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Abstract

The operation of large industrial scale combustion systems, such as furnaces and boilers 

is increasingly dictated by emission legislation and requirements for improved 

efficiency. However, it can be exceedingly difficult and time consuming to gather the 

information required to improve original designs. Mathematical modelling techniques 

have led to the development of sophisticated furnace representations that are capable of 

representing combustion parameters. Whilst such data is ideal for design purposes, the 

current power of computing systems tends to generate simulation times that are too 

great to embed the models into online control strategies. The work presented in this 

thesis offers the possibility of replacing such mathematical models with suitably trained 

Artificial Neural Networks (ANNs) since they can compute the same outputs at a 

fraction of the model's speed, suggesting they could provide an ideal alternative in 

online control strategies. Furthermore, artificial neural networks have the ability to 

approximate and extrapolate making them extremely robust when encountering 

conditions not met previously.

In addition to improving operational procedures, another approach to increasing 

furnace system efficiency is to minimise the waste heat energy produced during the 

combustion process. One very successful method involves the implementation of a heat 

exchanger system in the exiting gas flue stream, since this is predominantly the main 

source of heat loss. It can be exceptionally difficult to determine which heat exchanger 

is best suited for a particular application and it can prove an even more arduous task to 

control it effectively. Furthermore, there are many factors that alter the performance 

characteristics of a heat exchanger throughout the duration of its operational life, such 

as fouling or unexpected systematic faults. This thesis investigates the modelling of an 

experimental heat exchanger system via artificial neural networks with a view to aiding 

the design and selection process. Moreover, the work presented offers a means to 

control heat exchangers subject to varying operating conditions more effectively, thus 

promoting savings in both waste energy and time.
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CHAPTER I 
Introduction

This chapter introduces the thesis with an opening section that describes the pressures to 

improve efficiency in combustion systems and the current control methods in place. 

Subsequent sections examine the role of Artificial Neural Networks in such systems and 

the limitations of the work performed so far. The closing section in this chapter 
summarises the points raised, discusses the motivations behind the work performed in 

this thesis and describes each chapter.
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1.1 Background

This first section describes the pressures and motivations to improve efficiency in 

combustion systems. As a result of the oil embargo, the 1970's saw an unprecedented 

increase in the price of oil and all products derived from it. The fuel restriction and 

subsequent price rise forced a change in the way in which combustion systems were 

designed and controlled from that point onwards. Instead of designing furnaces to 

promote increases in production and reliability, furnaces were constructed with the 

emphasis on energy efficiency and heavy consideration to employing stoichiometric 

control procedures began. Whilst these revised systems and practices were aimed at 

minimising fuel wastage they were also expected to maintain or improve furnace 

production rates in keeping with an ever increasing demand. In accordance with these 

requirements, there exists a constant balance between system efficiency and production, 

which in turn maintains a continuous requirement for further improvement in furnace 

designs and control strategies.

The design of furnace structures and new operational procedures were 

traditionally evaluated using results obtained from existing similar furnace systems and 

involved relatively simple calculation procedures. Such basic appraisal methods are not 

suitable for today's more sophisticated furnace systems. This lack of suitability, in 

accordance with improvements in computational power, led to the development of 

mathematical modelling techniques to simulate the behaviour of such complex systems. 

Moreover, it is not always possible to obtain experimental data from such high- 

temperature furnace systems, since it can be extremely time-consuming, expensive or 

simply too difficult to achieve. The construction of mathematical models has made it 

possible to solve a variety of problems previously considered impossible due to their 

complexity and the difficulty envisaged in recording direct experimental results.

In addition to minimising fuel wastage, methods of heat loss minimisation and 

recovery have also been encouraged to maximise the energy produced during the 

combustion process. Advances in furnace chamber construction materials are 

constantly being researched, the implications of which can be introduced in the design 

phase. Nonetheless, the main heat loss in any combustion system exists in the 

expulsion of hot flue gasses to the surrounding environment. Since the interest in 

energy efficiency boomed, practices have been amended to recycle or reclaim the hot
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combustion gases released into the atmosphere. Devices such as heat exchangers can be 

utilised to help reclaim the quantity of heat energy lost through the release of hot 

combustion gases by transferring the heat to a secondary fluid stream. The energy of a 

hot stream can be further transferred to preheat the combustion air, without affecting its 

composition. Furthermore, heat exchange devices can also provide a secondary 

ecological service in reducing the temperature of hot fluids being expelled to the 

systems surroundings. This helps to reduce the environmental impact of combustion 

systems, an area of continuously stringent limitation.

1.2 Current Situation

This section describes the present situation involving mathematical modelling of 

combustion systems and the difficulty in designing and controlling heat exchanger 

systems. Whilst mathematical modelling is a successful methodology for representing 

real combustion systems the models constructed are required to be quite complex in 

order to achieve an acceptable level of precision, Rhine & Tucker (1991). Although 

these sophisticated models are ideal for design purposes, unfortunately they generate 

large computing times that are often too great for online control purposes (e.g. 10 

minutes upwards, depending on the complexity of the model). The current speed of 

computational power is fast enough for PCs to accurately model real furnace systems; 

however, it is not yet at a level where it can successfully be implemented into a real- 

time control strategy.
There exist many different designs of heat exchanger available to suit a variety of 

heat transfer applications, Chisholm (1980). All too often it can be difficult to 

determine which heat exchanger is best suited for each specific function. In the past, 

deciding which type and size of heat exchanger device was required involved simplified 

calculation procedures and previous knowledge of similar devices. Many studies have 

investigated predicting the overall performance of a heat exchanger device in standard 

operational conditions; however none have progressed to model extraordinary 

circumstances that can and do arise on a regular basis. Examples of this include 

obstructions in the passing air stream or alterations to exchange fluid properties. 

Complex nonlinear processes, such as heat exchanger systems, can also be difficult to
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control effectively and often much energy in the form of heat is wasted. If these 

systems were to be controlled more successfully, then efficiency can be increased and 

operational error reduced. This promotes savings in energy and time, which lead to 

both financial and environmental benefits.

1.3 Why use Artificial Neural Networks

This section describes the reasons why ANNs could be employed to improve the 

present problems/limitations surrounding the mathematical modelling of furnaces and 

heat exchanger systems analysis discussed in the previous section. Artificial Neural 

Networks have the ability to compute outputs at far greater speeds (in the region of 

I/1000th) than either mathematical or Computational Fluid Dynamic (CFD) models due 

to the way in which they are constructed. Their computational rate is fast enough to 

enable them to be used in online control strategies. Their immense speed of operation 

enables ANNs to be employed in a variety of applications. However, by far their main 

advantage is their ability to represent nonlinear systems. They are capable of modelling 

complex systems without requiring knowledge of any explicit functional relationship 

that may exist between the input and output variables of a system. It is this aptitude 

which clearly promotes them over alternative measures in the majority of applications, 

Lisboa (1992). Such modelling is typically performed to within an accuracy of 2-4%; 

however prediction error is largely dependant on correct training of an ANN and the 

task presented to it.
In addition to their ability to represent nonlinear systems, artificial neural 

networks also have the capacity to approximate. This means that when a network is 

presented with information that it has not seen previously, it can compute an output in 

relation to the original parameters it was trained with and estimate an output prediction. 

This computation is performed without the need for re-training.

Due to the same operational manner which enables them to approximate, ANNs 

are also capable of extrapolation (i.e. they can also make accurate predictions for 

information lying outside their trained range). However, the research presented in this 

thesis demonstrates that their extrapolation is limited and becomes increasingly worse 

as the test conditions stray further from the outlying training data. The research
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presented in this thesis also shows that ANNs may not require vast amounts of data for 

training. If the selection of training data is performed correctly, only relatively small 

amounts of data are required. This makes employing ANNs to represent such systems 

even more attractive.

1.4 How have Artificial Neural Networks been Applied so far

This section describes how Artificial Neural Networks have been generally 

employed in combustion and heat exchanger applications to date. Artificial neural 

networks have been applied in numerous combustion and heat transfer applications. 
The most popular field in which ANNs have been applied to combustion systems is that 

of Nitrogen Monoxide and Dioxide (NOX) prediction. During recent years, emission 

taxation procedures have made the minimisation of harmful plant emissions financially 

viable. In addition, the improved efficiency attainable from optimising combustion 
systems leads to both environmental and operational cost reduction benefits. The 

majority of work in this field involves the modelling of plant behaviour in order to 

successfully predict NOX emissions. In some cases, this information is employed as a 

neural advisor in open-loop systems, such as Ikonen et al. (2000), Ahn & Ryu (2001) 
and Zhou et al. (2001) and occasionally further developed to produce a closed-loop 

strategy, Chong et al. (1997), Radl (1999) and Tronci et al. (2002). Another area of 
work involves the application of ANNs to coal/char combustion. Pulverised coal 

combustion is widely used in power generation. For design and operation of coal-fired 
burners/combustors, it is essential to know the combustion rate of the fuel chars. Many 

empirical models have been developed for coal char combustion, and in recent years the 

focus of attention has fallen towards the use of ANNs to model these nonlinear systems, 

including Zhu et al. (1999) and Guo et al. (1997). Studies have also been recorded 
involving the application of ANNs to boiler plant. Conventional Proportional Integral 

Derivative (PID) controllers are generally used to manage boiler plant, in addition to 

many other applications. However, this type of control system often requires gain, 

reset-time and dead-time adjustments to maintain satisfactory performance with new 

operating conditions. In recent years, ANNs have been successfully applied in adaptive
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control strategies in boiler plant, Cui & Shin (1992) and Alien et al. (1993). These 

neural controllers can be continuously updated tuning the controllers' parameters 

automatically, providing an attractive alternative means of control.

With respect to heat exchanger systems, the main application of ANNs in the field 

of heat transfer is that of control. ANNs with their nonlinear and dynamic capabilities in 

addition to their fast computational speeds promote them as an attractive alternative to 

conventional control strategies, Bittanti & Piroddi (1997) and Diaz et al. (200la). 

Another popular area of study involves performance modelling of heat exchanger 

systems. Heat exchangers are complex thermal devices due to their geometry and/or to 

a large number of parameters involved in their operation. For a particular heat 

exchanger, it is necessary for design and selection purposes, to know the heat transfer 

rate under given operating conditions. In recent years performance modelling has 

become a popular application of artificial neural networks to heat exchanger systems, 

Diaz et al. (1996, 1999a) Pacheco-Vega et al. (2001) and Chen & Ramaswamy (2000). 

At the same time, a small amount of research has been performed into the application of 

artificial neural networks in the area of fault detection and isolation, Hsuing & 

Himmelblau (1996) and Zogg et al. (2001). Whilst not as popular, this area of study is 

extremely important as it affects all types of combustion and their control systems. 

Successful fault prediction offers improved system safety and financial benefits due to 

reduced accidental costs.
In all areas of combustion and heat transfer, ANNs have continuously proven their 

capability and applicability to these systems. These examples, along with other 

applications, are discussed in greater detail in Chapter II.

1.5 The Work Presented in this Thesis

This last section summarises the points raised in this chapter, discusses the 

motivations behind the work performed in this thesis and details the contents of each 

chapter. Increasing computing power and the interest in mathematical modelling has 

led to the development of more accurate furnace models such as the Long Furnace 

Model (LFM), Rhine & Tucker (1991), Ward et al (1999a), and Correia (2001). Whilst 

there has been a great deal of work performed in applying Artificial Neural Networks to



Introduction 7

combustion systems, there has only been a small amount relating to the representation 

of mathematical models. Herein lies the scope for improvement; if a neural network 

could be used to represent a more complex model then the overall network prediction 

results should be more accurate when compared with actual experimental data. Thus, 

the first area of study presented in this thesis describes the successful representation of a 

sophisticated long furnace model and experiments with the ANNs ability to 

approximate and extrapolate to some extent. Furthermore, this work continues to 

perform trials of a trained ANN system to control a furnace model operating under 

conditions based upon a real heating schedule.

Since there is a deficiency in previous research involving the modelling of 

extraordinary circumstances surrounding heat exchanger operation, typical scope for 

improvement involves an investigation into the prediction of more detailed heat 

exchanger behaviour. In addition, only a small amount of work has been performed into 

the important area of fault diagnosis within heat exchanger systems, raising the 

possibility for further work in this field. In accordance with this, the second study 

presented in this thesis involves the representation of a constructed heat exchanger 

system using artificial neural networks. This work continues to examine the effects of 

alterations to exchange fluid properties and the insertion of different sized air stream 

obstructions on the performance of a heat exchanger. The study also proceeds to 

experiment using an ANN as a control strategy designed to predict the air mass flow 

rate and exit temperatures for various untrained perturbations.

Whilst many authors claim to use an optimisation procedure to determine the 

best neural network configuration for a specific application, little research has been 

published into different configuration comparisons. This lends itself to the conclusion 

that perhaps lower prediction errors could be achieved with more detailed examination 

of optimal network configurations. In keeping with this, each study in this thesis 

examines the applicability of different ANN topologies and their configuration to its 

specific application. In addition, a large drawback of using artificial neural networks is 

that they typically require large amounts of data to be trained sufficiently. The work 

presented in this thesis demonstrates that this is not always the case and that the correct 

selection of training data and segregation of the problem presented can yield lower 

prediction errors, making ANNs even more desirable in their current roles and perhaps
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increasing their applicability even further. The following subsection outlines the 

structure of the thesis and the contents of the remaining chapters.

1.5.1 Structure of Thesis

Chapter II - Critical Review

This chapter considers the work performed by others in the similar fields of 

combustion systems and heat exchanger representation. The opening section includes a 

brief introduction to Artificial Neural Networks, examining their history and the main 

principles behind them. It continues by reviewing the application of neural networks to 

stationary combustion systems, including mathematical models, and also investigates 

the application of neural networks to heat exchanger / Heating Ventilation and Air- 

Conditioning (HVAC) systems. The closing section in this chapter details the 

limitations of the reviewed work and the motivations behind the present research study 

programme.

Chapter HI - Construction of Mathematical Models

This chapter describes the operation of two mathematical models. The first is a 

basic Single Gas-Zone model (SGZ) and the second a more complex Long Furnace 

model (LFM). The opening section provides a brief introduction to mathematical 

modelling and the basic principles behind the two models. The results of both models, 

gathered during their operation, are then displayed and subsequently discussed. The 

closing section of this chapter draws conclusions from the discussion of the results 

presented in this chapter.

Chapter IV - Representation of Mathematical Models via Artificial Neural Networks

This chapter presents the representation of the two mathematical furnace models 

introduced in Chapter III using Artificial Neural Networks. The opening section 

describes the need for Artificial Neural Network representation of such models. The 

chapter continues by detailing the representation of both the single gas-zone and long 

furnace models by demonstrating the methodology used in the process and discusses the 

results obtained. The benefits of segregating the data used to train the ANNs are
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examined in the two representation sections. Furthermore, this chapter also investigates 

the employment of an optimised ANN to control a furnace and maintain a constant billet 

surface temperature whilst undergoing alterations to its load throughput. The closing 

section in this chapter concerns the conclusions drawn from the points raised from this 

chapter and the implications of the representation results.

Chapter V - Experimental Measurements on a Compact Heat Exchanger

This chapter describes the procedures used to gather data from a compact heat 

exchanger system. The first section presents a brief introduction to heat exchanger 

principles and the different types of exchanger design that exist. The chapter continues 

by describing the construction and operation of the heat exchanger system and the 

methods used to record system information. The results of the various heat exchanger 

experiments are displayed and subsequently discussed. The closing section in this 

chapter draws conclusions from the experimental results.

Chapter VI - Representation of Heat Exchanger System via Artificial Neural Networks

This chapter concerns a model representation of the heat exchanger system 

introduced in the previous chapter using Artificial Neural Networks. The opening 

section discusses the need for Artificial Neural Network representation of such systems. 

The chapter continues to describe the methodology used in modelling the heat 

exchanger system and discusses the results obtained. In addition, this chapter proceeds 

to examine the effects of an air stream obstruction on the performance of a heat 

exchanger and the ANN's ability to classify the level of obstruction as a possible 

analogy to fouling. Furthermore, this chapter also investigates the employment of an 

optimised ANN to control the heat exchanger system for perturbations in the tube-side 

fluid temperature and antifreeze concentration. Finally, the closing section in this 

chapter draws conclusions from the work presented within this chapter.

Chapter VII - Discussion of Results and an Investigation into Training Data Reduction

This chapter discusses the results obtained throughout the thesis. It examines 

the trends that exist within the artificial neural network results for both the mathematical 

modelling and heat exchanger sections, discussed in relation with previously published 

data. It describes the benefits of implementing smaller ANNs in place of larger
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networks and also examines the benefits of data segregation. The chapter continues to 

discuss what the author considers to be dominant factors in successful ANN prediction, 
which include task dependency and the nature of the data employed in the training 

phase. Finally, this chapter presents an investigation into how much training data can 
be removed before an ANN exceeds a predetermined prediction error band.

Chapter VIII- Conclusions

This chapter presents the conclusions drawn from the different studies 

performed throughout this thesis. The points recorded are a concise recapitulation, 
concluded from the objectives, results and discussion chapters. Recommendations for 
future work are also proposed within this chapter, in order that some of the work 

performed may be developed further.



CHAPTER II 
Critical Review

This chapter considers the work performed by others in the similar fields of combustion 

systems and heat exchanger representation. The opening section includes a brief 

introduction to Artificial Neural Networks, examining their history and the main 

principles behind them. It continues by reviewing the application of neural networks to 

stationary combustion systems, including mathematical models, and also investigates 
the application of neural networks to heat exchanger / Heating Ventilation and Air- 

Conditioning (HVAC) systems. The closing section in this chapter details the 

limitations of the reviewed work and the motivations behind the present research.

11
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2.1 Introduction to Artificial Neural Networks

This section introduces the subject of Artificial Neural Networks. It describes 
their historical development and how they function from first principles. The last 
decade saw a great revival into the research and use of Artificial Neural Networks in a 
variety of different applications, partly as a result of the technological growth in 
computing power, the miniaturisation of electronics, and more recently the beginning of 
high bandwidth wireless digital communication (Bobrow & Brady, 1999).

Artificial Neural Networks have been applied to a variety of different fields in 
recent years, some of which include: credit card fraud detection (Hall, 1992 and 
Shandle, 1993), wastewater treatment (Wilcox et al., 1995), quality control in 
manufacturing systems (Kestelyn, 1990), medical applications (Rennie, 1990), and 
financial forecasting and portfolio management (Swartz, 1992). More simplistic 
problems, such as: financial analysis (Marose, 1992), real estate analysis and airline 
seating allocation (Hall, 1992) have also been aided by the implementation of neural 
networks. The following subsections examine the history of Artificial Neural Networks 
and the main principles behind them.

2.1.1 History of Artificial Neural Networks

The development of Artificial Neural Networks has been quite rapid over the 
last half-century. However, similar to much research, it was subject to periods of 
interest and laxity that enables a categorisation of ANN history into three phases. The 
first phase in the development of ANNs began with the invention of the first artificial 
neural model (McCulloch & Pitts, 1943). The model replicated biological neurons 
using simple binary threshold functions. It was discovered a few years later that 
repeated activation of one neuron by another increases its conductance across a 
particular synapse (Hebb, 1949). This became known as "Hebb's learning rule". The 
next, and perhaps most significant, stage in ANN evolution was the invention of the 
"perceptron" model (Rosenblatt, 1958). The perceptron learning rule, based on gradient 
decent principles, rewarded or punished neurons input weights depending on the 

neurons level of success. The perceptron model was further developed by the proposal 
of a "back-propagation" algorithm for training multi layered networks (Rosenblatt,
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1962). The back-propagation algorithm was only partially successful due to existing 

limiting node functions. At the same time, this initial boom stage continued to increase 

with the development of new network adaptations, for example the Adaptive Linear 

network "Adaline" (Widrow & Hoff, 1960), self-organising artificial neural models 

(Hubel & Wiesel, 1962), the development of the sigmoidal fixing node characteristic 

(Cowan, 1967) and a new learning rule to replace Hebb's (Amari, 1967). Two years 

later, important work demonstrated the limitations of Rosenblatt's perceptron model by 

the discovery that there were classes of simple tasks that the perceptron could not 

perform, confirming that the model was not computationally universal (Minsky & 

Papert, 1969). These constraints of the perceptron model, together with the modest 

computer resources available at that time, fuelled a drastic reduction in interest and 

funding support towards research into neural networks.

For almost two decades research into ANNs became quite stagnated and 

successful advances in the field were brought to a standstill as theoretical work 

continued with the focus of overcoming their limitations. Research into this area was 

split into two fields, the first involved exploration into new architectures, concepts and 

theories. Studies into learning threshold elements and mathematical theory (Amari, 

1972, 1977, 1980) and associative memory, an unsupervised method of learning, 

(Kohonen 1977, 1982, 1984) were pursued. Other unsupervised networks were 

developed in the form of adaptive resonance architectures and theories (Grossberg, 

1977, 1982). Eventually, the interest into neural network development was partially 

rekindled with the invention of recurrent (or feedback) architectures to accompany 

associative memory learning (Hopfield 1982, 1984, 1985). Simultaneously, more 

specific work continued in a second field, attempting to overcome the perceptron theory 

limitations. Two authors, McClelland and Rumelhart popularised the work of Bryson 

and Ho and Kelley and Werbos by the development of new learning rules and concepts 

(McClelland & Rumelhart, 1986). These new rules and concepts lifted the limitation 

barriers of the perceptron model imposed by Minsky and Papert causing a renaissance 

in research into Artificial Neural Networks, and with it, the initiation of the next phase 

in their development.
From the start of the third phase in ANN development up to recent years, several 

researchers, including Amari (1990, 1994), Hopfield (1988, 1990, 1992, 1999), 

Kohonen (1993, 1996, 1998), and Carpenter and Grossberg (1990) have continued to
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make major contributions to the field of neural networks; such as self-organising maps 
and associative memories.

2.1.2 Principle of Artificial Neural Networks

The basic principles of artificial neural networks were derived from actual 
neural networks present in the biological brain. The human brain contains 

approximately 10 massively interconnected neurons all communicating through short 
trains of pulses. Each neuron is capable of signalling (or firing) to other neurons once it 

has received enough input signals within a set time period (known as the period of 

latent summation) and has been exited beyond a critical amount (the neurons threshold). 

