr, val, testRms: real; 
del: DeltaErrorType; 
m: DataRange; 
n: TestDataRange; 
k: OutputRange; 

begin {Display Error} 

{Training data set calculations} 

trErr := O; 

for m := 1 to TrainPatterns do 

begin {m} 

NetForwardDel(inD[m]'\ h, o, del); 
val := O; 

for k := 1 to NumOutputs do 

val := val + del[k] * del[k]; 

trErr := trErr + val; 

end; {m} 

rms := Sqrt(trErr/TrainPatterns); 
{RMS error over all training patterns} 

{Test data set calculations} 

testErr := O; 

for n := 1 to TestPatterns do 

begin {n} 

NetForwardDel(tD[n]'\ h, o, del); 
val := O; 

for k := 1 to NumOutputs do 

val := val + del[k] * del[k]; 

testErr := testErr + val; 

end; {n} 

testRms := Sqrt(testErr/TestPatterns); 
{RMS error over all test patterns} 

writeln(fOut, iterations : 3,' ', rms: 5 
: 5, ' ', testRms : 5 : 5); 

end; {Display Error} 

procedure WriteOutTrainingData (var 
inD: DataType; var h: HiddenPEType; 
var o: OutputPEType ); 

{Writes the predicted and actual 
outputs from training to the specified 
file} 

var curvel, curve2: OutputOutType; 
p: DataRange; 
k: OutputRange; 

begin {WriteOutTrainingData} 

OpenOut(fOut, trainingOut); 

for p := 1 to TrainPatterns do 

begin {p} 

NetForward(inD[p]", h, o, curvel, 
curve2); 

fork :=1 to NumOutputs do 
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write(fOut, curvel[k]: 7: 5,' '); 

fork :=1 to NumOutputs do 

write(fOut, curve2[k] : 7 : 5,' '); 

writeln(fOut); 

end; {p} 

Close(fOut); 

end; {WriteOutTrainingData} 

procedure WriteOutTestData (var tD: 
TestDataType; var h: HiddenPEType; 
var o: OutputPEType ); 

{Writes the predicted and actual 
outputs from testing to the specified 
file} 

var curvel, curve2: OutputOutType; 
q: TestDataRange; 
k: OutputRange; 

begin {WriteOutTestData} 

OpenOut(fOut, testOut); 

for q := 1 to TestPattems do 

begin {q} 

NetForward(tD[q]'\ h, o, curvel, 
curve2); 

for k := 1 to NumOutputs do 

write(fOut, curvel[k]: 7: 5,' '); 

for k := 1 to NumOutputs do 

write(fOut, curve2[k] : 7: 5,' '); 

writeln(fOut); 

end; {q} 

Close(fOut); 

end; {WriteOutTestData} 

procedure WriteOutWeights (var h: 
HiddenPEType; var o: 
OutputPEType ); 

{Writes the weight matrix to the 
specified file} 

var i: InputRange; 
j: HiddenRange; 
k: OutputRange; 

begin {WriteOutWeights} 

OpenOut(fOut, weightsOut); 

for j := 1 to NumHiddenNodes do 

begin {j} 

for i := 1 to Numinputs do 

write(fOut, h.WLJ, i] : 8 : 5, ' '); 

writeln( fOut ); 

end; {j} 

writeln(fOut); 

for j := 0 to NumHiddenNodes do 

begin {j} 

for k := 1 to NumOutputs do 

write(fOut, o.u[k,j] : 8 : 5, ' '); 

writeln(fOut); 

end; {j} 

Close(fOut); 

end; {WriteOutWeights} 
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{Procedures from here to "main 
program" used for running option 2 of 
the program} 

procedure InitlnputData (var d: 
inputDataType); 

{Reads input data from nominated 
file} 

var m: inputDataRange; 
i: InputRange; 
k: OutputRange; 

begin {InitlnputData} 

writeln('Reading in the input data'); 
Openin(fln, inputDataFile ); 

for m := 1 to InputPattems do 

begin {m} 

for i := 1 to Numinputs do 

read(fln, d[m]".x[i]); 

for k := 1 to NumOutputs do 

read(fln,d[m]".out[k]); 

end; {m} 

end; {InitlnputData} 

procedure Readin Weights (var 
h:HiddenPEType; var 
o:OutputPEType ); 

{Reads the weights matrix from file 
produced using option 1 of the 
program} 

var i,j ,k : integer; 

begin {Readin Weights} 

Openln( fin, weightsOut); 

for j := 1 to NumHiddenNodes do 

begin {j} 

for i := 1 to Numinputs do 

read(fln, h.wLJ, i]) ; 

readln(fln); 

end; {j} 

readln(fln); 

for j := 0 to NumHiddenNodes do 

begin {j} 

for k := 1 to NumOutputs do 

read(fln, o.u[k,j]); 

readln(fln); 

end; {j} 

Close(fln); 

end; {Readin Weights} 

procedure WriteOutNetOutputData 
(var tD: inputDataType; var h: 
HiddenPEType; var o: 
OutputPEType ); 