The connections that exist between neurons differ in sign and magnitude, i.e. whether 
they excite or inhibit other signals by neurons and by how much. It is this relationship 

between neurons (i.e. a neural network), which propagates and categorises information 
to correlate with a learned output response.

Figure 2.1 presents a typical schematic of a single simulated neuron, where X\, 

Xi...Xn are external inputs or the output signals from other neurons. Each input has a 
corresponding weighting value, W\, Wi...Wn . The weighted inputs are summed and the 
net input is fed into the neurons threshold device. Once the pre-set critical threshold, u, 

has been reached, the neuron fires an output, y. This procedure, stemming from the 
original McCulloch and Pitts model (1943), is the basis on which all neuron models are 

based. This whole procedure can be expressed mathematically as:

Figure 2.1 also illustrates a bias term, 6, which dictates the spontaneous activity 

of the neuron in the absence of any incoming signals. Furthermore, Figure 2.1 also 

demonstrates a learning procedure to update the input weight values, by using a 
'perceptron learning rule' - a type of 'error-correction' learning rule, and a 'perceptron 

learning algorithm' (Rosenblatt, 1958).
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Figure 2.1 A typical model of a neuron
(Reproduced from Lisboa, 1992)

The Mculloch and Pitts neuron model has been generalised in many ways, the 

most obvious being the replacement of the simple threshold function with different 

activation functions, such as: piecewise linear, sigmoid, or gaussian. Table 2.1 

demonstrates some examples of activation functions and their mathematical definitions.
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Table 2.1 Neuron activation functions
Type of functions

Threshold

Piecewise linear
Sigmoid
Hyperbolic tangent
Radial basis function

Functions

/w={+> ifs<S:
[-, otherwise

f(s) = s

/(s) = l/(l + exp(-j))
/(s)=(l-exp(-2.))/(l + exp(25))
/(5) = exp(-. 2 //?2 )

(Pham & Liu, 1995) and (Mehrotra et al, 1997)

The substitution of different activation functions provides a new set of 
conditions that specify when a neuron can fire. This can drastically change the way in 
which a network of neurons learn and respond to an input data set. Two other 
considerations, which can significantly alter the way in which a network performs, are: 
the network architecture - the method in which neurons are connected within a network, 
and the learning procedure, which concerns the rules and algorithms that govern the 
update of input weights. These two considerations are examined in the following 
subsections.

Network Architecture

Different combinations of neurons and their connections provide a variety of 
different network architectures. Based on their connection pattern, these architectures 
can be grouped into two categories, feedforward and recurrent (or feedback).

In a feedforward network, neurons are generally grouped into layers, consisting 
of connections from one layer to the next, but never within the same layer. 
Information is propagated in a unidirectional manner, thus, this type of network is 
generally considered static, i.e. they produce only one set of output values, as opposed 
to a sequence of values from a given input. Feedforward networks can be characterised 
by their lack of feedback connections, and are memory-less in the sense that their 
response to an input is independent of the previous network state. Figure 2.2 illustrates 

a Multilayered Feedforward network.
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Input Layer Hidden Layer Output Layer
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Figure 2.2 A typical Multilayered feedforward network

Alternatively, recurrent networks contain feedback loops, connecting some 

neurons' outputs to their inputs or to neurons in preceding layers, recycling the output 

values back in as inputs, thus, information can be considered to propagate bi- 

directionally. These feedback connections mean that recurrent networks can be 

expressed as dynamic systems with memory, i.e. their outputs at a given time instant 

reflect the current input in addition to previous inputs and outputs. Figure 2.3 illustrates 

a Recurrent network, whilst Table 2.2 demonstrates some examples of both feedforward 

and recurrent network architectures.

Regardless of structure (feedforward or recurrent), it is the weighting values that 

exist between neurons that form the relationship between the input and output neurons, 

as mentioned previously. The adoption of the correct weight values is critical for an 

ANN to achieve the desired relationship and thus provide suitably accurate predictions. 

In accordance with this, in order for any neural network to give accurate predictions it 

must be suitably trained so that the optimal weight strengths can be established. The 

next section describes the updating of ANN weight values in the form of their learning 

procedures.
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Input Layer Hidden Layer

Figure 2.3 A typical Recurrent / feedback network

Table 2.2 Examples of Feedforward and Recurrent network architectures
Feedforward networks

Single-layer perceptron
Multilayer perceptron (MLP)
Radial basis function (RBF)

Recurrent/feedback networks
Competitive
Kohonen's self organising map (SOM)
Hopfield
Adaptive resonance theory (ART)
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Learning Procedures

The process of learning in Artificial Neural Networks can be viewed as the 
problem of updating network architecture and connection weights so that a network can 
efficiently perform a specific task. Generally, the connection weights are learnt from 

available training patterns, and iteratively updated to improve network performance. 
One of the main advantages of ANNs over traditional expert systems is that they are 
able to learn underlying rules that govern input-output relationships as opposed to 

following a set of rules specified by human experts. The learning process can be broken 
down into three separate areas, these are: paradigms, rules and algorithms.

Although neural networks are often categorised via architectural structure, they 
can also be classified into three broad learning paradigms: supervised, unsupervised, 
and hybrid. In supervised learning, learning is performed under supervision by a 
"teacher", i.e. the network is provided with a correct answer or desired output value for 
every set of input conditions. Weight values are determined, which best "steer" the 
network to produce answers as close as possible to the known values specified by the 
teacher. In a variation of supervised learning, reinforcement learning, the network is 
only provided with an evaluation to the degree of correctness of network outputs, as 
opposed the actual desired answer provided by the teacher.

In contrast, unsupervised learning does not provide the network with a correct 
desired answer to each set of input values; instead it explores the underlying structure of 
the training data. It does this by discovering patterns within the data set and organising 
them into categories. Finally, hybrid learning combines both supervised and 
unsupervised learning together. Usually, some of the weights are determined through 
supervised learning, whilst the remaining weight values are obtained through 

unsupervised learning and organisation.
Learning rules govern the process behind updating network weights. There are 

four basic types of learning rule: error-correction, Boltzmann, Hebbian, and competitive 
learning. Figure 2.1 demonstrates the "perception learning rule", based upon the error- 

correction principle. This particular learning rule compares the output of the neuron, y, 
with the desired output, d, to give the error (d-y). The learning algorithm determines the 

new weight configurations dependant on the calculated error, (d-y), and can be 

expressed by the mathematical formula:
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Where / is the iteration number and 77 (0.0 < 77 < 1.0) is the learning rate (step 

size). The different learning rules discussed and their mathematical expressions are 

illustrated in Table 2.3.

Table 2.3 Examples of different learning rules
Learning rule

Error-correction
Boltzmann
Hebbian
Competitive learning

Mathematical expression
W{H-l)=W{t) + T](d-y)Xi
A^=/7(A,-A,)
Wij (t + \) = Wii (t) + riy} (()Xi (t)

A^={^-^)'-<*'
" 1 o, /*i*.

(Mnetal, 1996)

The term "learning algorithm" refers to the procedure by which each learning 
rule is applied to adjust the network weights. Many learning algorithms exist, which 

accompany the various learning rules, for example the popular perceptron learning 

algorithm (Rosenblatt, 1958) discussed previously and illustrated in Figure 2.1. Perhaps 

the most popular learning algorithm was devised a few years later by the same 
researcher, Rosenblatt, (1962). The "backpropagation algorithm" is a generalisation of 

the "least mean squared algorithm" that modifies network weights to minimise the mean 

squared error between the desired and calculated outputs of the network.

The backpropagation process can be explained in seven stages:

1. Initialise the network weights to small random values.

2. Randomly choose an input pattern X*1 .

3. Propagate the signal forward through the network.

4. Compute 8j L in the output layer (o, =yh
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where hf represents the net input to the rth unit in the /th layer, and g' is the 

derivative of the activation function g.

5. Compute the deltas for the preceding layers by propagating the errors backwards;

6. Update weights using

7. Go to step 2 and repeat for the next pattern until the error in the outer layer is below a 
pre-specified threshold or a maximum number of iterations is reached. 
(Jain, 1996)

Table 2.4 demonstrates some other learning algorithms and their associated 

network architectures, learning rules and paradigm. It also suggests the more common 

applications for each network learning configuration.

The work performed by authors in the field of artificial neural networks has 

helped make them extremely applicable. As a result ANNs have become enormously 

popular in recent years, due to their ability to solve a variety of problems that have 

proved difficult or impossible to solve in the past. Due to their popularity, there now 
exists a large number of network architectures that can be specifically trained to suit a 

variety of applications.
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2.2 Application of Artificial Neural Networks in Combustion Systems

This section focuses on literature more pertinent to the first of two studies by 

presenting a critical review on the application of ANNs to combustion systems. It 

should be noted that there is an extremely limited amount of documented research 

involving the application of neural networks to mathematical combustion models 

specifically, thus, this review also examines more general applications of neural 

networks to combustion systems. However, due to the immense amount of research in 

this field, this study focuses on the more closely related, stationary combustion sources. 

The following subsections discuss literature concerning the application of ANNs to: 

coal / char combustion, prediction of nitrogen oxide (NOX) emissions, boiler plant, blast 

and other furnaces and finally the sparse area of mathematical modelling.

2.2.1 Coal / Char Combustion

Pulverised coal combustion is widely used in power generation. For design and 

operation of coal-fired burners/combustors, it is essential to know the combustion rate 

of coals/coal chars. Many empirical models have been developed for coal char 

combustion, and in recent years the focus of attention has fallen towards the use of 

ANNs to model these nonlinear systems. A good example of research in this field was 

performed by Zhu et al. (1999). In the study, Zhu and his co-workers used a 

feedforward network to accurately predict the reactivity of coal/char combustion. The 

study details how three sets of inputs were used to train the network, providing 

information on the combustion temperature, total surface are of the char and the ratio of 

char hydrogen content to coal hydrogen content, used to reflect the severity of pyrolysis 

in the char. The same network was used to model all three data sets and consisted of a 

single hidden layer containing four neurons. The authors make reference to employing 

a Levenberg-Marquardt algorithm to optimise the number of neurons, with respect to 

the training data used in this application. Figure 2.4 demonstrates the ability of the 

network to predict normalised values of the reactivity/gasification rate of the char, (k). 

Although the results are reasonably accurate, Zhu et al. could perhaps have obtained an
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even closer model if three neural networks were optimised independently and used to 
represent each data set.

Input No.l
- -a- - experimental

predicted

0.0 3 4 ~t'~" 6 7 8 
Char sample number

Figure 2.4 Comparison of test results with experimental values.
(reproduced from Zhu et al. 1999)

Guo et al. (1997) used a similar approach to develop a coal gasification model, 
incorporating a first-principles model with an artificial neural network parameter 
estimator. In the study, parameters of the first-principle model had to be determined 
before the model could be used to calculate the gas generation rates of a batch feed 
fluidised bed reactor. The neural estimator was composed of 17 sub-networks, 
predicting parameters including maximum pyrolysis rate, pyrolysis kinetic, nominal 
generation rate. Each network used temperature as an input and contained a hidden 
layer of three neurons (1-3-1), determined by trial and error, to calculate its parameter. 
A slightly larger sub-network (2-5-1) was used to predict the Active Char Ratio (ACR). 
The authors state that the predictions made by the hybrid neural network model were in 
good agreement with measured production rates. Whilst the results appear to be fairly 
accurate, one must question why the authors do not substitute the first-principle model 
with that of a neural network to identify the nonlinear process. Furthermore, perhaps a 
single network combining the role of the parameter estimator together with the model 
could be employed to represent the entire process. However, whilst this would greatly
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simplify the system model, predictions made by smaller, more simplistic networks are 

often found to be more accurate, as demonstrated in later sections of this research study.

2.2.2 NOx Prediction

By far the most popular application of artificial neural networks to combustion 

systems is that of predicting flue gas emissions, in particular Nitrous Oxides. During 

recent years, emission taxation procedures have made the minimisation of harmful plant 

emissions a profitable task. Furthermore, the improved efficiency attainable from 

optimising combustion systems leads to both environmental and operational cost 

reduction benefits. The majority of work in this section involves the modelling of plant 

behaviour to predict NOX emissions. In some cases, this information is employed as a 

neural advisor in open-loop systems and occasionally further developed to produce a 

closed-loop strategy.
A variety of different neural network architectures have been used in the 

modelling of various combustion processes. In the case of Adali et al. (1999) a variable 

window Time Delay Neural Network (TDNN) was used to predict NOX , percentage of 

Oxygen (Oi) and Carbon Monoxide (CO) emissions from a fluidised bed combustion 

plant. The TDNN was chosen specifically to model the process and account for the 

time delay due to the system response. The authors did not investigate different 

network configurations, however, they did discover that using a variable window type 

of TDNN meant that a smaller network could be employed, without compromising 

prediction results. The authors also used a second TDNN as a pre-processor to filter 

some problematic CO data, due to saturated instrument measurements. Although Adali 

et al. provided a sensible approach in employing the TDNN for a delay application, they 

may have benefited from further experimentation into different filter methodologies to 

rectify the disappointing data.
Ikonen et al. (2000), building on previous work (Ikonen & Najim 1996), 

demonstrated a different approach to a similar application involving the modelling of 

NOX emission data from a district heating combustion plant. The heating furnace 

modelled in the study consisted of a 25 MW peat-fuelled FBC system. The authors 

modelled the combustion process using a fuzzy Distributed Logic Processor (DLP)
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neural network and compared the results with those obtained using a linear regression 

technique and a multilayered feedforward neural network. Although the DLP network 

produced successful results, and outperformed the linear model, its prediction errors 

were noticeably worse than those achieved using the multilayer network. Figure 2.5 

and 2.6 demonstrates the performance of both models.

0.25

0

-0.25 

-0.5

-0.75

Linear model
RMSE
0.069/0.096

0 20 40 60 80 100 120 140 160

Figure 2.5 Prediction of test data made by linear model
(reproduced from Ikonen et al. 2000)

0.25

0

-0.25 

-0.5

-0.75

Sigmoid neural network 
RMSE 0.037/0.050

0 20 40 60 80 100 120 140 160

Figure 2.6 Prediction of test data made by sigmoid neural network
(reproduced from Ikonen et al. 2000)

Similar work by Arm & Ryu (2001) involved the combination of a feedforward 

polynomial neural network (PNN) with fuzzy principles. The study involves a 

performance evaluation of the proposed modelling method by applying it to two 
applications: a gas furnace and a gas turbine power plant to predict NOX emissions. The
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results of the study indicated that the proposed method provides better results than 

either modelling methods individually. Miyamoto et al. (1998) proposed yet another 

study with a similar approach involving the application of a fuzzy-neural network 

hybrid system to control the operation and NOX/CO emissions produced by a refuse- 

fuelled FBC system. The low NOX and CO operations were realised by means of 

predictions utilising fuzzy inference, combustion image processing and a multilayer 

feedforward network, together with pattern combustion control.

Zhou et al. (2001) used a large multilayered feedforward neural network to 

predict the NOX emissions from a 600MW pulverised coal utility boiler. In the study, 

the network used consisted of 29 input neurons, relating to operating parameters, and a 

single output neuron predicting the corresponding NOX emissions. The network also 

contains a single hidden layer of 31 neurons, however, the authors provide no 

discussion into selecting this particular configuration for this application. Zhou et al. 

further develop this model by implementing a Genetic Algorithm (GA) to determine the 

optimum operating parameters from the ANN prediction. The GA response could then 

be used to provide recommendations to engineers or directly to the control system to 

keep the unit tuned. The authors have yet to implement the control strategy in a real 

application, however, the initial neural model appears to predict the NOx concentration 

well. The authors could be advised to experiment with an inverse model control 

strategy, which could provide an operator with optimum operating parameters using a 

single neural network once trained.
The work examined thus far has demonstrated models of processes to be used as 

advisory open-loop control strategies. The next step in a control strategy is to proceed 

to develop a closed-loop system requiring less human intervention. A number of studies 

have progressed to the evolved close-loop control method, a good example being the 

work developed by Holmes et al. (1994). This preliminary work involved the 

development of a Generic NOX Control Intelligent System (GNOCIS). Similar to other 

work reviewed previously, GNOCIS consists of a neural model of combustion plant, 

predicting NOX and other emissions from process inputs such as mill speeds, damper 

positions and airflow rates. The authors used a feedforward multilayer network to 

model two coal-fired units: a 500MW unit a Kingsnorth (Powergen, UK) and a 250MW 

unit at Plant Hammond, Alabama (Southern Company, US). The neural model was 

successfully applied to both plants in an open-loop advisory fashion. The success of
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this open-loop study gave Southern Company the confidence to implement a closed 

loop control strategy at Plant Gaston, Alabama (Coal Research and Development case 

study, 1997). Details from the second study indicate that the control model was 

enhanced to also improve boiler efficiency, in addition to predicting NOx and carbon- 

in-ash concentrations. Furthermore, the performance improvements observed during 

open-loop tests were maintained during closed-loop operation. A similar approach was 

performed by Chong et al. (1996) in the identification and control of a 0.75MW chain 

grate coal-fired boiler located at the Coal Technology Development Division (CTDD). 

The authors also used two multilayer feedforward networks, optimised by trial and 

error, to predict NOX , CO, C>2 and process temperatures, and provide information to 

operators in an open-loop advisory manner. Unfortunately, the initial emission and 

temperature predictions made by the modelling network were not very accurate with 

errors approaching 40%. The advisory network, however, performed with reasonable 

accuracy, when compared with response from a human operator. Figure 2.7 

demonstrates the controller predictions of fuel feed rate compared with human response 

to emission predictions.

Chong et al. (1997) further developed the control strategy to be fully integrated 

into the existing control loop, providing a closed-loop system. Whilst the control 

strategy presented in the study was successful, the controller network output is based 

upon the less accurate modelling network predictions. Thus, the authors may have been 

able to achieve better results from developing a more accurate emission prediction 

model. Perhaps better prediction results could be achieved via a more thorough study 

into the optimum network configuration. Other work involving both open and closed 

loop control has been performed by Radl (1999). A neural network-based system 

(NeuSIGHT) was successfully applied to a variety of coal-fired boilers ranging in 

capacity from 145 to 800MW. The NeuSIGHT network predicted optimal operation 

parameters from inputs concerning coal/air output temperatures, excess air and 

pulveriser bias settings, O2 levels and coal moisture. The study results demonstrate a 

considerable decrease in NOX emissions when in closed-loop as opposed to manual 

operation.
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Figure 2.7 Human operator vs. controller settings for fuel feed rate
(reproduced from Chong et al. 1996)

Tronci et al. (2002) used ANNs in a slightly different application involving the 
development of a neural-based software sensor for the monitoring of pollutant 
emissions from a 4.8 MW pilot power plant operating at the Enel Santa Gilla Research 
Centre, Cagliari, Italy. The software sensor was used to monitor concentrations of NOX , 
CO2 and O2 in the flue gas stream, produced by a combination of two fuel inputs from 
pulverised coal, natural gas, oil and orimulsion. The neural network used as a software 
sensor was a feedforward multilayer network, with eight inputs correlating to the mixed 
fuel mass flow rates and three outputs providing the emission concentrations. 
Prediction results were recorded as less than 10% for 95% of the cases examined. The 
successful results of the study demonstrate that neural-based software sensors provide 
good potential as software-based continuous monitoring systems. Figure 2.8 illustrates 
a comparison between the software-sensor predictions and plant data.
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Figure 2.8 Comparison between the soft sensor predictions and plant data
(Troncie/o/. 2002)

2.2.3 Boiler Plant

Other applications involving control of boiler plant exist, besides those detailing 
the prediction of NOX emissions. Conventional Proportional Integral Derivative (PID) 
controllers are generally used to manage boiler plant. However, this type of controller 
often requires gain, reset-time and dead-time adjustments to maintain satisfactory 
performance with new operating conditions.

In recent years, ANNs have been successfully applied in adaptive control 
strategies. These neural controllers can be continuously updated tuning the controllers' 
parameters automatically, providing an attractive alternative means of control. A good 
example of research in this field was performed by Cui & Shin (1992) in an application 
involving the design and testing of a direct adaptive control scheme, used to manage a 
heavy/crude oil-fired once through boiler. The authors employed a multilayered 
feedforward network structure, operating in a Single-Input Single-Output (SISO) 
fashion with a single hidden layer containing three neurons. The network gave output 
predictions for the controlling mid-point temperature parameter using input information 
regarding the boilers feed water flowrate. The authors trained the neural controller 
online, stating that off-line training was impossible due to a system response time delay,



Critical Review 31

however other authors (Adali et al. 1999, amongst others) have successfully employed 

time-delay or recurrent network architectures for similar applications. The study results 

demonstrate that the neural controller outperforms a conventional PID controller with 

certain test conditions. Following the example of subsequent authors, Cui and Shin 

could perhaps benefit from employing a network of a more recurrent nature to manage 

this time-related application. Similar work was performed by Saha et al. (1998) to 

control a 120 ton/h capacity boiler of the Zia Fertiliser Company Ltd (ZFCL), 

Ashuganj, Bangladesh. For this application, time-delay was not a factor, thus the 

authors obtained more consistent results, with the multilayered network predictions 

closely following the output made from a PID controller.

Alien et al. (1993) employed a different approach concerning the use of ANNs 

to control a utility boiler system. The authors developed a novel control system 

involving the use of an electronic camera to image the time-resolved, chemically 

specific, emission patterns present in the combustion flame. A large multilayer 

feedforward neural network was then used to process and analyse the resultant images 

to produce a closed-loop control system. The 1024 pixel image was used as inputs to 

the network, whilst the calculated output correlated to the energy release rate, arbitrarily 

discretised into 10 states. Figure 2.9 demonstrates the closed-loop response of the 

imaging neural controller to a cyclical step input.
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Considering the turbulent behaviour of most flames, the controller behaves 

surprisingly well. This initial control step could be furthered to improve boiler 

efficiency or provide prediction of NOX emissions in a closed loop system.

2.2.4 Blast and Other Furnaces

A smaller, less popular application of artificial neural networks to stationary 

combustion systems is that of blast furnaces. The online analysis of operational data 

and prediction of furnace irregularities, though difficult, are essential for the 

improvement in the control of blast furnace operation. Recent work by Zuo et al. 

(1998) has demonstrated that neural networks can be applied as a tool for data analysis 

and fault detection in a blast furnace located at Lulea Works of the Swedish Steel 

Corporation (SSAB). Zuo et al. employ three neural networks to analyse data and 

predict furnace irregularities. A feedforward 3-layer perceptron network was used for 

the recognition of top gas distribution. The network has six input neurons 

corresponding to gas temperature measurements, four output neurons providing 

different top gas profiles and two neurons in a single hidden layer.

A recurrent neural network comprising of a Self-Organising Feature Map 

(SOFM) architecture with a Learning Vector Quantiser (LVQ) algorithm was used to 

classify the characteristic patterns of heat flux distribution. The network performed this 

classification by corresponding the input of four heat flux measurements to one of 35 

types of characteristic pattern extracted. Finally, a model based on the back- 

propagation network, similar to the perceptron model, was employed to predict the 

probability of upcoming detrimental slips (i.e. stock column collapse) in advance. In 

order to predict the probability of an upcoming slip the network utilised information 

relating to ten variables associated with upcoming slip conditions. All three networks 

were trained and tested off-line using operational data from the Lulea Works blast 

furnace. Although all three network architectures appeared to be sensibly chosen for 

each specific task, the authors provide no evidence of network configuration 

optimisation. Whilst this is fine for the self-organising network, the authors would be 

wise to perform an investigation into the optimal configuration for the two multilayer 

networks before implementing them in an online control strategy. Other work includes 

that performed by Radhakrishnan & Mohamaed (2000) in an application involving the
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monitoring of hot metal composition in an iron blast furnace. This approach, similar to 

Tronci et al. (2002) concerns the development of a neural network-based software 

sensor for online estimation of the composition variables Silicon (Si) and Sulphur (S). 

The authors report a high level of prediction accuracy (<3%) from a multilayer 

feedforward network. Furthermore, an expert system based on theoretical and empirical 

blast furnace knowledge together with the neural estimator could effectively be used to 

improve control of the blast furnace.

The following subsections discuss work regarding the application of ANNs to 

combustion systems that do not fit into the previously discussed categories, these are: 

Municipal Waste Incinerators and Lime Kilns.

Municipal Waste Incinerators

The potential emissions of Polychlorinated Dibenzo-p-dioxins and furans 

(PCDDs / PCDFs) from municipal incinerators have received wide attention in the last 

decade. A study by Chang & Chen (2000) builds on previous work (Chang & Huang, 

1995) involving the prediction of PCDDs / PCDFs emissions from mass burn waterwall, 

modular, and refuse-derived fuel (RDF) incinerators. The authors perform a 

comparative study into three different modelling techniques, which include a Multiple 

Linear Regression (MLR) model, Genetic Programming (GP) model, and a Back 

Propagation Neural Network (BPNN) model. The BPNN is essentially a multilayered 

feedforward network accommodating a backpropagation learning algorithm. The 

results of the investigation concluded that the neural network outperforms the other two 

modelling strategies. However, due to the BPNN's inability to provide any systematic 

nonlinear structure to illustrate the chemical formation mechanism, the author's select 

the GP model for the application. One must pose the question that if a neural network 

can accurately model a system and have the ability to adapt successfully to new 

situations presented to it, is there any need for the model to have an underlying 

understanding of process dynamics? Many other applications employ artificial neural 

networks because of their ability to represent nonlinear systems without prior 

knowledge of the underlying process dynamics.
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Industrial Lime Kiln

Work has been performed into different furnaces, such as an industrial lime kiln 

by Ribeiro et al. (1993). In this study the author's describe a successful neural network 

approach for control of a highly nonlinear multivariable kiln process within the pulp and 

paper industry. The control process consisted of two multilayer feedforward neural 

networks, one modelling the process; the other was used as an inverse controller. This 

type of control methodology is termed ""Internal Model Contror (IMC).

The modelling network was trained offline to give predictions for the burning 

zone and exit gas temperatures from inputs including fuel and air draft flow rates. The 

proposed controller was an inverse version of the modelling network, trained in order to 

minimise the error between the output of the plant model and a reference. The inverse 

network controller receives as inputs the current and past system outputs. The neural 

process model was able to identify accurately the underlying system dynamics. The 

simulation results, illustrated in Figure 2.10, show the neurocontroller's ability to track 

arbitrary step changes in reference levels.
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The requirement of the controller to provide predictions based upon past and 

present system outputs can be viewed as a partially recurrent necessity. The authors 
may be able to achieve even better prediction results if they experimented with a Time- 
delay or Elman network architecture, for example.

2.2.5 Mathematical Models Representation

Computational times associated with mathematical models of combustion 

processes are too great for online control purposes. Artificial neural networks with their 

short computing times and ability to represent nonlinear systems provide an attractive 

alternative for this purpose. In a study by Ward et al. (1998) a metal reheating furnace 
single gas-zone model (SGZ) was represented by a multilayered feedforward network 

operating in a 'black-box' fashion. The network gave predictions of the heating period, 

final load surface temperature, total fuel consumed and furnace efficiency from input 

information including the air preheat and set-point temperatures, refractory material, 

maximum firing rate, excess air level and maximum allowable load temperature 

difference. This corresponded to a network configuration of six input and four output 
neurons, with two hidden layers containing 20 and 10 neurons respectively. The 

calculated average prediction error for the heating period was 2.14% and 2.27% for 
ceramic fibre and dense refractory material respectively. The average energy 
consumption prediction errors were 0.96% and 1.97% and final surface temperature 

errors were 7.8K and 26.5K, for both refractory materials respectively. The prediction 
results were in good agreement with respect to the initial start up duration and energy 

consumption experimental data, however the high error corresponding to the load 

surface temperature discharge for dense refractory material unacceptably too high for 
online control purposes. Although the authors successfully represented a zone model 

with a neural network, the simplifications used in the investigation could have led to 

additional inaccuracies between the neural model and actual furnace system. A full, 

multi-zone model would provide a far more accurate representation of the same furnace 

enclosure. In addition, there appeared to be little consideration given to the selection 

and configuration of the network used within the study. Firretti & Piroddi (2001)
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employed a similar multilayer 'black-box' approach to successfully estimate the NOx 

emissions produced during the running of a 300 MW unit of the Tavazzano power plant 

in Italy. Initially a 3D finite element model of the chamber was employed to ascertain 

the local nature of the NOx generation process. The 3D model showed that NOx 

emissions were primarily produced in the burner zone. With this information an ANN 

was trained with the external inputs to the burners (fuel and air flow rates) and a single 

local internal variable: the mean cell temperature, computed by a classical one 

dimensional model of the chamber. Figure 2.11 illustrates the estimation performance 

of an unseen set of validation data. Whilst this research does not actually involve the 

representation of the mathematical model employed in the study, it does demonstrate 

the importance of the information they can provide in control applications.

A study by Carvalho & Azevedo (2000) involved a combination of different 

modelling techniques for optimised control of a boiler system located in a 314 MWe 

pulverised coal-fired plant at Sines power station. The different modelling techniques 

were used to develop an optimising expert system to assist the equipment operating 

team in order to maximise performance. The core of the system is a three-dimensional 

Computational Fluid Dynamics (CFD) model, which invokes for given operating 

conditions on operator request or if the boiler operating conditions are too different to 

previously considered stored data.
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Figure 2.11 Estimation performance on the validation set
(reproduced from Firretti and Piroddi, 2001)
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The more detailed CFD model, which requires a longer calculation time, will 

provide information to the simpler models, which are executed more frequently since 

their computational time can be made short. The three-dimensional model was 

considered when the simple model required an input, which had not been simulated 

previously by the detailed three-dimensional model. The simpler models, which further 

simulate the gas circuit and calculate boiler output consist of a three-dimensional heat 

transfer calculation for boiler furnace and patterns, a heat balance model considering 

individual tube banks, boiler walls and platens, a boiler model considering the 

water/steam circuit within the boiler, a neural network trained to reproduce NOX and CO 

emissions at boiler exit, and a degradation model to calculate remaining lifetime of key 

boiler components. In this application, the role of artificial neural networks is a small 

one; however it further demonstrates their attractively fast computational ability.

Whilst artificial neural networks have been applied to several different areas in 

stationary combustion systems, several common similarities exist between the research 

examined. A Multilayered feedforward neural network was the most common topology 

employed throughout the work reviewed and generally achieved better prediction results 

than its alternatives. However, the section involving the control of boiler plant raised 

the issue of correct topology selection, in particular. Cui and Shin, amongst others, may 

have benefited from experimenting with recurrent architectures rather than selecting the 

most common. Conversely, work involving blast furnaces, municipal waste incinerators 

and lime kilns showed greater consideration into the different topology selection. In 

most cases the feedforward networks employed performed equal to, if not better than, 

the existing strategies in place. In particular, the systems involving boiler plant and 

conventional PID controllers appeared the greatest challenge for the application of 

ANNs. In addition, whilst some research suggests the investigation into the optimal 

neuron configuration, few (if any) provide evidence of this. Furthermore, a small 

selection of studies has shown that smaller/simpler networks - perhaps as a result of 

some pruning, are capable of achieving better prediction results.
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2.3 Application of Artificial Neural Networks in Heat Exchanger 

Systems

This section focuses on literature more pertinent to the second of two studies by 

presenting a critical review on the application of ANNs to industrial heat exchanger 

systems. Much research has been performed into the application of ANNs to this area, 

scaling from greenhouse air conditioning (HVAC) to thermal plant in a batch reactor.

Although there are many different types of ANNs, the feedforward configuration 

has become the most widely used in engineering applications (Zeng, 1998). More 

specifically, when considering the application of neural networks to heat exchanger 

systems, a multilayer feedforward network is usually employed together with the 

popular back-propagation learning algorithm. Variation mainly exists with the network 

configuration selected, in terms of the number of hidden layers and neurons they 

contain.

The following subsections discuss literature concerning the application of ANNs 

to: performance modelling, identification and control, and fault diagnosis.

2.3.1 Performance Modelling

Heat exchangers are complex thermal devices. This complexity is due, in part, 

to the geometry and/or to a large number of operating parameters involved in its 

operation. For a particular heat exchanger, it is necessary for design and selection 

purposes, to know the heat transfer rate under given operating conditions. In recent 

years performance modelling has become a popular application of artificial neural 

networks to heat exchanger systems. Neural networks offer an attractive advantage to 

this area via their ability to model complex nonlinear systems without requiring 

knowledge of any explicit functional relationship that may exist between the input and 

output variables of a system.
Diaz et al. (1999a), applied artificial neural networks to a series of heat transfer 

problems involving one-dimensional conduction, convection with one and two heat 

transfer coefficients and a single-row plate-fin compact heat exchanger. The reason 

behind this research involved the transfer of manufacturer's test data to a designer in a 

suitably compact form, without compromising accuracy. For the two convections and
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heat exchanger experiments, the author's build upon work (Diaz et al., 1996). The 

authors tested 14 different network configurations to establish the network with the 

lowest test error, all feedforward using a sigmoidal transfer function and back- 

propagation learning algorithm to calculate and update network weights. The final 

configuration comprised of four input neurons, two hidden layers of five neurons and a 

single neuron in the output layer (4-5-5-1). The authors surprisingly discarded a smaller 

network in their experimental group, which gave only a slightly higher test and standard 

deviation error. Furthermore, the author's experimentation did not include networks 

containing more than five neurons in a single hidden layer; a larger number could 

perhaps have resulted in a lower test error. Figure 2.12 demonstrates a comparison 

between ANN prediction and that from the correlations. These results were reported as 

being satisfactory, and the errors achieved were comparable to those estimated in 

measurement.

Other work by authors Pacheco-Vega et al. (2001) and Chen & Ramaswamy 

(2000) involved a similar modelling technique, differing mainly in neural network 

configuration. Pacheco-Vega et al. applied ANNs in a comparable application 

concerning the modelling of the thermal characteristics of a fin-plate refrigerating heat 

exchanger.
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In the study, a large neural network (11-11-7-1) corresponded to the lowest 

prediction error, out of a series of networks experimented via 'trial and error'. The 

authors, however, provided no comparable evidence to suggest that the selected 

configuration was the most optimal. Chen and Ramaswamy (2000), in contrast, 

demonstrated experimentation into various learning rules and transfer functions in 

addition to different hidden layer and neuron configurations, in an application to model 

the behaviour of a vertical scraped surface heat exchanger (SSHE) of a pilot scale 

aseptic processing system. In the study, the authors examine the different combinations 

of tanh (hyperbolic tan), sigmoid and sine functions with three variations to the 'Delta' 

learning rule. An investigation into 15 networks ranging from 1-3 hidden layers and 0- 

60 neurons in each layer is also performed. The authors deduced that the combination of 

'Extended Delta-Bar-Delta' learning rule and tanh transfer function together with a 

large (40-30-20-2) network configuration resulted in the lowest Route Mean Square 

(RMS) value during training of the neural network. Although this optimisation 

procedure appears quite extensive, the authors methodology and conclusions are 

questionable. The authors own results illustrates that effect of transfer and learning rule 

functions on training error is minimal in 8/9 cases. Furthermore, training error is an 

indication of network performance only, not an exact calculation. In some cases 

involving memorisation, a network can predict training data well, but when presented 

with unseen testing data produce much larger errors. The authors also only 

experimented with 15 different network configurations, which when split over three 

hidden layer categories, ranging from number 0-60 neurons, does not produce a very 

comprehensive investigation. Finally, the study results are open to different 

interpretation and the authors should perhaps have re-evaluated the selection 

methodology used to determine the number of neurons present in each of three hidden 

layers for investigation. The results indicate the possibility of much smaller numbers of 

neurons producing similar RMS training error.
A similar approach was employed by Massie et al. (1998), in which the 

modelling of a heat exchanger was accomplished using neural networks to predict 

chiller thermal load and ice tank charging / discharging in a central plant HVAC system. 

Massie et al. initially used two small neural networks (6-5-2) to successfully model the 

chiller and ice tank details independently, but discovered that segregating the ice tank
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data into charging and discharging categories, to train two similar networks, resulted in 
an overall error reduction.

Pacheco-Vega et al. (1999) also found that segregating training data was more 
successful, demonstrating that data separated by some physical condition performed 
better than another trained with a combined set, in an experiment to predict the 
performance of a humid air-water fin-tube compact heat exchanger. The details of the 
study indicate the authors used three (5-5-3-3) neural networks trained with data 
segregated into three surface conditions consisting of dry, dropwise condensation and 
film condensation. Figure 2.13 demonstrates the extremely accurate ANN prediction 
results for the heat exchanger performance under dry surface conditions. Pacheco-Vega 
et al. state that several network configurations were tested and Massie et al. supposedly 
experimented with the number of neurons in the single hidden layer, however neither 
study presented evidence supporting these deductions. Moreover, it would perhaps 
have been beneficial to investigate smaller network configurations to predict the 
segregated data categories as this could, in the case of Massie et al., have resulted in 
lower prediction errors.
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Another author (Ortega et al., 2000) successfully employed the data segregation 
technique, together with experimentation into different topologies and learning 
algorithms, in an application to create a model for a regenerative rotational heat 
exchanger that considered the effect of time dependency. The authors found that 
segregating the network training data into air and fume temperature categories resulted 
in a better prediction that a network trained using a combined data set. To model the 
heat exchanger, the authors experimented using a multilayered feedforward and 
partially recurrent Elman network together with a variation of four learning algorithms, 
including Back, Quick and Resilient propagation and associated Elman learning 
algorithm. Similar to Chen & Ramaswamy (2000), Ortega et al. experimented with 13 
different network configurations varying from 9-15 neurons in a single hidden layer. 
Whilst this optimum investigation could have benefited from expanding to smaller 
numbers of neurons, it is a great deal more comprehensive than the methodology used 
by Ortega et al.

A different approach was used by Das & Nanda (2000) involving a hybrid 
technique for the application of ANNs to predict the optimal behaviour of a regenerator 
bed with crossed rod matrix from the viewpoint of thermodynamic potential. In the 
study, the authors use a multilayer feedforward network (2-6-6-1) to predict the pressure 
drop across an unknown heat exchanger surface. Subsequently, the heat transfer data 
from the same surface was predicted using a rediscovered analogy known as 'Leveque' 
in a modified form. Both sets of predicted data were then combined using a 'Second 
Law Analysis' technique, to indicate the possibility of optimising the heat exchanger for 
minimum irreversibility. Whereas, this approach is a successful alternative, the authors 
may be able to achieve better behaviour predictions using ANNs alone, as demonstrated 
by previously reviewed work. Another application concerning the use of a neural 
network in hybrid system was performed by Mazzola (1997). The study involves the 
prediction of Critical Heat Flux (CHF), an important parameter in heat exchanger 
design. The author combines a multilayer feedforward network with a heuristic 
correlation of the CHF. The role of the neural network was to predict a datum- 
dependant parameter required by the analytical correlation. The results of the study 
show that the hybrid technique can give very accurate results. However, similar to Das 
& Nanda (2000), the author may be able to successfully predict the CHF parameter
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using ANNs alone, thus, the original application would be superseded, with the 

introduction of neural networks, rather than partially improved.

2.3.2 Identification & Control

By far the most popular application of artificial neural networks to heat 

exchanger systems is that of control. ANNs with their nonlinear and dynamic 

capabilities, along-side short computation speeds, offer an attractive alternative to 

conventional control strategies. In many cases, two neural networks are employed in an 

Internal Model Control strategy, where the first network is used to identify a system and 

the second acts as an inverse controller, as is the case with Bittanti & Piroddi (1997). 

Bittanti and Piroddi, build upon previous work involving the identification of a liquid- 

saturated steam heat exchanger (Bittanti et al., 1982) and employ a Generalised 

Minimum Variance (GMV) technique for nonlinear control using neural networks 

(Bittanti & Piroddi, 1994, 1995). The author's recent work aims to test the applicability 

of the GMV technique in the practical problem of regulating the heat exchanger output 

temperature using the systems liquid flow-rate. The ANN employed to identify the 

system consisted of two hidden layers containing 14 and 7 neurons, and was trained 

offline in a 'black box' fashion along with a back-propagation learning algorithm. The 

author's state that the choice of network was based upon a set of experimental trials in 

which the performance of a variety of feedforward neural networks were compared, and 

the numbers of hidden neurons were optimised via trial and error. However, there is no 

published evidence discussing the author's deductions. Bittanti and Piroddi inversely 

trained a similar network, used in the heat exchanger identification phase, to act as a 

casual GMV controller by regulating the output temperature of the heat exchanger using 

the systems water flow rate. The results of the study detail that the proposed neural 

controller yields medium to high performance. Figure 2.14 illustrates a comparison 

between the neural minimum variance controller and a classical PID controller.

Diaz et al. (200la) used two feedforward networks in a similar manner, to 

successfully identify and control a dynamic single-row water-to-air heat exchanger 

system made reference to in previous work (Diaz et al,, 1996, 1999a). In the study, the 

first ANN was used to predict time-dependent behaviour of the heat exchanger; the 

second, an inverse of the first network, was used to control the over-tube air
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temperature. Similar network configurations were employed as in the author's previous 

investigations, although there was no evidence to suggest the most optimal network 

configuration was determined for this application, only a satisfactorily low prediction 

error. Diaz et al. (200 Ib) further developed this work to produce a more adaptive 

control strategy for the same heat exchanger system. The authors use the same 

feedforward identification and inverse control strategy, but implement an on-line 

adaptation algorithm in the form of a small feedforward network (2-5-1). The 

adaptation network, of which no configuration investigation was discussed, was used to 

modify the identifying and controlling network weights to satisfy performance criteria. 

The results of the study demonstrate that the adaptive neurocontroller was able to 

control the experimental facility and adapt to new conditions for disturbances in air and 

water flow rates. The adaptation conditions were, however, limited to single parameter 

disruption, and the authors themselves remarked that for general multiple controlling 

problems the control strategy becomes more complex and thus further work is required.
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A similar identification technique and network structure was applied by Carrire 

& Cela (1994) to model an air/water variable capacity heat pump. The actual network 

configuration was deduced using an unorthodox method involving two hidden layers, 

the first containing twice as many neurons as the input layer and the second an average 

between the first and the output layer. The authors demonstrate good model prediction 

results in the study; however do not proceed to investigate the application of control.

Al-Duwaish & Karim (1996) have also used the IMC technique to identify and 

control a heat exchanger system. The details of the application are not discussed, nor 

are the configuration details of the neural networks used in the study. The authors do, 

however, illustrate a hybrid technique for the identification of the heat exchanger 

system. The hybrid identification method discussed consists of the combination of a 

multilayer feedforward neural network and an Auto-Regressive Moving Average 

(ARMA) linear model. The neural network was used to map the static nonlinearities 

and the ARMA model to capture the dynamics of the process. The authors also derived 

a new recursive learning algorithm, consisting of a combination involving the Recursive 

Least Square (RLS) and back propagation algorithms (RLS/BP). The possibilities of 

this different approach to improve the popular IMC process are many; unfortunately the 

authors omit key details to the study including the level of success of the control 

procedure, which perhaps explains the lack of further work undertaken.

Other work involving adaptations to the IMC strategy includes the replacement 

of the feedforward networks with those of a more recurrent nature, as is the case with 

Ayoubi (1997). Ayoubi used a dynamic multilayer perceptron (DMLP) network, 

containing nonlinear, multi-input neurons with long-term memories to provide a 

predictive model of a water-steam heat exchanger system used in a batch reactor. The 

author utilised the DMLP predictive network together with a disturbance observer, 

which applied a long-term memory filter, to control the water outlet temperature. The 

identification model contained only a single hidden layer of 10 neurons and used a 

hyperbolic tangent function to calculate the system weights at each iteration. Figure 

2.15 shows the performance of the predictive controller under changing secondary water 

flow rates acting like an additional observable disturbance.
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Figure 2.15 Results of the predictive control scheme at a changing water flow rate
(reproduced from Ayoubi 1997)

Ayoubi gave no details of experimentation into different network configurations 
and the reliability of the control results obtained is questionable due to the original 
identification model obtaining validation errors that exceeded the authors' 
specifications. Furthermore, the DMLP is effectively a feedforward network that is also 
locally recurrent, thus the authors may have benefited from a fully recurrent network 
selection for this application. Similarly, Curtiss et al. (1993) would perhaps have 
benefited from implementing a recurrent, in place of a feedforward, neural network in a 
recursive application involving adaptive control of a HVAC process. In this study, a 
feedforward network, containing 6 neurons in the first layer and a single neuron in the 
second, is used to predict control constants that affect a first order response to changes 
in set-point. Although the predicting network employed is of a feedforward nature the 
output prediction is recycled as an input at the next time step, thus the authors may have 
benefited with the substitution of a recurrent network more capable of time-related 
predictions. The authors state that different architectures were examined for the 
predictive model, but similarly to other work reviewed, no evidence is provided to 
suggest this configuration is optimal for this application. None-the-less, with the 
addition of a second network trained online to act as an error calculator or future
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predictor, the authors report that this configuration outperforms a standard Proportional 
Integral Derivative controller.