{Calculates the output for any given 
input using the weights developed 
during training} 

var curvel, curve2: OutputOutType; 
q: inputDataRange; 
k: OutputRange; 

begin {WriteOutTestData} 

OpenOut(fOut, netOutputFile); 

for q := 1 to InputPattems do 
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begin {q} 

NetForward(tD[q]A, h, o, curvel, 
curve2); 

for k := 1 to NumOutputs do 

write(fOut, curvel [k] : 7 : 5,' '); 

fork:= 1 to NumOutputs do 

write(fOut, curve2[k] : 7 : 5,' '); 

writeln(fOut); 

end; {q} 

Close(fOut); 

end; {WriteOutTestData} 

procedure InitinputDataStrs (var d: 
inputData Type); 

{Initialises the training and test data 
structures on the heap} 

var m: inputDataRange; 

begin {InitDataStrs} 

for m := 1 to InputPattems do 
New(d[m]); 

end; {InitDataStrs} 

{**************************** 
Main Program 
***************************} 

var answer: integer; 
count: integer; 
stop: integer; 
ni: integer; 
buffer: integer; 
newzeta: real; 

begin {Main program} 

InitParamSpec; {Gets the Parameters 
forthe NN} 

clrscr; 

writeln; 
writeln; 
writeln(' Radial Basis Function 

Neural Network'); 
answer:=l; 

if (answer= 2) then 

begin {2} 

InitinputDataStrs (inputData V ar); 
Readin Weights (HiddenN odes, 

OutputN odes); 
InitlnputData (inputData V ar); 
WriteOutNetOutputData 

(inputData Var, HiddenN odes, 
OutputNodes ); 

end {2} 

else 

begin {l} 
ni:=Numinputs; 
stop:=ni*2; 
for count:=O to stop do 
begin {count} 
if count=O then 

begin 
ImportAnal:="; 
Paramindex:="; 
InitFilenames; 
end; 

if ( count>O) and ( count<=ni) then 
begin 
ImportAnal:='pi'; 
str( count,Paramindex ); 
Numinputs:=ni-1; 
InitFilenames; 
end; 

if count>ni then 
begin 
ImportAnal:='ci'; 
buffer:=count-ni; 
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str(buffer ,Paramindex ); 
Num.Inputs:=ni-1; 
InitFilenames; 
end; 
GetTime (hl, ml, sl, hundl); 

{Initialize the training and test data 
sets} 

InitDataStrs (inData, testData); 
InitData (inData, testData); 
OpenOut (fOut, errorOut); 

{Initialise output layer weights 
using random values, set hidden layer 
weights} 

randSeed := dataSeed; 
InitHiddenLayer 

(inData,HiddenNodes); 
InitOutputLayer (OutputNodes); 

{A 'for' loop is used to fix the total 
number of iterations} 

{Reset the random seed so that the 
calling sequence can be contolled} 

randSeed := calcSeed; 
newzeta := zeta; 

for iterations := 1 to Maxlterations 
do 

begin {iterations} 

for q := 1 to EpochSize do 

begin {q} 

inputData := 
InData[Randoml To(TrainPattems) ]'\ 

N etTrain(inputData, 
hiddenNodes, outputNodes, newzeta); 

end; {q} 

{Display RMS error for each 
iteration} 

DisplayError (rmsError, InData, 
testData, hiddenNodes, outputNodes, 
newzeta); 

{Decrease delta rule constant over 
the iterations range} 

newzeta := decrate * newzeta; 

if newzeta < 0 .1 then 

newzeta := 0.1 

else 

newzeta := newzeta; 

end; {iterations} 

Close(fOut); 
WriteOutTrainingData (inData, 

hiddenNodes, outputNodes); 
WriteOutTestData (testData, 

hiddenNodes, outputNodes); 
WriteOutWeights (hiddenNodes, 

outputNodes); 
DisposeDataStrs (inData, testData); 
GetTime (h2, m2, s2, hund2); 
OpenOut (fOut, time); 
writeln(fOut, 'Start time :-

',LeadingZero(hl),':',LeadingZero(ml), 
': ',LeadingZero( s 1 ), ': ',LeadingZero(hun 
dl)); 

writeln(fOut, 'Finish time:-
' ,LeadingZero(h2),': ',LeadingZero( m2), 
': ',LeadingZero( s2),': ',LeadingZero(hun 
d2)); 

Close(fOut); 
end; {count} 

end; {l} 
Assign(fln,'c:\psc.txt'); 
Erase( fin); 

end. {Main program} 
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