Alessandri et al. (1994) performed another study, which included a different 
neural network structure used in the application of ANNs to control a greenhouse 
HVAC system. Initially the authors employed a multilayered feedforward network in a 
'black box' manner, similar to Bittanti and Piroddi, to forecast the greenhouse 
environmental temperature. However, due to the simplistic nature of the training data, 
the authors reduced the size of the network using a 'pruning algorithm', and discovered 
that the accuracy of the network's prediction suffered as a result. Alessandri et al. 
proceeded to employ a single perceptron model and associated learning rule and 
algorithm more successfully to model the system data. For the purposes of control, the 
authors returned to using a multilayered network as an on-off controller for the HVAC 
process. No other author reviewed has reported such an un-satisfactory performance 
when employing a multilayered network; generally one would expect a good level of 
prediction due to the simplistic nature of the training data. Perhaps if the authors had 
experimented more with different neuron arrangements, the multilayered network would 
have yielded better results than the more simple perceptron model.

The following subsection discusses literature concerning the application of 
ANNs to control systems without identification.

Control without Identification
The IMC control strategy is one of many; other techniques involve the aspect of 

control alone, without the need of a process identification model. For example Curtiss 
(1996) whose work involved the implementation of a feedforward neural network to 
assist a PID controller in directing an experimental heating coil. The author specified 
the use of a multilayered network consisting of 1 to 3 hidden layers with a minimal 
number of neurons in each layer, determined by an 'inverted triangle method', to 
decrease training time and reduce the undesired memorising effect. However, this 
approach does not configure the number of layers, nor does it provide quantifiable 
values into the exact network test error for each configuration. In the study, the neural 
network controller was trained online, alongside the PID controller. Once trained, the 
network was individually used to predict the system outlet water temperature until
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prediction error rose above a specified threshold, then the system resorted to PID 
control until prediction error dropped. Figure 2.16 demonstrates the network controller 
response to a step-change in the setpoint temperature.
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Figure 2.16 Network controller response to changing setpoint in actual reverse-acting
process

(reproduced from Curtiss, 1996)

The application used can be considered recursive since the controller output was 
recycled as an input at the next time step and was the only weight allowed to be 
updated, once trained. Similar to Ayoubi (1997) and previous work by this author 
(Curtiss et al. 1993), this application may have benefited from employment of a 
recurrent network in place of the feedforward, used in the study, due to the recursive 
requirement. Once again, network selection criteria have been omitted, and the 
discussion into the degree of success limited to the verification that a network-based 
controller fulfilled its task. However, this work was further deveoped by Jeannette and 
his co-workers (1998), where a true implementation of Curtiss' control concepts were 
successfully applied to an unstable hot water system in an air-handling unit. The 
Predictive Neural Network (PNN) demonstrated major improvements over a traditional
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PID controller. A similar methodology was applied by Blazina and Bolf (1997) to 

adaptively control two laboratory heat exchangers, in cascade arrangement, by 

maintaining the exiting water temperature set-point of the second unit. In the study a 

large feedforward network (50-50-25-10) is initially trained offline with a historical 

database and then updated online in a similar manner to Jeanette et al. The authors used 

the network controller output as an input at the next time step, producing a feedforward- 

feedback controller. Blazina and Bolf state that various sizes of hidden layers were 

experimented, but no evidence was presented, nor was any investigation into the 

number of layers used in the network configuration. The results of the study supposedly 

demonstrate that the feedforward feedback outperforms the feedforward control strategy 

alone. Although this application is a good demonstration of the versatility to which 

ANNs can be applied, work by other authors has demonstrated that much smaller 

networks with shorter training times are equally as good.

Diaz et al. (1999b) employed a multilayered feedforward network used in a 

previous study (Diaz et a/., 1998) to control the dynamic behaviour of a fin-tube single- 

row compact heat exchanger. Similar to previously reviewed literature, Diaz et al. 

initially trained the neural controller offline; however the adaptive method used to 

continuously update the network differed from previous authors. In the recent study, 

the adaptive nature of the control strategy involved back-propagation of the network 

prediction error, as opposed to the back-propagation of historical data, which is perhaps 

the reason behind the reported unsuccessful behaviour of the controller. The authors 

continued to experiment using an EV1C strategy and achieved greatly superior results, as 

previously reviewed (Diaz et al., 2001a, 2001b).
Other work by Quek & Ng (1996) involved a different approach to adaptive 

control using Integrated Process Supervision (IPS). In the study, the author builds on 

previous work (Leitch & Quek, 1991, 1992) to demonstrate the generality of the IPS 

scheme by replacing primary and adaptive control blocks, with a neural network 

controller, in an industrial heat exchanger process application. The neural controller 

consists of a Modified Cerebellar Model Articulation Controller (MCMAC), which is 

essentially a perceptron model accompanied by a fuzzy rule base and an associative 

memory learning algorithm to calculate and update the network weights. The study 

results indicate that the MCMAC strategy outperforms classical PID controllers, as well 

as the original IPS scheme. Quek & Wahab (2000) continued this work by producing
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experimental results derived from a micro-controller-based implementation of the 

MCMAC IPS scheme on the real-time control of a typical heat exchanger process. The 

authors state that this application is essentially a replacement of key components of the 

IPS control scheme with ANNs to demonstrate its generality. However, this study 

suggests more the versatility of neural networks in that they can be implemented in a 

diverse range of control applications. Rather than incorporating ANNs into an existing 

control strategy, the authors may benefit from employing neural networks to totally 

govern the heat exchanger process, similar to previously reviewed successful 

applications.

2.3.3 Fault Diagnosis

Fault detection and isolation are fundamental issues for complex control systems 

from the viewpoint of plant safety and reduced operating costs. In recent years, a small 

amount of research has been performed into the application of artificial neural networks 

to this area.

Hsiung & Himmelblau (1996) describe some experiments in which acoustic 

noise from the flow of fluids, in a counter-current heat exchanger, was used to detect 

leaks of various sizes and location. In the study, Hsiung and Himmelblau compare the 

results of three classification studies involving quadratic and nearest neighbour decision 

rules and multilayer feedforward artificial neural network. The author's employ a 

gaussian transfer function, common throughout classification/clustering applications in 

ANNs, and optimised the network configuration using an empirical approach. Acoustic 

noise dependant factors, i.e. flow rates, leak hole sizes and locations, were used as 

network inputs. The results of the study indicate that the neural network outperformed 

the other two strategies on the majority of testing conditions, however the authors state 

that the results of two replicate experiments differed when the experiments were carried 

out on different days. These results are thus, unfortunately unreliable, however this 

research does demonstrate a novel acoustic approach to fault diagnosis.
A more typical approach was presented by Zogg et al. (2001) in the application 

of neural networks to a fault diagnosis system developed for heat pumps. The author's 

initially model the process using a Least Squares ARX polynomial approach to identify
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system parameters, and then classify this information into faults using a clustering 
ANN. The network used in the study was a feedforward Radial Basis Function (RBF) 
network trained online, in a black-box fashion. The authors experimented with four 
different fuzzy learning algorithms to see which provided the best detection 
performance. The RJBF network is better suited for this classification application than 
the multilayer, generally employed as a static map, demonstrated by Hsiung & 
Himmelblau (1996). The fast Hard-C-Means (HCM) fuzzy algorithm yielded the best 
results, predict seven different faults with a low rate of wrong classification. Figure 
2.17 illustrates the fuzzy clustering results. A similar approach was used by Hanomolo 
& Kinnaert (1995), involving the successful detection and isolation of abrupt as well as 
incipient faults on the temperature sensors of an air-water heat exchanger.

1.2

r—
ii O

-0.2 1.2
Par. 2

Figure 2.17 HCM2Fuzzy clustering results, cut through the centre of cluster 2 (fault 2) 
of 8 clusters, projecting from n dimensions onto the first two parameters.

(reproduced from Zogg et al., 2001)

The literature reviewed involving the application of ANNs to heat exchanger 
systems demonstrated many of the same points discussed at the end of the previous 
section involving their application to stationary combustion systems.

The area of heat exchanger identification and control demonstrated that with or 
without a system model, ANNs can accurately control heat exchanger systems. Their
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ability to represent nonlinear systems along with their speed of computation makes them 

ideally suited for control applications in the area of heat exchangers. Nevertheless, due 

to the nature of some exchanger applications, several of the authors may have benefited 

from experimenting with networks of a more recurrent nature, Curtiss and Ayobi in 

particular. In contrast, the small quantity of work reviewed involving fault diagnosis in 

heat exchanger systems did examine alternative architectures including the Radial Basis 

Function and Fuzzy neural networks. The work presented in this section demonstrated 

that certain architectures are better suited for different applications. This work also 

showed the successful application of ANNs in the field of fault diagnosis and further 

demonstrated their versatility.

Whilst the majority of work presented in this section has demonstrated the use of 

optimisation techniques, the methodology used is questionable. The area of 

performance modelling in particular, demonstrated that multilayered feedforward 

network structures comprising of several hidden layers were employed and optimised 

via 'trial and error'. Few researchers have looked into optimising a single hidden layer 

to achieve better results. Those that did specified a limit to the number of neurons 

permitted in each hidden layer, restricting the optimisation process. However, overall 

the literature has shown that an optimised multilayered feedforward neural network was 

capable of modelling heat exchanger performance with little error.

2.4 Limitations of Previous Work
The previous critical review has highlighted several areas for improvement in 

both combustion and heat exchanger applications. This section details the limitations of 

the reviewed work and the motivations behind the present research study programme.

Although there is a large amount of literature relating to the application of 

ANNs to combustion systems in general, as the review demonstrates, there is a scarcity 

of work involving the representation of mathematical models, which is surprising as the 

IMC strategy has become one of the most popular strategies for heat exchanger control. 

A small amount of work involving depiction of Single Gas-Zone and Computational 

Fluid Dynamics models has been performed, but these models were quite simple and 

thus limited in accuracy. Increasing computing power has led to the development of
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more accurate models such as the Long Furnace Model, in which the furnace chamber is 

split longitudinally into a series of smaller zones. Herein lies the scope for 

improvement; if a neural network could be used to represent a more complex model 

then the overall network prediction results should be more accurate when compared 

with actual experimental data.

A moderate amount of literature exists relating to the application of ANN to heat 

exchanger systems, of which a large quantity corresponds to performance modelling. 

Many studies have investigated predicting the overall performance of a heat exchanger 

device in standard operational conditions, however none have progressed to model 

additional conditions which can arise, for example an insertion of an obstruction into the 

air stream or alterations to exchange fluid properties. Therefore, typical scope for 

improvement here should include investigations into the prediction of more detailed 

heat exchanger behaviour. In addition, only a small amount of work has been 

performed into fault diagnosis within heat exchanger systems, raising the possibility for 

further work in this field.
Furthermore, considering the use of artificial neural networks in both 

applications, many authors claim to use an optimisation procedure to determine the best 

neural network configuration for a specific application. However, little research 

evidence has been publicised into different configuration comparisons, leading to the 

conclusion that perhaps lower prediction errors could be achieved with more detailed 

examination into optimal network configurations. In addition, perhaps the main 

drawback of using artificial neural networks is that they typically require large amounts 

of data to be trained sufficiently. If this requirement could be reduced by, for example 

segregating the training data into smaller classifications or systematically reduced to 

remove less relevant process information, then ANNs would become even more 

desirable in their current applications and perhaps generate new ones.
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2.4.1 Research Project Objectives

Thus, this scope for improvement has prompted the present research study 

programme to include:

1. The representation of a LFM mathematical model of a gas-fired steel-bar 

reheating furnace using artificial neural networks.

2. Development of an ANN controller capable of maintaining steady state 

conditions in the LFM for fluctuations in the furnace throughput.

3. Predict the heat transfer within a heat exchanger process, varying tube-side 

concentrations of antifreeze coolant, without prior knowledge of fluid properties.

4. Prediction of the detailed behaviour of a heat exchanger device subjected to 

unforeseen air stream obstruction as a means to fault diagnosis.

5. Use of an ANN classifier to predict the level of action required after previously 

determining the level of heat exchanger fouling.

6. Development of an ANN controller capable of reacting to more than one 

perturbation in a heat exchanger system.

7. Development of an accurate optimisation procedure to determine the most 

favourable neural network configuration for a particular application.

8. Investigation into segregating neural network training data to reduce prediction 

error.

9. Investigation into reducing the total amount of training data required in 

maintaining adequate prediction accuracy.



CHAPTER III
Construction of Mathematical Model

This chapter is concerned with the construction of two mathematical models. The first 

is a basic Single Gas-Zone model and the second a more complex Long Furnace model. 

The opening section provides a brief introduction to mathematical modelling and the 
basic principles behind the two models. The chapter continues by describing the testing 

of the SGZ and LFM models. The results of both models, gathered during their 
operation, are also displayed and subsequently discussed. The closing section in this 

chapter concerns the conclusions drawn from the testing results and the points raised in 

this chapter.

55



Construction of mathematical model 56

3.1 Introduction to Mathematical Modelling

The design of furnace structures, new operational procedures and 
recommendations for plant upgrades were traditionally evaluated using results obtained 

from existing similar furnace systems and involved relatively simple calculation 

procedures. Such basic appraisal methods are not suitable for today's furnace system 

requirements concerning enhanced control procedures, improved furnace efficiency and 

greater cost effectiveness. Furthermore, all these conditions are required whilst meeting 

increasingly stringent emission quotas. This lack of suitability, in accordance with 

improvements in computational power, led to the development of techniques involving 
mathematical modelling to simulate the behaviour of such complex systems.

It is not always possible to obtain experimental data from such high-temperature 
furnace systems, since it can be extremely time-consuming, expensive or simply too 

difficult to achieve. The construction of mathematical models has made it possible to 

solve a variety of problems previously considered impossible due to their complexity 
and the difficulty envisaged in recording direct experimental results.

In such models, equations describing the heat transfer process that occurs within 
a furnace are formulated and solved in accordance with equations for mass and energy 

conservation. These computational models provide a numerical simulation of the 

overall heating process, which can then be employed to evaluate the influences of 
operating procedures and design characteristics on thermal performance, more 

specifically, energy consumption, thermal efficiency and load temperature.

An introduction to the heat transfer mechanisms that exist in gas-fired furnaces 
can be found in Appendix A. Appendix B includes a brief introduction to the Zone 

method theory. Whilst this information is not essential to understanding the work 

performed in this study, it offers good background reading to the subject of 
mathematical modelling of gas-fired furnaces. The following subsections describe the 

basic principles behind the single gas-zone and long furnace models.

3.1.1 The Principles of the Single Gas Zone Model

The zone modelling technique involves the division of a furnace enclosure into a 

number of gas and surface zones, with the formulation of an energy balance for each 

zone. The single gas zone (or zero dimensional model) is considered as being the
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simplest of zone models since it treats the flame and combustion products as a single 

isothermal gas zone of uniform composition. In the models most basic form the gas is 

assumed perfectly 'well-stirred', resulting in no temperature gradients within the 

furnace. However, in practice the mean gas temperature is higher than the exit 

temperature, thus additional expressions are often included to relate these temperatures 

more realistically. The radiative surface zones consist of the entire furnace structure, 

i.e. walls, roof and load. Figure 3.1 demonstrates a single gas zone model of a furnace 

structure. An energy balance is performed, taking into account all major forms of 

energy transfer. The resulting equation is then solved to yield the temperature of the gas 

zone and the corresponding heat fluxes at the furnace load and refractory surfaces.

The single gas-zone method of modelling has been shown to yield useful results 

in applications involving the prediction of fuel consumption in batch furnaces (Meunier 

and Cambier, 1988, 1989), the spectral radiation in steel furnaces (Docherty & Tucker, 

1986) and total heat flux and exit temperatures in boilers (Guruz, 1977).
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Figure 3.1 Schematic showing a single gas zone model of a furnace

3.1.2 The Long Furnace Model

Whilst the single gas zone model has been successfully employed in numerous 

applications involving the prediction of overall heat transfer, the method provides no
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information regarding the spatial variation of the heat transferred within an enclosure. 

In practice, many applications require a more detailed model of load temperature 

variations within a furnace, for example a counterflow arrangement where a cold charge 

enters at the exhaust end of the enclosure and is gradually heated as it travels towards 

the combustion region. The long furnace (one-dimensional model) incorporates a more 

detailed representation of a furnace structure and is capable of providing information 

regarding longitudinal temperature variation within a furnace enclosure.

In the long furnace model the furnace enclosure is represented as a longitudinal 

series of connected well-stirred zones, the number of which is dependent on the required 

accuracy for the particular problem. Figure 3.2 demonstrates a 10 zone one- 

dimensional model of a furnace structure. Energy balances are performed for each zone 

taking into account all major forms of energy transfer. Since the model is no longer 

limited to a single zone, additional information regarding the flow field and combustion 

patterns are included in the energy balance equations. The resulting nonlinear equations 

can then be solved simultaneously to yield the temperature of each of the gas zones and 

the corresponding heat fluxes at the furnace load and refractory surfaces. Transient 

behaviour (i.e. where the load is continuously fed into the enclosure) can also be 

incorporated into the long furnace model by successively solving the zone model at 

discrete time steps and using the "most recent" calculations of heat fluxes to update the 

wall and load temperatures.
In the past, the long furnace model was often simplified by the assumption that 

there was no radiation exchange across zone boundaries, eliminating the need to 

compute the complicated geometric configuration factors (exchange factors) between 

the surface and volume zones within the model. Models that did evaluate the inter-zone 

exchange areas were often forced to simplify furnace geometry due to the difficulty in 

their evaluation. These restrictions were overcome by Tucker & Ward (1986) who used 

a 'Monte Carlo' technique to determine radiation factors in a long furnace model of a 

slab reheating furnace. The technique employed provided the solution to radiation 

exchange between all zones and also facilitated the modelling of more complex

geometries.
Since the one-dimensional model is capable of providing a more accurate 

depiction regarding thermal variance within a furnace enclose, it has been used in many 

applications including the optimisation and design of furnace systems (Fitzgerald, 1968) 

and (Chapman et al., 1989), the simulation of ceramic tunnel kilns (Dugwell & Oakley,
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1988) and (Ribesse et al., 2000) and predictions of heat flux and temperature 

distribution in horizontal shell boilers (Lucas & Locket, 1972).

It can be difficult to obtain data from real furnace systems. Often the process is 

time-consuming and expensive and sometimes impossible to achieve the information 

required. Mathematical models offer the ability to generate large quantities of furnace 

information aiding in their design and analysis.

Whilst the single gas-zone model is useful in providing such information, it is 

subject to over-simplifications regarding the temperature variations with the furnace 

enclosure. More sophisticated models (such as the LFM) split the furnace into a series 

of zones, providing a more comprehensive and thus accurate simulation of the heating 

process.

3.2 Testing of the Single Gas Zone model

This section describes the testing of the single gas-zone model used within this 

study. The single gas zone model employed was originally constructed by Ward et al. 

(1998). The specified model remained unmodified with the exception of the 

specification of running conditions and the information generated. The model 

represented a metal reheating furnace of dimensions 6m long, 2m wide and 2m high, 

used for heating O.lm thick mild steel billets. In the zone model, the furnace chamber 

was treated as a single volume and the load and furnace refractories were considered to 

be two separate surface zones, similar to figure 3.1. The furnace was fired by natural 

gas and the maximum firing rate of the burners (i.e. the maximum thermal input) was 

varied from 2.7 to 8.1 MW gross. The excess air level was also varied from 10 to 25% 

and the non-grey characteristics of the combustion products were approximated by 

employing an equivalent mixture of 1 clear and 2 grey gases.

The model was used to simulate a "cold" start up in which the load was heated 

to a surface temperature of at least 1227°C whilst ensuring that the final top-to-bottom 

surface temperature difference did not exceed a specified value (30°C, 40°C and 50°C 

were used in the simulations). The natural gas input was controlled in the model by 

using the roof temperature as a "set-point". The burner turndown was 10:1 and the gas 

flow rate was varied proportionally over a band of ±10°C about the set point. These set 

point control temperatures were varied from 1247°C to 1287°C.
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The zone model predicted the duration of the start up period, the overall fuel 

consumption during this period and the final temperature distribution within the load. 

Simulations were undertaken with the burners supplied with "cold" combustion air at 

ambient temperature as well as with air preheated by means of a recuperator (with an 

effectiveness of 30%) mounted in the exhaust. In addition, predictions were obtained 

individually for lightweight ceramic fibre linings, insulating firebrick, and for dense 

refractories. Table 3.1 shows the complete process simulation conditions.

The following subsection demonstrates and discusses the results obtained during 

the testing of the single gas-zone model.

Table 3.1 SGZ model testing parameters
Parameter

Air preheat temperature 
(°C)
Fuel mass flow rate (kg/s)

Excess air level - 
Xs (%)
Set point temperature -
TSp (°C)
Maximum allowable load 
temperature difference - 
Tdiff(°C)
Wall material

Value
1 . From recuperator. 
2. Cold ambient air.

0.05, 0.056, 0.063, 0.075, 0.088, 
0.1,0.113,0.125,0.138,0.15

5, 10, 15, 20, 25

1247, 1267, 1287

30, 40, 50

1 . Ceramic fibre 
2. Insulating firebrick 
3. Dense refractories

3.2.1 Modelling Results and Discussion

A series of data were obtained from the testing conditions displayed in the 

previous section. The results are best displayed by discussing the effects found when 

varying the fuel mass flow rate on the overall process heating time and the total mass of 

fuel consumed during the heating period, for a variety of conditions involving different 

temperature set-points, types of wall and combustion air preheat. The effect of varying 

the maximum allowable load temperature difference on the overall process heating time 

is also discussed, using the same variety of conditions.
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The Effect of Varying the Fuel Mass Flow Rate on the Overall Process Heating Time

Figures 3.3 and 3.4 illustrate the effect of varying the fuel mass flow rate on the 

overall process heating time, for conditions involving temperature set-points 1247, 1267 

and 1287°C, a load temperature difference of 50°C, using a ceramic fibre wall and with 

and without combustion air preheat respectively.

Initially, it can clearly be observed from figures 3.3 and 3.4 that for the same set 

of conditions, using a recuperator to preheat the combustion air results in shorter overall 

process heating times. This is to be expected since this temperature increase in the 

combustion products results in a reduction in the time required to reach the systems set- 

point temperature. Both figures show that as the mass flow rate of the fuel being 

injected into the furnace is increased, the overall process heating time is reduced. 

Increasing the fuel flow rate increases the rate at which heat energy is delivered by the 

fuel and once again results in the furnace achieving its set-point temperature sooner, 

reducing the overall process heating time. However, both figures also show that this 

reduction in heating time becomes less significant as the fuel flow rate is increased. 

This indicates that the additional heat energy being inserted via each fuel increase raises 

the furnace temperature to a lesser degree, demonstrating a reduction in furnace 

efficiency associated with increasing the fuel mass flow rate.

Figures 3.3 and 3.4 also show that as the roof set-point temperature is increased 

from 1247-1287K, the process heating time increases slightly at the lower fuel mass 

flow rates. Generally an increase in furnace set-point temperature should result in a 

reduction in process heating time, however with this particular model, the process 

terminates when a specified temperature difference across the load is reached. In 

accordance with this condition, the furnace takes longer to achieve both the higher set- 

point and load temperature difference, thus the overall heating time is increased.

Figure 3.5 compares these findings with those obtained from two different types 

of furnace wall material. The two additional walls were constructed of insulating 

firebrick and dense refractory materials. As the diagram illustrates, the results 

corresponding to those obtained using insulating firebrick material are very close to the 

original ceramic fibre results. This is not surprising as the two materials have similar 

thermal conductivities (l.OW/mK and 0.45W/mK respectively) and heat capacities 

(lOOOJ/kgK and 950J/kgK respectively) at high furnace temperatures.
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Figure 3.5 The time taken to reach a load surface temperature of 1227°C, with a load 
temperature difference of 50°C, for 2 fuel mass flow rates at 2 temperature set- 

points, with and without air preheat, for 3 different walls.
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The insulating firebrick however, has a density around seven times that of the 

ceramic fibre material (880 kg/m3 compared with 128kg/m3 ). It is this density increase 

which accounts for the slightly longer heating times associated with the insulating 

firebrick material as more of the heat energy is absorbed and stored in the furnace wall. 

The dense refractory material has a thermal conductivity of around five times that of the 

ceramic fibre (2.2W/mK) and is practically twenty times as dense (2600kg/m3). Whilst 

the heat capacity of the dense refractory material is similar to the other two materials 

(1120J/kgK), it has the greatest thermal conductivity and density of all three materials. 

Thus it is no surprise that the furnace constructed of the dense refractory material 

achieves the longest heating times out of the three.

Whilst the heating times associated with the higher fuel mass flow rates of the 

firebrick are only slightly greater than those observed using the ceramic fibre, a 

proportionally larger difference can be observed when considering the lower fuel flow 

rates. This is because the increased heating times associated with the lower fuel flow 

rates allow the thermal differences of the two wall materials to be emphasised. This 

effect is also observed when compared with the dense refractory results, but on a greater 

scale.
As figure 3.5 also demonstrates, the two lower fuel mass flow rates (0.075kg/s) 

corresponding to the two temperature set-points for the non air-preheated, dense 

refractory model are equal. This condition has arisen since the model load heating 

process was completed before the furnace had reached its temperature set-point.

The Effect of Varying the Fuel Mass Flow Rate on the Total Mass of Fuel Consumed

Figures 3.6-3.8 illustrate the effect of varying the fuel mass flow rate on the total 

mass of fuel consumed during the heating period, for the same conditions as figures 3.3- 

3.5.
When comparing the two figures 3.6 and 3.7 (with and without air preheat 

respectively) it can clearly be observed that the quantities of fuel required for each set of 

process conditions are far less for the furnace employing a recuperator. This is to be 

expected since the model incorporating air preheat completed the heating process far 

quicker than the alternative (as discussed in the previous section). Thus, for a constant 

fuel flow rate, the total mass of fuel expelled into the furnace chamber is less since the
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heating process time is shorter. Similarly, both figures show that as the fuel mass flow 
rate is increased, the total mass of fuel consumed also increased. This is because the 
fuel saved due to the reduction in heating time does not exceed the additional fuel being 
inserted into the furnace chamber at each flow rate increase.
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•Mf=0.125kg/s

Figure 3.6 The total mass of fuel required 
to reach a load surface temperature of

1227°C, with a load temperature
difference of 50°C, for 5 fuel mass

flow rates at 3 temperature set-points
with air preheat and ceramic fibre

wall.
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Figure 3.7 The total mass of fuel
required to reach a load surface

temperature of 1227°C, with a load
temperature difference of 50°C, for 5
fuel mass flow rates at 3 temperature

set-points with no air preheat and
ceramic fibre wall.

This further demonstrates that the efficiency of the furnace is decreased as the 
fuel mass flow rate is increased, as discussed in the previous section. In addition, whilst 
the effect of increasing the fuel flow rate on reducing the overall process heating time 
becomes less, the effect on the total fuel consumed remains almost constant. This also 
demonstrates that the drop in furnace efficiency is increasing as the fuel mass flow rate

is increased.
Figures 3.6 and 3.7 also show that as the roof set-point temperature is increased 

from 1247-1287°C, the total fuel consumed in each set of conditions is also increased. 
In general, an increase in temperature set-point corresponds to a reduction in the total 

fuel consumed due to the associated reduction in heating time.
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Figure 3.8 The total mass of fuel required to reach a load surface temperature of 
1227°C, with a load temperature difference of 50°C, for 2 fuel mass flow rates at 2 

temperature set-points, with and without air preheat, for 3 different walls.

However, as explained in the previous section, an increase in the furnace set- 
point temperature results in longer heating times, therefore greater quantities of fuel are 
required to achieve each set of process conditions.

Figure 3.8 compares these findings with those obtained from the two additional 
types of furnace wall material, insulating firebrick and dense refractory. In parallel with 
the last section, the results corresponding to those obtained using insulating firebrick 
material are very close to the original ceramic fibre results, only slightly higher, where 
as the dense refractory results demonstrate that far greater quantities of fuel were 
required for the same process conditions.

When combining these results with those discussed in the previous section, it is 
clear that the ceramic fibre wall material is the most efficient since it is capable of 
performing the same heating process as the other two materials in less time and 
consuming less fuel. In accordance with this the dense refractory material is the least
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efficient, as it performs the heating processes over the longest time period and 

consuming the greatest quantities of fuel. However, the results also show that when 

considering the proportional reductions in time with the proportional increases in fuel 

consumed as a result of increasing the fuel mass flow rate, both the insulating firebrick 

and dense refractory materials out-perform the ceramic fibre material.

The Effect of Varying the Maximum Allowable Load Temperature Difference on the 

Overall Process Heating Time

Figures 3.9 and 3.10 illustrate the effect of varying the required load temperature 

difference on the overall process heating time, for conditions involving temperature set- 

points 1247, 1267 and 1287°C, a fuel mass flow rate of O.lkg/s, using a ceramic fibre 

wall and with and without combustion air preheat respectively.
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Figure 3.9 The time taken to reach a load
temperature difference of 50, 40 &

30°C for a fuel mass flow rate of 0.1
kg/s at 3 temperature set-points with
air preheat and ceramic fibre wall (1).

Figure 3.10 The time taken to reach a load
temperature difference of 50,40 &

30°C for a fuel mass flow rate of 0.1
kg/s at 3 temperature set-points with no
air preheat and ceramic fibre wall (1).

As expected, considering the previous results examined, the furnace model 

employing a recuperator (figure 3.9) requires less time to reach the lower temperature 

difference across the load than the model without (figure 3.10), for the same process 

conditions. Both figures also show that as the temperature difference was reduced from
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50 to 40 and 30°C, the associated heating time is increased. This is in view of the fact 
that the furnace system takes slightly longer to achieve each of the lower temperature 
differences across the load. Both figures also demonstrate that the difference in 
required heating time to reach 30°C from 40°C is greater than that of 50 to 40°C. This is 
purely a function of heat energy conduction through the load material. The rate of heat 
transfer through the load is predominantly governed by the temperature difference 
across it.
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Figure 3.11 The time taken to reach a load temperature difference of 50 & 30°C for a 
fuel mass flow rate of 0.1 kg/s at 2 temperature set-points, with and without air

preheat, for 3 different walls

Thus, as this temperature difference decreases, so does the rate at which heat energy is 
conducted through the load, resulting in a larger increase in heating time.

Also in accordance with the results examined previously, figures 3.9 and 3.10 
show that as the roof set-point temperature is increased from 1247-1287°C, the process 
heating time is also increased. This is as a result of the furnace taking longer to reach
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the higher temperature set-point and thus the load taking longer to achieve its specified 

heating conditions.

Figure 3.11 compares these findings with those obtained from the two additional 

types of furnace wall material, insulating firebrick and dense refractory. Similarly, the 

heating times corresponding to those obtained using the insulating firebrick material are 

slightly greater than the original ceramic fibre results, and yet again a much larger 

increase is observed when comparing these results with those gathered from the furnace 

constructed from dense refractory. However, unlike the previous results there is little or 

no difference between each of the three wall profiles with respect to the additional 

heating time as a result of the lower temperature difference. This is to be expected since 

decreasing the temperature difference across the load simply continues the furnace 

heating process slightly longer.

The results of the model, published by Ward et al. (1998) and (1999b), appear to 

be reasonable in that they are in accordance with what was expected from the testing 

parameters and model termination conditions. A large quantity of data has been 

generated by the single gas-zone model involving a variety of different operation 

conditions for the purposes of training an artificial neural network.

3.3 Testing of the Long Furnace Model

This section describes the testing of the long furnace model used within this 

study. The long furnace model employed was originally constructed by Ward et al. 

(1999a) and Correia et al. (2000) to represent a transient gas-fired continuous reheating 

furnace similar to the enclosure used in the study undertaken by Tucker and Ward, 

(1990). The model represented a gas-fired furnace used to heat steel billets of 

rectangular cross-section. The furnace dimensions consisted of 15.113m long, 2.67m 

wide and 0.53m high at the billet inlet, increasing to 1.14m the billet discharge end, as 

shown in Figure 3.15. The furnace model was sub-divided into 10 volume zones along 

its length, resulting in a total of 42 surface and 9 load zones, treating the load, roof and 

walls independently, similar to that described in Sousa et al. (1996).

The furnace was fired by four natural gas burners (each with a thermal input of 

1.45 MW) mounted in the end of the wall at the discharge end of the furnace. The steel
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billets were moved in steps as a continuous bed along the refractory hearth in a 

counterflow direction to that of the combustion gases. The natural gas input was 

controlled in the model by using the roof temperature as a "set-point", which varied 

from 1260K to 1380K for different simulations. The burner turndown was 0.5 and the 

gas flow rate was varied proportionally over a band of ±10°C about the set point. The 

excess air level was also varied from 2.5 to 10% and the non-grey characteristics of the 

combustion products were approximated by employing an equivalent mixture of 1 clear 

and 2 grey gases. In order to incorporate the radiative interchange between all the zones 

in the furnace, an additional computer program, RADEX was employed. The program 

adopted the 'Monte-Carlo' technique to calculate the large number of exchange areas 

that are required to determine the net interchange of radiation in the furnace enclosure. 

The model was designed to produce accurate predictions of the gas fuel consumptions 

during both the start-up and production phases of operation as well as successfully 

simulating the temperature-time history of the load. The simulation involved an 

operating period of 8 hours, which included an initial start up of 107 minutes duration, 

which involved heating a static billet load to a surface temperature of 1250°C. This 

initial start-up was followed by a period of 373 minutes of steady operation at a fixed 

specified production rate, in which billets were fed into one end of the furnace and 

jettison from the other (burner region). Two different thicknesses of steel billet were 

employed in simulations, which were 6cm and 10cm. Table 3.2 shows the complete 

process simulation conditions. The following subsection demonstrates and discusses 

the results obtained during the testing of the long furnace model.

Table 3.2 LFM testing parameters
Parameter

Billet feed rate (te/hr)
Set point temperature -
Tsp(°Q

Excess air level - 
Xs (%)
Billet thickness (m)

Value
1,2,3,4,5,6,7

1260, 1280, 1300, 1320, 1340, 1360, 
1380

2.5,5,7.5,10

0.0603 and 0.1 0251



Construction of mathematical model 71

3.3.1 Modelling Results and Discussion

A series of data were obtained from the testing conditions displayed in the 

previous section. The results are best displayed by discussing the effects of varying the 

billet feed rate on the load surface temperatures, the temperature difference between the 

load surfaces and the total mass of fuel consumed during the heating process, for a 

series of different furnace temperature set-points.

The Effect of Varying the Billet Feed Rate on the Load Surface Temperatures

Figures 3.12 and 3.13 illustrate the effect of varying the billet feed rate on the 

load surface temperatures, for the two billet thicknesses of 6 and 10cm respectively. 

Both figures show the load surface profiles ending at slightly different heating times. 

Each specified feed rate is simulated by varying the number of billet discharges within 

the remaining process heating time after the initial start-up period. The untimely profile 

endings are a direct result of the time at which the final billet was discharged.

The two sets of top and bottom load surface temperatures shown in figure 3.12 

share the same start-up profile as discussed in the previous section. After the initial 

start-up period of 107 minutes, both profiles are determined by their respective billet 

feed rates. Whilst the 3 te/hr profile appears to retain the initial 1250°C surface 

temperature, the 7 te/hr profile stabilises at a lower surface temperature of around 

1200°C. This is because lowering the billet feed rate allows the load to remain heated in 

the furnace for a longer period of time, increasing both its surface temperatures. In 

contrast, raising the billet feed rate results in a shorter heating time and thus lower 

surface temperatures. Furthermore, the temperature difference between the top and 

bottom surfaces is greater for the higher feed rate. This is because the shorter individual 

billet heating times also result in less time for the heat to be transmitted through the 

load.
The main difference observed between the two load thicknesses occurs during 

the furnace start-up phase. Within this region, the thicker billet clearly requires longer 

to reach the same conditions and as a result initially achieves lower surface 

temperatures within the same start-up period. However, as the heating process 

continues, the top load surface temperature for both feed rates even out to reflect a
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similar profile to the 6cm as the furnace temperatures are allowed to stabilise. The 
thicker load also achieves a slightly larger temperature difference across each billet. 
This is to be expected since it takes longer for the heat energy to be transmitted through 
the larger billet, thus this additional temperature lag results in a greater temperature 
difference between the top and bottom of the thicker load. This temperature difference 
is further examined in the next section.

0 200 400 
Heating time (mins)

Figure 3.12 The effect of varying the 
billet feed rate on the load surface 

temperatures for a furnace operating
at a temperature set-point of

1260°C, 2.5% excess air and load
thickness of 6cm

1HUU -

1200 -

1000 -

600

400 -

200 -

n -

1
H
1

If ———
/

—— 3 te/hr
--------- —— 7 te/hr--

0 200 400 
Heating time (mins)

Figure 3.13 The effect of varying the 
billet feed rate on the load surface

temperatures for a furnace
operating at a temperature set-point
of 1260°C, 2.5% excess air and load

thickness of 10cm

Figures 3.14 and 3.15 illustrate the effect of varying the furnace temperature set- 
point on the load surface temperatures, for both billet thicknesses respectively. The 
effect of increasing the furnace temperature set-point can clearly be observed with both 
billet thicknesses. The initial start-up phase demonstrates a raised temperature profile 
as a direct result of the furnace increasing to a higher temperature set-point. The results 
corresponding to the thicker billet remain slightly lower than those of the 6cm load, for 
the reasons discussed previously.
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Figure 3.14 The effect of varying the 
billet feed rate and temperature set- 

point on the load surface 
temperatures for a furnace operating 

with 2.5% excess air and load 
thickness of 6cm

Figure 3.15 The effect of varying the 
billet feed rate and temperature set- 

point on the load surface 
temperatures for a furnace 

operating with 2.5% excess air and 
load thickness of 10cm

Furthermore, each feed rate profile after the start-up phase reflects similar 

behaviour to the lower set-point profiles in which the 3 te/hr top surface temperature 

stabilises close to the furnace set-point, whilst the 7te/hr stabilises slightly lower. It is 

worth mentioning that the load surface temperatures associated with the furnace set- 

point increase are around 1380°C for the 3 te/hr federate and 1330°C for the 7 te/hr. 

Mild steel billet surface temperatures of this magnitude are considered too high, thus a 

greater feed rate would need to be used at this furnace set-point to significantly lower 

these load surface temperatures enough to prevent billet overheating.

The Effect of Varying the Billet Feed Rate on the Temperature Difference between Top 

and Bottom Load Surfaces
Figures 3.16 and 3.17 display the temperature difference across the load for the 

process conditions discussed in the previous section, for the two load thicknesses 6cm
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and 10cm respectively. Both figures also show the temperature difference for an 

additional billet feed rate of 5 te/hr, as a mid-range result.

A larger temperature difference can be observed in the start-up profiles for the 

thicker billet size of 10cm, in accordance with the last section. However, as time 

progresses the load surface temperatures stabilise greatly reducing the temperature 

difference across the load so that both thicknesses share similar profiles, with the 10cm 

slightly higher due to the thermal lag explained previously. Also in accordance with the 

last section, the 7 te/hr feed rate achieves a higher temperature difference than the 3 

te/hr profile due to the shorter billet heating times discussed previously.

As both figures show, the 7 te/hr feed rate results in a temperature difference of 

around 100°C under these process conditions, where as the 3 te/hr feed rate results in a 

difference well beneath a safe 50°C maximum. The 5 te/hr profile is arguably just on 

the boundary for the 6cm thickness and can therefore be considered the maximum 

throughput for this billet size. However, the 5 te/hr temperature difference profile 

stabilises a bit too late for the 10cm thickness and could result in billet overheating, thus 

4 te/hr would be the maximum at this furnace set-point and conditions.
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Figure 3.16 The effect of varying the
billet feed rate on the temperature
difference across the load, for a

furnace operating at a temperature
set-point of 1260°C, 2.5% excess air

and load thickness of 6cm
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Figure 3.17 The effect of varying the
billet feed rate on the temperature

difference across the load, for a
furnace operating at a temperature
set-point of 1260°C, 2.5% excess

air and load thickness of 10cm
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Figures 3.18 and 3.19 illustrate the effect of varying the furnace temperature set- 
point on the temperatures difference across the load, for both billet thicknesses. Both 
figures show that as the furnace set-point is increased from 1260 to 1380°C the furnace 
heats up slightly quicker as demonstrated by the start up profiles. Increasing the furnace 
set-point also results in a lower temperature difference for both 7 te/hr profiles, as the 
billet surfaces stabilise. If the heating process were continued for a prolonged duration 
the two 7 te/hr temperature difference profiles should stabilise at similar temperatures, 
however the initial effect of raising the furnace set-point escalates the heating effect on 
the billet, bringing its surface temperatures closer together. In accordance with this, 
both figures 3.18 and 3.19 show that the 3 te/hr profiles are largely unaffected by the 
set-point increase since the longer heating time enables the load surface temperatures to 
stabilise quicker.
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Figure 3.18 The effect of varying the
furnace temperature set-point on the

temperature difference across the
load, for billet feed rates of 3 and 7

te/hr and for a furnace operating
with 2.5% excess air and load

thickness of 6cm

U300 ------
3te/hrTsp=1380'C 
7te/hrTsp=1380'C 
3te/hrTsp=1260'C 
7te/hrTsp=1260'C

0 200 400
Heating time (mins)

Figure 3.19 The effect of varying the
furnace temperature set-point on the

temperature difference across the
load, for billet feed rates of 3 and 7

te/hr and for a furnace operating
with 2.5% excess air and load

thickness of 10cm
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The Effect of Varying the Billet Feed Rate on the Total Fuel Consumed

Figures 3.20 and 3.21 illustrate the effect of varying the billet feed rate on total 
mass of fuel consumed in each simulation, for the two billet thicknesses of 6 and 10cm 
respectively. Both figures show that the fuel consumption is the same for all three feed 
rates since they all share the same start-up procedure, as explained previously. Both 
figures also show that as the billet feed rate is increased the quantity of fuel consumed 
also increases. This is because the load acts as a heat sink and therefore more fuel is 
required to heat the greater quantity of billets over the same process heating time. For 
the same reason, a slightly greater quantity of fuel is required to heat the thicker 10cm 
billet size, for each of the same process conditions.
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Figure 3.20 The effect of varying the 
billet feed rate on the total mass of

fuel consumed, for a furnace
operating at a temperature set-point
of 1260°C, 2.5% excess air and load

thickness of 6cm
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Figure 3.21 The effect of varying the 
billet feed rate on the total mass of

fuel consumed, for a furnace
operating at a temperature set-point
of 1260°C, 2.5% excess air and load

thickness of 10cm

Figures 3.22 and 3.23 illustrate the effect of increasing the furnace set-point 
temperature on the total fuel consumed for both billet thicknesses. The effect of 
increasing the set-point on the fuel consumption can initially be observed during the 
furnace start-up. Both figures show an increase in fuel consumed about halfway into 
the initial phase, in accordance with the raised surface temperature profiles examined
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previously (figures 3.14 and 3.15). It can clearly be observed that this increase 

continues after the start-up period, as the furnace temperatures stabilise. This is to be 

expected since additional fuel must be supplied in order for the furnace to reach and 

maintain the higher set-point temperature.
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Figure 3.22 The effect of varying the 
furnace temperature set-point on the

total mass of fuel consumed, for
billet feed rates of 3 and 7 te/hr and
for a furnace operating with 2.5%
excess air and load thickness of

6cm
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Figure 3.23 The effect of varying the 
furnace temperature set-point on the

total mass of fuel consumed, for
billet feed rates of 3 and 7 te/hr and
for a furnace operating with 2.5%
excess air and load thickness of

10cm

The long furnace model avoids the main over-simplification of the single gas- 

zone model by providing information relative to the temperature variations within the 

furnace enclosure, including the load surface. This greater degree of sophistication 

means that the data generated by the model can be considered more accurate than that 

produced by the single gas-zone model. In accordance with this, the long furnace model 

has produced more accurate data to train an artificial neural network. The success of 

this model has been published by Correia et al. (2000, 2001 and 2002) and Ward et al. 

(1999, 2000, 2001 and 2002).
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3.4 Conclusions

Whilst these models have been shown to accurately represent actual furnace 
systems (the LFM in particular for the reasons described previously), their 
computational time requirements are too great for online control purposes. The data 
generated by these models can now be used in developing a faster representative model 
involving artificial neural networks, which offer excellent nonlinear system 
identification, approximation abilities in addition to a greatly increased computational 
speed over their mathematical equivalents.



CHAPTER IV
Representation of Mathematical Models using 

Artificial Neural Networks

This chapter concerns the representation of the two mathematical furnace models 
introduced in the previous chapter using Artificial Neural Networks. The opening 

section describes the need for Artificial Neural Network representation of such systems. 
The chapter continues to detail the representation of both the single gas-zone and long 
furnace models by demonstrating the methodology used in the process and discusses the 
results obtained. The benefits of segregating the data used to train the ANNs are 
examined in the two representation sections. Furthermore, this chapter also investigates 
the employment of an optimised ANN to control a furnace and maintain a constant billet 
surface temperature whilst undergoing alterations to its load throughput. The closing 
section concerns the conclusions drawn from this chapter and the implications of the 

representation results.

79
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4.1 Introduction to Representing Mathematical Models

The reasons for constructing mathematical models of furnace systems were 

described in the previous section. In order to achieve an acceptable level of precision, 

these mathematical models are required to be quite complex. If sophisticated enough, 

these computational models can provide accurate numerical simulations of high- 

temperature furnace systems without involving such implications as high cost, time and 

difficulty associated with gathering large amounts of experimental data. These more 

complex models do, however, generate large computing times that are too great for 
online control purposes.

Artificial Neural Networks have been widely employed in a variety of similar 

nonlinear combustion system applications previously. The most popular field in which 

ANNs have been applied is that of NOX prediction. Researchers in this field include 

Dconen et al. (2000, 1996), Ahn & Ryu (2001) and Miyamoto et al. (1998). Other 

researchers and fields of relevance include Zhu et al. (1998) and Guo et al. (1997) who 

have performed work involving ANNs and coal/char combustion and Cui & Shin (1992) 

and Saha et al. (1998) who have undertaken studies into the application of ANNs to 

boiler plant.
Artificial Neural Networks also have the ability to compute outputs at far greater 

speeds, than either mathematical or CFD models due to the way in which they are 

constructed. Their computational rate is fast enough to enable them to be used in online 

control strategies. Work by researchers such as Holmes et al. (1994), Chong et al. 
(1997) and Radl (1999) have demonstrated the applicability of ANNs in closed-loop 

combustion systems. These examples, along with other combustion applications, were 
discussed previously in Chapter II. Due to their ability to represent nonlinear 

combustion systems and their high computational rates, ANNs offer a great potential to 

replace mathematical models in control strategies.
Whilst there has been a great deal of work performed in applying Artificial 

Neural Networks to thermodynamic systems, there has only been a small amount 

relating to the representation of mathematical models. Ward et al. (1998) successfully 

employed an ANN in a 'black-box' fashion to represent a single gas-zone model of a 

metal reheating furnace. Firretti & Piroddi (2001) employed a similar multilayer 

'black-box' approach incorporating cell temperatures calculated from a one-dimensional
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model of a 300MW unit of the Tavazzano power plant in Italy along with some external 

inputs to the furnace burners (fuel and air flow rates). Carvalho & Azevedo (2000) 

applied a neural network to reproduce NOX and CO emissions alongside a series of 

simple models to collectively control a boiler system located in a 314 MWe pulverised 

coal-fired plant at Sines power station.

Whilst Ward et al. (1998) successfully represented a mathematical model of a 
real furnace system, the study was limited in two areas. Firstly, little or no 

consideration was given to the architecture or its configuration. This offers the 

possibility that lower prediction errors could be achieved for the same representation 

study if an investigation into the most suitable network architecture and its optimal 

neuron configuration was performed. Secondly, the model reproduced was a simplistic 

single gas-zone model. Since the ANN representing the model is only as accurate as the 

data used to train it, a more sophisticated model will result in a more accurate neural 

representation of the system.
Mathematical models have been shown to provide accurate data relating to gas- 

fired furnaces. However, their complexity results in computing times that are too great 

for online control purposes. ANNs have been applied to a variety of nonlinear 

processes and their speed of computation makes them ideal for control purposes. 

Nonetheless, there is surprisingly little work involving the representation of 

mathematical models. Previous ANN work in this field is limited in that little or no 

consideration has been given to correct topology selection and configuration, the 

benefits of which were outlined in chapter II. Furthermore, the work to date has only 

covered the more simplistic mathematical models. Thus, this chapter looks at 

investigating which neural network architecture and configuration best suits this type of 

data and progresses to cover the representation of a more complex furnace model.

4.2 Representation of the Single Gas Zone Model
This section concerns the ANN representation of the SGZ model described in 

the previous chapter. It uses the data produced from this simplistic model to train a 

variety of network topologies in order to ascertain which best represents the model type 

data. The last chapter introduced the SGZ model originally constructed by Ward et al.
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(1998). Whilst the model outputs do not contain any spatial information, they do 

provide a useful representation of a real gas-fired furnace and are capable of generating 

great quantities of hard-to-measure data. The application presented to the ANN in this 

case involves the generation of a static map between the input and output parameters. 

This is because the model data produced is steady-state and the requirements of the 

ANN thus involves the learning of the nonlinear relationship between a series of input 

and output vectors and does not require any historical information regarding past 

activity. The following subsections describe the representation methodology used in the 

study and discuss the results obtained and the benefits of simplifying the representation 

process via the segregation of training data.

4.2.1 Representation Methodology

The ANN computer program used to represent the Single Gas Zone model was 

Neurosolutions™. This software includes a database containing a variety of different 

network architectures and learning methodologies to support a vast range of ANN 

applications. For ease of use, the ANN software operated a Graphical User Interface 

(GUI) and was fully integrated with the Microsoft® Excel spreadsheet. The training 

and testing data can be organised into the required input / output columns in the Excel 

spreadsheet and subsequently tagged as input / desired vectors to the network. The data 

could then be further divided into training and testing ranges in order to specify the 

teaching information for the ANN along with the actual computational ranges required 

by the user.
During the teaching phase, the entire range of training data is presented to the 

network a large number of times, as specified by the user. At the end of each 

presentation (or epoch) Neurosolutions calculates the mean squared error between the 

predicted and desired fields, which is then used as an indication of the degree of 

representation success. This teaching process is usually repeated several times using a 

different set of initial neuron weightings randomly selected by the software. This is to 

minimise the possibility of the neural network being poorly trained due to inadequate 

initial neuron weight values.
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The mean squared error value calculated at the end of each epoch decreases as 

the neuron weights are corrected by the learning algorithm until an optimum set of 

weights are achieved. However, since the number of epochs is specified by the user, the 

teaching continues until the network is over-trained and the updated neuron weightings 

result in an increase in the calculated mean squared error. At this point the over-trained 

network would not give accurate predictions on either the training or testing set. To 

avoid this over-training condition, Neurosolutions selects the epoch with the lowest 

mean squared error, choosing the best neuron weighting values in preparation for the 

testing phase. However, whilst a neural network may perform well with regards to the 

training data set, it may not give accurate predictions for the test data. This condition 

occurs when the network begins 'memorising' the input training patterns and can be 

avoided by selecting a quantity of unseen testing data for cross validation. Once again, 

Neurosolutions uses the information from the cross-validation data set to determine 

when the training process should be terminated and the best neuron weights recorded. 

This memorising problem occurs primarily when the testing data is made up of 

completely unseen conditions. Since many of the studies within this thesis involve 

testing with data that has been partially seen in the training phase, the cross-validation is 

not essential. The following subsections describe the necessity to achieve the correct 

network size via the neuron configuration and the representation process used in the 

study.

Optimisation
Whilst the two conditions of over-training and memorising are eliminated 

through the sophistication of the Neurosolutions software, there exists another issue 

involving the size of the network structure. Many researchers have selected large 

numbers of neurons within one or more hidden layers without offering any reasoning 

behind their decisions. It is generally assumed that the number of neurons within a 

hidden layer is greatly associated with the mapping ability of the neural network, i.e. the 

larger the number, the more powerful the network. However, as the network size 

continues to increase, there is a point at which the networks ability to generalisation gets 

worse. This condition is known as 'over-fitting' and when such an ANN is presented 

with data patterns that it has never seen before, the response is unpredictable.
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To alleviate the possibility of over-fitting the training data set and to ensure that 

the network is capable of computing the best predictions possible, an investigation into 

the optimal neural configuration must be performed for each specific application. With 

the present state of knowledge, the best method of optimising the neural configuration 

of a network is that of systematic trial and error. This process involves starting with the 

smallest number of neurons in a single hidden layer and increasing the quantity step-by- 

step until the testing data prediction error drops and then rises again. Similar to the 

training mean squared error, an obvious optimum should occur between the regions of 

an under and over-fitted network. This optimisation methodology is demonstrated in 

the next section and is employed throughout every new application of Artificial Neural 

Networks described in these studies.

Representing the Single Gas Zone Model

In the present study nine different types of artificial neural network were 

examined using five inputs and three outputs as shown in Table 4.1. It is worth 

mentioning that the precision of input vectors was found to have no effect on the 

predicted outputs made by the ANN. In accordance with this, the input parameters were 

recorded to three decimal places.

Table 4.1 Input and output vectors for the ANN representing the SGZ model
Input vectors

Parameter
Preheat 

temperature (°C)
Fuel mass flow rate 

-mf(kgs-')
Excess air level - 

Xs (%)
Set point 

temperature -
TSP (°C)

Allowable load 
temperature 
difference - 

TdifffC)

Training range
From recuperator (1) 
Cold ambient air (2)
0.05, 0.063, 0.088, 

0.113,0.15
5,15,25

1247, 1287

30,50

Testing range
From recuperator (1) 
Cold ambient air (2)

0.056,0.075,0.1, 
0.125,0.138

10,20

1267

40

Output vectors

Load surface 
temperature (°C)

Heating time 
(hrs)

Total fuel used 
(kg)
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Each network was trained using the outlying conditions of the data set and tested 

on a small sample of unseen data; this resulted in 120 rows of data for training and 20 

for testing. Each network was trained for 10,000 epochs and was tested twice for 5 and 

10 neurons in a single hidden layer. These initial values were selected in accordance 

with a rule of thumb (Principe, J. et al. 2001), which states that the number of neurons 

in a single hidden layer should lie somewhere between the number of inputs and twice 

that value. This rule offers a rough starting figure, since the number of neurons required 

should vary considerably with each network topology and its application. The idea of 

this initial analysis is to eliminate networks which are clearly not suited for obtaining 

the desired response for this particular application.

4.2.2 Representation Results and Discussion

Table 4.2 shows each network with its corresponding overall error (%) for the 

prediction of all 3 outputs together. From these results the top three networks with the 

lowest error were the Multilayer (MLP), Radial Basis Function (RBF), and Partially 

Recurrent topologies.

Table 4.2 Error calculation for different network topologies
Topology of ANN

Multilayer Perceptron
Generalized Feedforward
Modular NN
Jordan / Elman Network
Principal Component Analysis (PCA)
Radial Basis Function Network
Self-organising Feature Map Network
Time-Lag Recurrent Network
Partially Recurrent Network

Overall prediction error (%)
5.26
8.63
7.17
6.06
9.78
5.55
8.98
10.44
5.78

As discussed previously in Chapter II, neural networks can be categorised into 

the two broad categories of feedforward and recurrent due to the way in which the data 

is propagated through the network. Thus, it was expected that the more basic topologies 

in the two categories, the Multilayered Perceptron and Recurrent networks would show
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the greatest performance in this application. In particular, the multilayered feedforward 
network is well known for its operation in static mapping applications, as demonstrated 
by several researchers (see Chapter II). The three best networks were then investigated 
in greater detail to determine which network obtained the most accurate predictions 
once the optimal number of neurons within the hidden layer was found. As described 
previously, the identification was found through a 'trial and error' method of starting at 
the network's minimum number of neurons and then increasing the number until the 
optimal was found. Figure 4.1 shows the test data prediction error associated with 
increasing the number of neurons for all three network topologies. Table 4.3 shows the 
3 networks and the corresponding overall error (%) for their optimal number of neurons 
identified.

g
UH

Multilayered Perceptron 
Radial Basis Function 
Partially Recurrent

0
72

2 4 6 8 10 
Number of neurons in hidden layer

Figure 4.1 Optimisation of three best networks

Table 4 3 Optimisation of the 3 best network topologies
Type of ANN

Multilayer Perceptron
Radial Basis Function
Partially Recurrent

Optimal number of neurons 
in the hidden layer

3
3
7

Overall error (%)

3.38
4.97
5.73
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The results indicate that the Multilayer network trained with a backpropagation 

algorithm and a single hidden layer optimised to 3 neurons was able to represent the 

Single Gas Zone model data with the lowest overall error. A comparison of the 

predictions made by the optimised Multilayer Perceptron network and the original 

furnace model data can be seen in figures 4.2-4.4.
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Figure 4.2 Multilayer ANN predictions of heating duration for model with and
without air preheat

5 
I

1264

1262

1260

u Pi258

C/3

O
H-l

1256

1254

1252

• MM Non-preheat
• ANN Non-preheat
• MM Preheat 
ANN Preheat

0.04 0.06 0.08 0.1 0.12 
Fuel mass flow rate (kg/s)

0.14

Figure 4.3 Multilayer ANN predictions of load surface temperature for model with and
without air preheat
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Figure 4.4 Multilayer ANN predictions of fuel consumption for model with and
without air preheat

The optimised Multilayer Perceptron network was capable of making predictions 
with relatively small error, as demonstrated in figures 4.2-4.4. The load surface 
temperature predictions were performed with the least error of 0.087 %, whilst the 
heating duration was predicted with an average error of 4.24% and the fuel consumption 
5.8%. These average error values correspond to a maximum misrepresentation of 
2.57°C, 14.49 minutes and 72.71 kg respectively. Whilst the load surface temperature 
appears to be predicted with far less error than the other two parameters, it is worth 
mentioning that this is mostly due to its greater magnitude, thus the same prediction 

error appears proportionally smaller.
In almost all cases the artificial neural network predictions made for time, load 

surface temperature and fuel consumption demonstrate that the network produced better 
predictions in each condition as the fuel mass flow rate is increased. This is because the 
effects of increasing the fuel quantity on each of the three output parameters becomes 
greater and thus the ANN learns the input-desired relationships better. As the fuel 
quantity is lowered the input parameters show less variation corresponding to the 
desired and are therefore more difficult to predict accurately. The one exception is the 
preheated profile in the load surface temperature (figure 4.3). However, this 
corresponds to a very small error due to the minor alterations in surface temperature 
when compared with the other two scales of time and fuel consumption. Furthermore, 
both the load surface preheated and non-preheated results share similar profiles,
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demonstrating that the preheated profile is not necessarily predicted any worse than the 

non-preheated. In addition, the two prediction profiles draw closer together as the fuel 

quantity is increased, bringing them nearer to those of the mathematical furnace model.

In all cases the ANN predicted the non-preheat tests worse than that of the 

preheat. This means that the trained neural network learnt the relationship between the 

input and desired preheat data better than that of the non-preheat. Thus, it can be 

concluded that either the non-preheat relationship data may be more complex or that the 

network weights are slightly optimised in favour of the preheat data.

4.2.3 Simplification of Application by Segregation of Training Data

In an attempt to simplify the representation problem presented to the artificial 

neural network and thus obtain better predictions, the training data was segregated 

according to each desired output. This produced three ANNs as opposed to one, trained 

with the same quantity of the data used previously. The three new Multilayer networks 

were once again configured by trial and error, in order to establish the optimal number 

of neurons within the hidden layer. Figure 4.5 illustrates the optimisation results.

-r 0.3

Fuel Consumed (kg) 
Heating Duration (rnins) 
Load Surface Temperature (K)

Number of neurons

Figure 4.5 Optimisation of three smaller ANNs corresponding to individual output
parameters
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Table 4.4 compares the original prediction error (%) for each of the output 

vectors and the corresponding average error for the single multilayered network (used to 

evaluate it with other topologies previously) with that of the three individual network 

predictions and their corresponding average error. The results indicate that when 

comparing the individual prediction values with the original, all three outputs resulted in 

lower errors. The heating duration (hrs) and fuel consumption (kg/s) prediction error 

were slightly reduced proportionally by 6.13% and 10.17% respectively. However, the 

remaining output of load surface temperature (°C) was performed far better, achieving a 

proportionally significant prediction error reduction of 35.63%. Overall, the average 

prediction error calculated when segregating the outputs for the Multilayer network was 

reduced from 3.38 to 3.08 %.

Table 4.4 Comparison of multilayer network results for predictions with and without
segregating outputs

Multilayer 
configuration

All 3 outputs 
together

Segregated 
outputs

Optimal number 
of neurons in 
hidden layer

3

2
4
1

Multilayer output

Heating time (hrs) 
Load surface temp (°C) 
Total fuel used (kg)
Heating time (hrs)
Load surface temp (°C)
Total fuel used (kg)

Error 
(%)

4.24 
0.087 

5.8
3.98

0.056
5.21

Overall 
error (%)

3.38

3.08

The comparison of the individual output predictions made by the three optimised 

Multilayer Perceptron networks and the original furnace model data are illustrated in 

figures 4.6-4.8.
As illustrated by table 4.4 and figures 4.6-4.8, the load surface temperature 

predictions were once again performed with the least error of 0.056 %, whilst the 

heating duration was predicted with an average error of 3.98% and the fuel consumption 

5.21%. These average error values correspond to a maximum misrepresentation of 

1.34°C, 13.24 minutes and 59.67 kg respectively.
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Figure 4.6 Multilayer ANN individual predictions of heating duration for model
with and without air preheat
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Figure 4.7 Multilayer ANN individual predictions of load surface temperature
for model with and without air preheat
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Figure 4.8 Multilayer ANN individual predictions of fuel consumption for
model with and without air preheat

Once again, the neural network predictions made for time and fuel consumption 
improved as the fuel mass flow rate is increased, for the same reasons discussed in the 
previous section. Similarly, the predictions made for load surface temperature appear to 
have only partially followed the diminishing error/increasing fuel flow trend and 
demonstrate the network having learnt a slightly different relationship. Once again, this 
corresponds to a very small error due to the minor alterations in surface temperature 
when compared with the other two scales of time and fuel consumption.

On the contrary, the segregation of training data appears to have reduced the 
difference between the preheated and non-preheated profiles. In fact only the third 
prediction of fuel consumption shows the preheated profile being predicted marginally 
better. It is reasonable to assume that the decrease in the prediction error relating to the 
non-preheated profiles is as a result of the simplification in the neural network

application.
After experimenting with several neural network topologies, the multilayered 

feedforward network was capable of making predictions with the least error for this type 
of data. This was not surprising based upon the research examined previously in 
chapter II and the multilayered feedforward's renowned abilities in static mapping
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applications. Nevertheless, this topology selection process is necessary to ascertain the 

correct neural network for the task presented.

The optimisation process employed in the study formalised a good methodology 

to determine the neuron configuration that corresponds to the lowest prediction error. 

Such a methodology has been found lacking in the previous research examined. As a 

result, the multilayered feedforward network was capable of predicting the heating 

duration, load surface temperature and total fuel consumed with little error. The 

successful representation of the SGZ model has resulted in an accurate neural model 

which could be employed in an online control strategy used to manage its real furnace 

equivalent. Furthermore, this section demonstrated that segregating the training data 

presented to the ANN simplifies the task and results in lower prediction error.

4.3 Representation of the 1-Dimensional Long Furnace Model

This section concerns the artificial neural network representation of the long 

furnace model described in the previous chapter. A study into the representation of such 

a complex model has not been performed previously. The last chapter demonstrated 

that the more sophisticated Long Furnace Model originally constructed by Ward et al. 

(1999) was capable of producing more accurate results than those generated using the 

simpler Single Gas-zone Model. Furthermore, the Long Furnace Model is also capable 

of providing information relating to the spatial temperature variations within the furnace 

enclosure. Since an ANN can only be as accurate as the data it is trained with, using a 

neural network to represent such a comprehensive model should provide more accurate 

results at the same computational speed. The following subsections describe the 

representation methodology used in the study and discuss the results obtained and the 

benefits of simplifying the representation process via the segregation of training data.

4.3.1 Representation Methodology

The methodology used to represent the Long Furnace Model is similar to that of 

the SGZ model discussed in the last section with some minor differences. Once again 

the ANN software used in this study was Neurosolutions™ and the three neural
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topologies incurring the smallest prediction errors in the last section were examined to 
see which offered the best representation possible for this type of application.

The main difference in the methodology employed in representing the two 
models involved the selection of training data. The last section saw the selection of 
outlying data relating to input parameters to train the neural network representing the 
Single Gas-Zone Model, which provided a large quantity of unseen testing data. 
Alternatively, when representing the Long Furnace Model, all data not selected for 
testing purposes was inputted into the training phase of the ANN. Whilst this 
methodology offers a more accurate representation of the mathematical model due to 
the increased quantity of partially seen data, it also increased the training time 
associated with the process. However, since it is the computational speed at which 
neural networks can perform that is of particular interest to this application, the time 
taken to train the network can be considered largely unimportant. The following 
subsection describes the representation process used in the study.

Representing the Long Furnace Model
Similar to the Single Gas-zone Model, the task of representing the Long Furnace 

Model involves the generation of a static map between the input and output parameters. 
Table 4.5 illustrates the training and testing data presented to the three neural topologies 
of Multilayer Perceptron, Radial Basis Function and Partially recurrent examined in the 
previous section. The different training methodology resulted in a large increase in the 
amount of data presented to the network in the training phase. In accordance with this, 
2416 rows of data were presented to each of the three neural architectures, which were 
subsequently optimised to achieve the most effective representation possible.



Representation of Mathematical Models using Artificial Neural Networks 95

Table 4.5 Input and output vectors for the ANN representing the LFM
Input vectors

Parameter
Load feed rate 

(te/hr)

Load thickness (m)

Excess air level - 
Xs (%)

Set point 
temperature - 

TSD (°C)
Time (minutes)

Training range
6,7,8,9,10

0.0603 & 0.1 0251

2.5,5,7.5, 10

1 360 & 1400

19 & 25 time 
intervals from 0 - 

480

Testing range
Unseen conditions 

in ranges 7 & 9

0.0603 & 0.1 0251

Unseen conditions 
in range 5

Unseen conditions 
in range 1380

19 & 25 time 
intervals from 0 - 

480

Output vectors

Load top surface 
temperature 
- node 1 (K)
Load bottom 

surface temperature 
- node 1 1 (K)

4.3.2 Representation Results and Discussion

Figure 4.9 shows the error associated with increasing the number of neurons for 

all three network topologies. Table 4.6 shows the 3 networks and the corresponding 

overall error (%) for their optimal number of neurons identified.
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• Multilayer Perceptron
• Radial Basis Function
• Partially Recurrent

234567 
Number of neurons in the hidden layer

Figure 4.9 Optimisation of Multilayer, Radial Basis Function and Recurrent networks

Table 4.6 Optimisation of the 3 best network topologies
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Type of ANN

Multilayer Perceptron
Radial Basis Function
Partially Recurrent

Optimal number of neurons 
in the hidden layer

6
5
4

Overall error (%)

2.32
3.43
3.77

As Figure 4.9 and Table 4.6 illustrate, the three topologies behaved in a similar 
fashion as in the previous section with the Multilayer Perceptron slightly outperforming 
the two alternatives. The multilayered feedforward network was able to give 
predictions with an average error of 2.32%, which equates to a maximum temperature 
misrepresentation of 173.2°C. The Radial Basis Function and Partially Recurrent 

networks resulted in errors of 3.43% and 3.77%, which corresponds to a maximum 
temperature misrepresentation of 261.88°C and 281.96°C respectively. These results 
were to be expected since the ANN application is essentially the same for both the SGZ 

and LF models.
The results indicate that once again the Multilayer Perceptron network trained with 

a back-propagation algorithm and a single hidden layer optimised to 6 neurons was able 
to represent the Long Furnace Model with the lowest overall error. A comparison of the 
predictions made by the optimised Multilayer Perceptron network and the original 
furnace model data can be seen in Figures 4.10 and 4.11. Figure 4.10 illustrate a sample 
of results corresponding to 7te/hr billet feed rate and 0.0603m thickness, 5% excess air 
and a furnace temperature set-point of 1380°C, whilst 4.11 shows the same conditions 

but for the thicker billet (0.10251m).
Both figures 4.10 and 4.11 further illustrate the high level of prediction accuracy 

achieved by the MLP. The results corresponding to the 0.0603m thick billet were 

clearly predicted better than those of the 0.10252m billet. Thus, it can be concluded that 

the 0.10251m billet data was more complex than that of the 0.0603m (the effect caused 
by the mathematical model) and therefore the ANN was able to learn the input/output 

parameter relationships better for the thinner billet.
The initial start-up period was predicted exceptionally well in both cases. This is 

because the start-up region has only a small number of different possibilities governed 

by the furnace set-point temperature.
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Figure 4.10 Multilayer predictions of billet surface temperatures of thickness 0.0603m
and 7te/hr throughput using combined network.
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Figure 4.11 Multilayer predictions of billet surface temperatures of thickness 0.10251m
and 7te/hr throughput using combined network.

Once this initial phase is complete the number of profile combinations greatly 

increases as the furnace throughput becomes significant along with the set-point 

temperature.
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4.3.3 Simplification of Application by Segregation of Training Data

Similar to the previous study involving the single gas-zone model, in order to 
simplify the representation problem presented to the artificial neural network and thus 
obtain better predictions, the training data was segregated into billet thicknesses. This 
produced two ANNs trained with half quantity of the data used previously, resulting in 
1208 rows of data. The two new Multilayer networks were once again configured by 
trial and error, in order to establish the optimal number of neurons within the hidden 
layer. Figure 4.12 illustrates the optimisation results.

0.0603m Thickness 
0.10251m Thickness

0123456789 
Number of neurons in the hidden layer

Figure 4.12 Optimisation of two smaller ANNs corresponding to individual billet
thickness

As discussed previously, the data corresponding to the 0.10251m billet appeared 
to be more complex and resulted in larger prediction errors than that of the 0.0603m 
thickness. This relationship is further demonstrated by figure 4.2 where once again the 

0.0603m predictions outperform the 0.10251m.
The configurations corresponding to the least prediction error for the 0.0603m 

and 0.10251m were 4 and 5 neurons in a single hidden layer, respectively. The two 
individual networks were reduced to a smaller configuration during the optimisation 
process. Once again segregating the data used to train the neural network simplified the 
representation task and consequently resulted in lower prediction errors for both billet 

thicknesses.
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Table 4.7 compares the original prediction error for each billet thickness and the 

corresponding average error for the single multilayered network (used to evaluate it 

with other topologies previously) with that of the two individual network predictions 

and their corresponding average error.

Table 4.7 Comparison of multilayer network results for predictions of 0.0603m and
0.10251 m individually and combined

Multilayer 
configuration

Combined

Segregated

Optimal number 
of neurons in 
hidden layer

6

4
5

Load thickness 
of Multilayer 

predictions (m)
0.0603 
0.10251
0.0603
0.10251

Error
(%)

1.58 
3.06
1.02
1.88

Overall error
(%)

2.32

1.45

The results indicate that when comparing the individual prediction values with 

the original, both billet thicknesses resulted in lower errors. The segregation process 

reduced the error for the 0.0603m and 0.10251m predictions by 35.44% and 38.56% 

respectively. Overall, the average prediction error calculated when segregating the 

outputs for the Multilayer network was reduced from 2.32 to 1.45 %. Figures 4.13 and 

4.14 illustrate the representation made by the segregated neural networks.

As illustrated by table 4.7 and figures 4.13-4.14, the 0.0603m billet predictions 

were once again performed with the least error of 1.02%, whilst the 0.10251m was 

predicted with an average error of 1.88%. These average error values correspond to a 

maximum temperature misrepresentation of 51.95°C and 91.67°C respectively.

When comparing this maximum misrepresentation errors with that generated by 

the combined network (173.20°C), the improved ANN prediction capability can clearly 

be seen. Similar to the results discussed previously, the start-up period was predicted 

particularly well in both cases, whilst the remainder of the heating duration was 

predicted with slightly greater error due to the increased number of possible

combinations.
The three networks found to best suit the single-gas zone model were the 

multilayered perceptron, radial basis function and partially recurrent networks.
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Figure 4.13 Multilayer predictions of billet surface temperatures of thickness 0.0603m 
and 7te/hr throughput using individual network.

Computer Model Node 1 
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ANN Node 1 
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Figure 4 14 Multilayer predictions of billet surface temperatures of thickness 0.10251m
and 7te/hr throughput using individual network.

These were tested with the long-furnace model data and once again the 
multilayered feedforward network out-performed the two alternatives. Similar to the 
study involving the representation of the SGZ model, optimising the multilayered 
network resulted in it predicting the LFM data with little error. Once again the
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segregation and optimisation of two smaller networks resulted in a more accurate 

representation of the long furnace model.

The high level of precision in representing the more sophisticated LFM model 

has produced an accurate neural model that could be employed in an online control 

strategy, used to manage its real furnace equivalent.

4.4 Maintaining Steady State for Changes in Furnace Throughput

The last section saw the successful representation of the LFM operating under 

constant throughput conditions. Real furnace systems are often required to vary load 

throughput throughout a heating schedule. In accordance with this, this section 

investigates the use of a similar ANN to maintain steady heating conditions for changes 

in furnace load throughput. Increasing or decreasing load feed rate greatly affects the 

load surface temperature as demonstrated by the results discussed in Chapter III. Many 

furnace applications involve a maximum load surface temperature requirement limiting 

them to certain throughputs. However, it is possible to compensate for alterations to 

billet temperature using the furnace temperature set-point, i.e. increasing the furnace 

temperature whilst increasing billet feed rate can compensate for the associated billet 

surface temperature decrease. If an ANN could be trained to maintain billet temperature 

during a throughput change using the systems set-point temperature then this would 

increase the feed rate range available for such applications and reduce the need for 

human intervention.
The following subsections involve the training of an artificial neural network to 

maintain a steady billet exit temperature using the furnace's set-point temperature for 

increases and decreases in load throughput. The limitations of the ANNs used in both 

the increase and decrease studies are then explored. The same neural network is then 

employed to give predictions for conditions based upon an actual heating schedule.

4.4.1 Control of an Increase in Billet Throughput

The increase in load throughput employed in this study was from 4-»6te/hr and 

occurred at 291 minutes. The mathematical model used in this simulation was the 2-
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dimensional Long Furnace model due to its increased accuracy over the Single Gas- 

Zone model, its ability to provide spatial temperature information across the furnace 

length and the good representation results achieved and discussed in the previous 

section. Given that the Multilayer Perceptron network trained with a back-propagation 

learning algorithm has proven its ability to represent this type of data from both 

mathematical models, it was selected for this investigation also. Since the ANN is 

required to give predictions of furnace set-point temperature in order to maintain steady 

billet temperatures, additional data corresponding to several new temperature set-point 

ranges were entered into the training phase of the neural network. Table 4.8 describes 

the input and output vectors to the neural network. This combination of parameters 

resulted in 504 rows of training data and 24 rows of testing data. Similar to previous 

tests involving the Long Furnace model, all data not presented to the network for testing 

was utilised in the training phase.

Also in accordance with previous testing procedures, the Multilayer Perceptron 

network was investigated to obtain the optimum configuration and achieve the lowest 

prediction error possible. Figure 4.15 illustrates the results of the optimisation process.

Table 4.8 Input and output vectors for the ANN predicting the furnace set-point
temperature to maintain steady-state.
Input vectors

Parameter
Time (mins)

Load top surface 
temperature (°C)

Original setpoint 
temperature - 
TSP (°C)
Load throughput 
(te/hr)

Training range
24 intervals over 0- 

480 mins
Temperatures at 
time intervals in 

zone2 (discharge)
1260, 1280, 1300, 
1320, 1340, 1360 

&1380
4, 5&6

Testing range
24 intervals over 

0-480 mins
Temperatures at 
time intervals in 

zone2 (discharge)
1320

4-6

Output vectors

Furnace setpoint 
Temperature (°C)

As Figure 4.15 shows, the Multilayer Perceptron network containing 5 neurons 

in a single hidden layer achieved the lowest prediction error of 0.147%. This figure was 

calculated by comparing the predictions made by the neural network with those from a 

temperature profile experiencing no throughput change.
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Figure 4.15 Optimisation of Multilayer Network for predictions involving furnace
temperature set-point

The value 0.147% is an average error of all the predictions made and equates to a 
maximum temperature misrepresentation of 5.9°C.

Figure 4.16 shows the inlet and exit billet temperatures for the Long Furnace 
model undergoing a throughput increase from 4-6te/hr at 291 minutes. It is worth 
mentioning that the time corresponding to the points at which billet feed rate is 
increased or decreased are set to coincide with an exact billet drop approximately half 
way through the furnace duration. The results presented in figure 4.16 show that the 
optimised neural network was more than capable of accurately predicting a new 
temperature set-point to counteract the temperature drop due to the billet feed rate

increase.
Whilst the ANN control strategy makes little difference to the inlet billet 

temperatures, it was able to steady the top load surface temperature with little error. 
The first two or three predictions made after the throughput increase appear slightly too 
high. This is because the billet temperature drops sharply before stabilising at a lower 
temperature, as demonstrated by the profile without neural network intervention, and 
the neural network slightly over-compensates in this region. It is here that the largest 
temperature miss-predictions occur. After this initial over-compensation the neural 
network controlled profile stabilises throughout the remaining heating duration.
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Figure 4.16 Billet inlet and exit temperatures for feed rate increase from 4-6te/re 
occurring at 291 minutes with and without ANN controlling furnace set-point

temperature

4.4.2 Control of a Decrease in Billet Throughput

The last section saw that an optimised neural network could accurately predict 

the set-point temperature required to maintain a constant billet surface temperature for 

an increase in throughput from 4->6te/hr. This section concerns a similar task 

involving a load decrease from 6-*-4te/hr after 287 minutes. Since this application also 

involves 4 and 6 te/hr information the same network could be utilised in this study. 

Table 4.8 (seen previously) describes the input and output vectors to the neural network, 

however the testing range is 6-*>4te/hr as opposed to 4-^6.

Whilst the network trained in the previous study is ideal for this application it 

must still be optimised since the configuration process relies on the networks ability to 

give correct prediction on the test data set. Figure 4.17 illustrates the optimisation of 

the Multilayer Perceptron network trained in the previous section to correctly predict the 

6-4te/hr test data.
As Figure 4.17 demonstrates, the Multilayer Perceptron network comprising of 7 

neurons predicts the load throughput decrease data with the smallest error of 0.2%.
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Figure 4.17 Optimisation of Multilayer Network for predictions involving furnace
temperature set-point

This average error percentage relates to a maximum temperature 

misrepresentation of 5.7 °C.
Whilst the 6-Mte/hr appears to be less accurate than the 4-^6, this is most 

likely due to the decreased number of drops when reducing the billet feed rate. This 
means that the neural network has less information to be trained with in this region, 
compared with the 4-*6te/hr network. Figure 4.18 shows the inlet and exit billet 
temperatures for the Long Furnace model undergoing a throughput decrease from 6-*

4te/hr at 287 minutes.
Similar to the last section, the results presented in figure 4.16 show that the 

optimised neural network was more than capable of accurately predicting a new 
temperature set-point to counteract the temperature increase due to the billet feed rate 
decrease. Also in accordance with the last section, the set-point temperature decrease 
suggested by the ANN has a small effect on the inlet billet temperature -but not enough 

to counteract the increase effect of the throughput reduction.
Once again, the neural network prediction directly after the feed rate decrease 

ever-so-slightly over compensates for the temperature increase. However this effect is 
less than that seen in the previous study involving the throughput increase for two 
reasons. Firstly, the furnace model is able to react quicker to a reduction in the set-point 
temperature since it requires less energy and time to cool as opposed to heat.
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Figure 4.18 Billet inlet and exit temperatures for feed rate decrease from 6-4te/re 
occurring at 287 minutes with and without ANN controlling furnace set-point

temperature

Secondly the number of predictions in this region is reduced due to the manner 
in which the model adjusts the feed rate and thus the neural network is only required to 
give a prediction further towards the stabilised region of the profile. Never-the-less, the 
study involving a billet feed rate increase was predicted marginally better for the 
reasons described previously.

4.4.3 Finding where Network Fails

The last two sections saw the neural network maintain a steady billet surface 
temperature whilst the Long Furnace model underwent increases and decreases in 
throughput. This section looks at testing the neural network utilised in the previous 
sections to see how well it performs with conditions outside its training data. This 
investigation is important since it is not always possible to re-train a neural network due 
to time, cost and practicality implications. The neural network employed in the study 

was trained with data corresponding to 4, 5 and 6te/hr.



Representation of Mathematical Models using Artificial Neural Networks 107

The Multilayer Perceptron network trained with a back-propagation learning 

algorithm used previously was tested with five additional conditions. Load feed rate 

reductions from 4 to 3 and 4 to 2te/hr were presented to the network along with feed 

rate increases of 4 to 5, 4 to 7 and 4 to 8te/hr. Four of these tests would utilise the 

neural networks ability to approximate as they required knowledge of parameters 

outside its trained range. Figure 4.19 illustrates the prediction error of these five new 

testing conditions along with the original 4-»-6te/hr results.

-r 30
Ave prediction error (%) 
Max billet temp error f'C) 
Min billet temp error (C)

4-2 te/hr 4-3 te/hr 4-5 te/hr 4-6 te/hr 4-7 te/hr 4-8 

Figure 4.19 Testing the Multilayer Perceptron's ability to approximate

The error values displayed in Figure 4.19 were calculated by comparing the 

neural predictions made against the continuous 4te/hr profile undergoing no throughput

change.
The test conditions below the trained range (4 to 2 & 4 to 3te/hr) resulted in 

errors only slightly higher than those within the trained range, whilst the test conditions 

above (4 to 7 & 4 to 8 te/hr) resulted in greater errors - especially 4 to 8 te/hr. As 

discussed previously, due to the manner in which the model operates there exists less 

data corresponding to larger feed rates. This could explain the slightly higher prediction 

errors experienced during the 4 to 7 and 4 to 8te/hr feed rate changes. Moreover, the 

results discussed in Chapter III showed that the differences between billet temperatures



Representation of Mathematical Models using Artificial Neural Networks 108

become less significant as feed rate is reduced. Therefore, it is more likely that the 

neural network can continue to make accurate predictions as the feed rate is reduced. In 

parallel, this is another reason behind the increased prediction error displayed as the 

feed rate is increased in figure 4.19.

4.4.4 Control of Typical Furnace Heating Schedule

Previous sections have shown the optimised Multilayer Perceptron network to 

successfully maintain steady billet temperatures whilst the Long Furnace model 

undergoes increases and decreases in load throughput. The ability of the same network 

to make predictions for conditions outside its trained range has also been shown. This 

section looks at employing this methodology to a furnace heating schedule based upon 

real data described in work by Tucker, R.J. (1990). The results discussed in Chapter III 

demonstrated that runs above 6te/hr would produce temperature differences across the 

load in excess of 50°C. Since the majority of steel heating applications require this 

difference to be 50°C or less, the schedule throughputs employed in this study have 

been approximately halved in order to maintain appropriate load surface temperature 

differences. Table 4.9 illustrates the heating schedule.

Table 4.9 Furnace heating schedule based upon data from Tucker, R.J. (1990)
Time (minutes)

107 (post start-up)
182
210
255
289
373
409
463

Furnace throughput (te/hr)
6

break for 28 minutes
5.85
5.39
4.36

break for 36 minutes
5.2

Finish

Since the Multilayer Perceptron has proven to be ideal for this type of 

application and the majority of feed rates fall into its trained range, the same network 

was presented with the throughput details illustrated in table 4.9. The task presented to 

the ANN is to maintain the initial billet temperature of 1309°C for the changes in feed
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rate by controlling the furnaces set-point. Table 4.10 shows the suggested values made 

by the neural network in accordance with each scheduled throughput change, whilst 

Figure 4.20 shows the inlet and exit billet temperatures for the Long Furnace model 

undergoing throughput changes dictated by the schedule, with and without neural 
network intervention.

As figure 4.20 shows, the neural network performed well and was capable of 

maintaining a reasonably uniform profile in all but two prediction points. These cases 

correspond to pauses in the heating schedule (as illustrated in table 4.9) where furnace 

throughput was reduced to nothing, but heating commenced regardless.

Table 4.10 ANN temperature set-point predictions in accordance with heating schedule
described in table 4.9

Time (minutes)

107 (post start-up)
182
210
255
289
373
409
463

Furnace throughput (te/hr)

6
break for 28 minutes

5.85
5.39
4.36

break for 36 minutes
5.2

Finish

ANN temperature set- 
point predictions (°C)

1329.33
1268.52
1331.69
1328.57
1321.21
1273.31
1328.77

-

1350 T 400

100 200 300 
Time (mins)

400

-MMz2nl
-MMz2nll
-ANNMMz2nl
-ANNMMz2nll
-MMzlOnl 
MMzlOnll

-ANN MMzlOnl 
ANN MMzlOnll

Figure 4.20 Billet inlet and exit temperatures for feed rate changes in accordance with 
the schedule described in table 4.9 with and without ANN controlling furnace set- 

point temperature
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The pauses were presented as zero value (Ote/hr) to the ANN, which had not been 
previously seen in the training phase and that it evidently found difficult to map. The 

neural control strategy was capable of delivering prediction of furnace set-point 

temperature to within an average error of 0.25% for the feed rate pattern, corresponding 

to maximum temperature misrepresentation of 17.9°C which occurred at one of the 

scheduled pauses. The results indicate that the neural network clearly overcompensates 

for the scheduled pauses, resulting in temperature drops in an otherwise stable profile. 

However, the billet temperature profile is not greatly affected by the two excessive 

predictions as the results appear no worse than if the ANN had not intervened. Overall 

the results indicate that the neural network successfully controlled the mathematical 

long furnace model so that it maintained steady billet temperatures for throughput 

changes based upon real heating schedule data.

This section has shown that a similar artificial neural network to that employed 

to represent the long furnace model can sufficiently respond to increases and decreases 

in furnace throughput and maintain steady heating conditions. It has also shown that the 

same network can also successfully manage several increases and decreases in furnace 

throughput in the form of a real heating schedule.
Since real furnace systems often vary their load throughput in the form of a 

schedule, this work was a necessary step before such a neural control system could be 
developed in an actual online control strategy. The limitations in the employed 

networks ability to provide successful predictions have also been shown. The neural 
network's ability to extrapolate with feed-rate decreases below its trained range was 

demonstrated with little more error than that within. Whilst the tests involving increases 
above its trained range were predicted with slightly higher errors, overall the network 

still performed well. This work demonstrates the ability of ANNs to extrapolate and 

cope with new conditions, making them even more attractive in online control 

applications.
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4.5 Conclusions

The successful representation of both models has resulted in accurate neural 

models which could be employed in an online control strategy used to manage their real 

furnace equivalents. Such work has not been performed previously involving more 

complex mathematical models. The long furnace neural model has also proven its 

ability to maintain steady heating conditions for a throughput pattern based upon a real 

furnace heating schedule. The next logical stage in this study would involve the actual 

implementation of a suitably trained and optimised ANN in an online furnace control 

system. However, this next step is beyond the scope of this project and can be 

considered as further work in a separate study.

This chapter has also demonstrated a successful methodology in selecting the 

correct ANN topology and optimising its configuration for each specific application. 

Furthermore, in both studies involving the representation of the mathematical models, 

tests involving the segregation of training data have resulted in lower prediction errors. 

The adoption of smaller neural networks appears to yield better prediction results as it 

simplifies the representation task presented to the ANN.



CHAPTER V
Experimental Measurements on a 

Compact Heat Exchanger

This chapter is concerned with the procedures used to gather data from a compact heat 

exchanger system. The first section presents a brief introduction to heat exchanger 

principles and the different types of exchanger design that exist. The chapter continues 

by describing the construction and operation of the heat exchanger system and the 

methods used to record system information. The results of the various heat exchanger 

experiments are displayed and subsequently discussed. The closing section in this 

chapter concerns the conclusions drawn from the experimental testing results obtained.

112
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5.1 Introduction - The Principles of a Heat Exchanger Device
This section introduces the topic of heat exchangers and describes their 

operation and construction from first principles. A heat exchanger can be defined as a 
device used to transfer thermal energy between two or more fluids at different 
temperatures. Figure 5.1 demonstrates the principles of a basic heat exchanger device. 

TI,J and TI.O are the respective inlet and outlet temperatures of the first stream, whilst T2 ,i 

and T2,0 are the inlet and outlet temperatures of the second stream.

T2 ,o

Ti,o Heat Exchanger 
System

T2 ,i 

Figure 5.1 The principles of a basic heat exchanger

In accordance with the arrangement presented within this study, the two 
exchange streams correspond to water/antifreeze mixture and air. The following 
subsections describe the different classifications of heat exchanger design that exist and 

examines the heat exchanger device employed in this study.

5.1.1 Heat Exchanger Design
Heat exchangers are commonly employed in a variety of industrial applications, 

such as preheating combustion air supplied to furnace burners, heating and air
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conditioning, and chemical and food processing. However, simple heat exchange 

devices are also present in everyday life, for example domestic hot water radiators and 

car cooling systems. Heat exchanger designs vary considerably and several different 

types are commercially available. These designs are normally classified with respect to 

three different flow arrangements.

The first, most basic, arrangement is that of Parallel-flow. In this system the two 

fluids enter at the same end of the system, flow in the same direction and also exit the 

device together at the system output. This layout is also referred to as co-current flow. 

In the second, a Counter-flow arrangement, fluids enter and leave at opposite ends of 

the heat exchanger device, thus flowing in opposite directions. This arrangement is 

usually considered more efficient since there exists a greater temperature difference 

between the two exchange fluids over a larger area and therefore slightly shorter tube 

lengths can be used to achieve the same performance as the parallel systems.

The third class of flow arrangement differs from both the parallel and counter- 

flow systems in that the two exchanger fluids flow at right angles to each other. This 

configuration, known as Cross-flow, is generally considered just as efficient as the 

counterflow arrangement depending on the application. In addition to these three basic 

configurations, a Multi-pass classification also exists composing of combinations of the 

previously described flow arrangements and with multiple stream passes. Using the 

shell-and-tube exchanger as an example, the flow arrangements can be both counter- 

flow and cross-flow and multiple tube and shell passes can be employed, creating an 

even more complex flow arrangement. A more detailed introduction to different heat 

exchanger designs can be found in Chisholm, (1980).

5.1.2 Heat Exchanger Employed within this Study

The heat exchanger used in the experiment was a compact heater matrix from a 

Ford XR3i engine cooling system. Compact heat exchangers are those devices which 

have a high heat transfer surface area to volume ratio. This ratio, sometimes called the 

"surface area density", refers to the heat transfer area on one or other side of the 

exchanger. Somewhat arbitrarily, it is often specified that compact designs have a 

surface area density greater than 700m2/m3 . The surface area density of the heat 

exchanger employed in this study was 1100m2/m3 . Compactness matters in applications 

where size and weight are important, e.g. land and air transport, refrigeration and air
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conditioning. Moreover, compact designs are employed for gas-gas heat exchange 

where a large heat transfer area is required because of the low heat transfer coefficients 

associated with the gas flows. These types of heat exchanger are commonly produced 

with the addition of fins to the heat transfer surface, increasing surface area and 

promoting superior heat transfer. Figure 5.2 illustrates a schematic representation of the 

device.

55mm
274mm

945 fins per meter

Figure 5.2 Schematic of the experimental heat exchanger

The compact heat exchanger employed in this study comprised of dimensions 

0.136m tall x 0.274m long x 0.055m wide. The device comprised of a fin ratio of 945 

fins per meter and eight tube passes. The tube side fluid used was a heated mixture of 

water and antifreeze (Ethylene Glycol). The other exchange fluid was ambient air, 

which passed over the hot tube collection in a cross-flow arrangement. Ta,i and Ta-0 are 

the respective inlet and outlet temperatures over the air stream, whilst Tw>i and Tw,0 , 

similarly, are temperatures of the water stream.
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There are a number of different heat exchanger designs available, varying in size 
and heat transfer performance. For design purposes it is important to select the correct 

unit for each specific application. The device employed in this study is a compact 
cross-flow heat exchanger. Its tube-side fluid is a heated mixture of water and 
antifreeze, the other ambient air.

5.2 The Heat Exchanger System
This section describes the construction and operation of the heat exchanger 

system employed within this study. The objective of this experimental study was to 

gather performance related data from the compact heat exchanger in order to train an 
artificial neural network to represent the device. The first part of the study involved the 

simulation of realistic operating conditions for the compact heat exchanger. This 
entailed the addition of antifreeze to the water stream and maintaining a high 

temperature without boiling. The inlet liquid temperature and flow rates of both 
streams were varied to investigate the effect of different antifreeze concentrations on the 

overall heat exchanger performance, at different operating conditions. For the second 

part of the study an obstruction was inserted into the air stream to simulate an 
impediment such as a dampening valve or perhaps a faulty air duct in typical heat 

exchanger applications. Such an obstruction to the airflow can also be analogous to 
fouling. This common occurrence in heat exchangers is described in greater detail in 

chapter 6. The airflow obstruction consisted of a range of steel plates inserted directly 
up-stream of the heat exchanger. Similar to the last set of testing conditions, the inlet 
liquid temperature and flow rates of both streams were varied to investigate the effect of 

different airflow obstructions on the overall heat exchanger performance, at different 

operating conditions. The final part of this study concerned the collection of data 

corresponding to previously non-experimented conditions. This range of data could 

then be used to test the artificial neural networks ability to represent the heat exchanger

system.
The following subsections discuss the experimental arrangement of the heat 

exchanger system and the temperature monitoring system used to record information.
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5.2.1 Experimental Arrangement

To ease the explanation of the experimental arrangement, the details to this 
section are split into their respective fluid streams, the hot water circuit and the cold air 
stream. Figure 5.3 schematically illustrates the entire constructed heat exchanger 

system and the physical apparatus is displayed in Figure 5.4.

The Water and Antifreeze Circuit

The hot water and antifreeze circuit begins in an insulated reservoir illustrated in 
both figures 5.3 and 5.4. The temperature is controlled in this reservoir by two 3kW 
immersion heaters and an on/off set point controller. It is worth mentioning that a 
single emersion heater was not powerful enough to maintain the high temperature 
required for this application. Initial experiments found that a single heater could only 
maintain a temperature between 50 & 60°C when the water mass flow rate was 
increased to 0.099kg/s or higher. To overcome this obstacle a second emersion heater 
was added to the system. The first heater remained active constantly, whilst the second 
was managed by the set-point controller. This dual heat configuration successfully 
maintained the desired temperature in the water reservoir.

The heated mixture was then pumped through a rotameter, which displayed the 
volumetric flow rate of the hot stream. The mixture continued into the heat exchanger 
device, where it was cooled by the cross-flowing air stream. The cooled mixture then 
returned to the original reservoir to complete the liquid circuit.

As mentioned previously, different concentrations of antifreeze were introduced 
to the hot water stream, in order to replicate typical heat exchanger application 
conditions. The recorded rotameter flow rate of the hot liquid stream was corrected for 
the different density of the water mixture compared with that of water alone. The 
increase in density was easily calculated by applying the same ratio to the two fluid 
densities as that found between the two fluid volumes. The addition of ethylene glycol 
also had an effect on the thermodynamic properties of the water mixture by decreasing 
its specific heat capacity. This decrease in specific heat caused by adding volumes of 
antifreeze to water is a more complex relationship and was therefore required to be 
found from reference tables (Texaco Inc. 1998). Figure 5.5 demonstrates this 

relationship by illustrating the effect of increasing the level of antifreeze concentration 

on the specific heat capacity of the changing mixture.
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The Air Stream

The air stream passing through the heat exchanger device was produced via a 

O.lm /s fan located at the front end of the experimental apparatus, as illustrated by 

Figure 5.3 (from right to left). The velocity of the air stream could be controlled by the 

addition of a dampening shutter to the fan air intake. The cold airflow was directed 

towards the heat exchanger device by a honeycomb shaped flow straightener.

The honeycomb helped to maintain a straight air stream flow, promoting greater 
heat transfer and steadier sensor readings. Once through the flow straightener, the air 

passed through the heat exchanger, where it was heated by the tube side hot water 

mixture. A second flow straightener was placed downstream of the heat exchanger to 

smooth and direct the airflow towards the orifice plate. All tubular ducting sections 

downstream from the heat exchanger were lagged to inhibit the conduction of heat to 

their surroundings. The air stream then passed through the orifice plate to determine its 

mass flow rate, and was subsequently expelled to atmosphere.

The Orifice Plate

The airflow measurement system was constructed in accordance with the British 

Standard EN ISO 5167-1 BSI 02-1999 concerning measurement specifications of 

different flow restriction devices. The orifice plate was comprised of internal (d) and 

external (D) diameters 108mm and 140mm, respectively. These measurements resulted 

in an orifice diameter ratio (d/D) of 0.771. The pressure tapping upstream of the device 

was the same as duct pipe diameter (D), whilst the tapping downstream was half the 

upstream value (D/2 = 70mm), as illustrated by Figure 5.3. The pressure difference 

across the two tappings was observed on an inclined manometer. The readings obtained 

were multiplied by a factor related to the manometers inclination (0.05). For the 

purposes of this study, the manometer was set at its most sensitive angle to enable 

recording the pressure difference (millimetres of water) with the least error.

The compartment containing the heat exchanger was rectangular rather than 

cylindrical. Whilst this did not alter the diameter of duct greatly (i.e. <0.5D) it had to be 

taken into account. The irregular duct section, along with the stream pockets caused by 

the temperature sensors resulted in the requirement of specific lengths of duct before 

and after the orifice plate. For an orifice device of diameter ratio 0.8 with the conditions 

discussed, 2.1m (15D) and 0.56m (4D) of cylindrical ducting was required before and
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after the plate, respectively. In accordance with this, these lengths were positioned 
before and after the orifice plate.

Whilst it is not a necessary part of the standard to include airflow rectification 
into a system such as this, it is suggested for less turbulent flow readings. As mentioned 
previously, honeycombed flow straightener was inserted upstream of the measuring 

device.

Air Stream Obstruction

Some testing conditions involve a maldistribution of the air stream via a range of 
steel plates inserted directly in front of the heat exchanger. The insertion of an 
obstruction into the air stream increases the airflow rate through the uncovered portion 
of the heat exchanger producing a higher heat transfer rate and, thus, a lower 
temperature at this section. However, the obstructed region is subject to a recirculation 
effect of air previously transmitted through the exchanger. This recirculation effect 
causes a reduction in heat transfer, due to similar fluid stream temperatures, causing an 
increase in temperature in the obstructed region. Figure 5.6 illustrates the 
maldistribution conditions imposed on the airflow stream by an obstruction plate 
covering 50% of the heat exchanger. Figure 5.7 shows the physical apparatus 
arrangement.

Heat Exchanger

0.051-0.089kg/s 
air mass flow rate

Figure 5.6 Effect of a 50% airflow obstruction
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Figure 5.7 The constructed airflow obstruction system

5.2.2 Data Acquisition

To determine performance of the heat exchanger unit the inlet and outlet 

temperatures and mass flow rates of both streams must be recorded (Figure 5.1). In the 

hot water and antifreeze stream temperature sensors were placed directly in the inlet and 

outlet piping of the heat exchanger to record the temperature drop as the hot stream is 

cooled. The sensors used to monitor the temperature were NTC (negative temperature 

coefficient) 2322 633 83103 high temperature thermistor sensors from BC components. 

The same sensors were used to monitor temperature change about the cold air stream. 

The thermistor sensors were positioned 1cm after both flow straighteners to record the 

air temperature increase across the heat exchanger. Furthermore, two similar thermistor 

sensors were also inserted at 20cm intervals after the heat exchanger, between the 

downstream flow straightener and orifice plate ducting. These additional sensors were 

inserted to provide information relating to any temperature drop across the insulated 

ducting leading to the orifice plate. Finally, a similar thermistor was also employed to
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monitor the air temperature as it was expelled through the orifice plate and exited from 
the entire system.

In order to obtain a more comprehensive view of the internal heat transfer within 
the heat exchanger, a transversing arm was fastened 5mm downstream from the device. 

The arm suspending a vertical array of eight NIC 2322 633 83103 thermistor sensors 

designed to sweep across the device face. The transversing mechanism consisted of a 
stepper motor (accurate to 1.8° per step) which controlled the movement of the 

vertically mounted thermistor array suspended. Figure 5.8 displays the transversing 
array mechanism, whilst figure 5.9 displays a schematic of the array itself.

To obtain an accurate temperature reading the array paused at 10 intervals of 
2.7cm across the device face. Due to the accuracy of the stepper motor this interval 

value was subject to +/- O.lmm error. A total of 80 readings were gathered across the 
heat exchanger for each test producing a detailed picture of the heat exchanger in 
operation. Figure 5.10 illustrates a flow diagram of the control procedure for the 

transversing thermistor array.

Figure 5.8 The constructed transversing mechanism
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Mechanism attachment

Array of 8 

Thermistors

Connecting wires

Thermistor sensor 
NTC 2322 633 83103

Figure 5.9 The constructed transversing array
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Move Arm 
1 Iteration

Figure 5.10 Flow chart of data acquisition process
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The following subsections describe the sensors used to monitor temperatures about 

the heat exchanger system and their calibration, the data acquisition process and the 

different testing conditions used in the study.

Temperature Sensors and Calibration

The NTC 2322 633 83103 sensors had a small cross-sectional diameter of 1.8mm, 

giving them the advantage of minimal interference with flow streams. The sensors were 

also capable of rapid response times (approximately 10 seconds) and could operate over 

a wide temperature range (-40 to +200°C). Typical areas of application for these 

sensors include: domestic appliances, automotive systems and industrial processes. As 

mentioned previously, these sensors have a negative temperature coefficient, causing 

their resistance to decrease as temperature increases. More specific reference data can 

be found in appendix C.

For each set of monitoring conditions, the system was allowed to stabilise before 

readings were taken. When considering the inlet and outlet stream measurements, the 

speed at which the sensors stabilised was of little significance. However, a rapid 

response was required to provide an accurate temperature recording for each interval of 

the transversing array. Each sensor had a thermal time constant of 6 seconds. This 

means that each sensor required 6 seconds to reach 63.2% of the temperature being 

measured. As mentioned previously, the overall response time to reach any point within 

the calibrated temperature range was around 10 seconds. The transversing array was 

configured to pause for 60 seconds to ensure accurate results were obtained.

Thermistor Calibration
The data acquisition board had an operational range from -5 to +5 volts. The 

required temperature range was between 10 and 90 °C. The entire voltage range was 

used to express the required temperature scope, in order to obtain the most accurate 

reading possible. The actual operating temperature ranged from approximately 21°C 

(ambient) to 80°C, due to losses in the hot water and antifreeze stream causing a 

reduction in temperature of 8-10°C. in accordance with this, a temperature 'buffer' of 

10°C was allowed around the maximum expected values to ensure the complete range 

was covered.
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The thermistors used to monitor the heat exchange apparatus were calibrated 

individually in an environmental chamber along side a platinum resistance probe. The 

probe was accurate to 0.1°C. The temperature-resistance characteristics of the 

thermistor sensors employed in the experiment were not linear, as demonstrated via the 

temperature gradient curve in figure 5.11 (the data for which was provided by the 

sensor's supplier). The thermistor voltage signal was amplified before being channelled 

into the data acquisition card. Each sensor amplifier had adjustable gain and offset 

resistances, thus individual calibration was possible in a medium where all sensors were 

exposed to equivalent temperatures. Figure 5.12 details the temperature-voltage 

characteristics of the thermistors calibrated.

Data Acquisition and Control

A total of 14 thermistor sensors were applied to the system to monitor its 

performance. These temperature signals were amplified before being converted and 

recorded, (Figures 5.13 & 5.14) by a dual operational amplifier (LM358).

The circuit displayed in figure 5.14 allowed the quantity of signal amplification 

(or gain) to be adjusted via a 100k variable resistor. The circuit also contained a second 

variable resistor of similar magnitude to alter the signal offset. These two adjustments 

enabled the correct circuit configuration to obtain the required experimental temperature 

range. The circuit also contained a low pass filter, which attenuated the signals high 

frequency range. This reduced the background noise interfering with the temperature 

signal being passed to the second amplifier (B). The first amplifier (A) acted as a buffer 

and isolated the filter to prevent the second amplifier from affecting the filtering 

characteristics.
The commercial acquisition software Labview™ by National Instruments 

operated the data acquisition card and was responsible for interpreting the temperature 

signals into temperature values online. The acquisition software also controlled the 

transversing array by means of a small stepper motor and sealed control unit, and also 

saved the recorded temperature values to an ASCII file for storage. Figure 5.15 

illustrates the entire data acquisition and control process.
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20 40 60 
Temperature (°C)

80 100

Figure 5.11 Resistance-temperature characteristics for NTC 2322 633 83103 thermistor
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Figure 5.12 Temperature-voltage calibration of NTC 2322 633 83103 thermistor
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Figure 5.13 The LM358 Dual Operational Amplifier
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Figure 5.14 Circuit Diagram
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Figure 5.15 Data acquisition and control process
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Testing Parameters

In accordance with the experimental objectives, three series of tests were applied 
to the heat exchanger system. The first test examined the initial performance of the heat 
exchanger system and the effect of different antifreeze concentrations. The second test 
investigated the effect of a 33 and 50% air stream obstruction to the original conditions. 
The third test provided data corresponding to previously non-experimented conditions. 
This range of data was then used to test the artificial neural networks ability to represent 
the heat exchanger system. The entire range of testing conditions involved 
combinations of the following parameters:

Table 5.1 Testing parameters
Parameter

Water & antifreeze set-point temperature (°C)
Air mass flow rate (kg/s)

Water & antifreeze mass flow rate (kg/s)

Antifreeze cone. (%)
Air stream Obstruction (%)

Value
80&90

0.0548,0.0613,0.0671,0.0725, 
0.0775, 0.0822, 0.0867, 0.0909, 0.0949
0.033, 0.05, 0.066, 0.083, 0.99, 0.1 16, 

0.133,0.149,0.165
0, 10,20,30,40

0,16.5,33,41.5,50

The detailed construction of the heat exchanger system was explained in this 
section. The entire apparatus was built to British Standard specification regarding 
correct flow measurement. The method of data acquisition was also described. Several 
temperature readings were recorded throughout the heat exchanger system by calibrated 
thermistors. These included the air and water inlet and outlet temperatures in particular. 
The mass flow rates of both fluids were also continuously recorded. The measurement 
of these parameters is necessary to perform a complete analysis of the heat exchanger
system.

Information was also recorded for several testing conditions involving a series of 
water and air flow rates and different quantities of antifreeze concentration and air 
stream obstruction.
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5.3 Experimental Results and Discussion

This section demonstrates and discusses the experimental results achieved 

during system testing. A series of data was obtained from the experimental conditions 

displayed in the previous section. Once the heat exchanger system had reached steady 

state, the 14 temperature sensor readings were recorded electronically through the data 

acquisition program. The other parameters, including: water and air mass flow rates, 

levels of antifreeze concentration and air stream obstruction, were noted manually from 

the system measuring devices.

Section 5.2.1, details that the mass flow rate of the water and antifreeze mixture 

was corrected before each test to incorporate the increase in antifreeze concentration, as 

this reduced the fluids specific heat capacity and increased its density. Furthermore, the 

densities and specific heat capacities of both fluids were also affected by temperature. 

An increase in either fluid temperature resulted in a decrease in density and specific heat 

capacity. However, the water mixture was affected to a greater degree than the air 

stream. These relationships were taken into account during the data acquisition and 

subsequent analysis phases of this experiment.
The following subsections discuss the validity if the results obtained and the 

effects of varying several of the testing parameters, including water and air mass flow 

rates, antifreeze concentration and air stream obstruction.

5.3. 1 Validity of Data Collected

Performing an energy balance between the two calculated heat transfer rates is a 

good indication as to the degree of success in the monitoring and interpretation of the 

data collected from the heat exchanger system. The heat transfer rate (Q) of both the air 

stream and water mixture is given by the equation.

Q =

Where:

M = Mass flow rate of either stream.

Cp = Specific heat capacity of either stream

AT= Change in temperature across either stream.
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Since all the energy removed from the hot water stream should have been 

transferred to the cold air stream (energy in = energy out) an energy balance across 

could be performed about the system. Thus:

*- air^ p,air air water p,water water

In accordance with this, the heat transfer rates for both streams should be equal. 

Figures 5.16-5.20 compares the heat transfer rates both streams for all test conditions.

As figures 5.16-5.20 demonstrate, practically all the test conditions fall between 

the 5% error bars. This indicates that both stream calculations appear in good 

agreement with one another. However, the results corresponding to test conditions with 

an air stream obstruction appear slightly worse than those with no obstruction. This is 

most likely due to the stream fluctuations experienced by the air stream via the 

obstruction.

1.5 2 2.5 3 3.5 
Q H20/Antifreeze mixture (kW)

Figure 5.16 Results of Test 1, showing all antifreeze concentrations for no air-stream
obstruction
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1.5
1.5 2.5 3.5 

Q H20/Antifreeze mixture (kW)
* 10% afc • 30% afc

1 1.5 2 2.5 3 3.5 
0 H20/Antifreeze mixture (kW) 
f*0% afc • 20% afc A 40%afcl

Figure 5.17 Results of Test 3, showing all Figure 5.18 Results of Test 2, showing
antifreeze concentrations for 16.5% air- all antifreeze concentrations for

stream obstruction 33% air-stream obstruction

3.5 i

3------------------/-J&J----

1.5 to

5% error

1.5 2 2.5 3 3.5 
Q H20/Antifreeze mixture (kW)

• 10% afc • 30% afc

1 1.5 2 2.5 3 3.5 
Q H20/Antifreeze mixture (kW)

0% afc • 20% afc A 40% afcl

Figure 5.19 Results of Test 3, showing all Figure 5.20 Results of Test 2, showing
antifreeze concentrations for 41.5% air- all antifreeze concentrations for 50%

stream obstruction air-stream obstruction

5.3.2 Effects of Varying Water Mass Flow Rate

Figure 5.21 illustrates the inlet and outlet temperatures of the two streams, for all 

possible test conditions involving different combinations of stream flow rates, discussed 

previously in Table 5.2. The first thing to notice when studying figure 5.21 is that the 

water (Sensor TO) and air (Sensor T2) inlet temperatures fluctuated slightly during the 

testing procedure. As mentioned previously, the reservoir leading to Sensor TO was
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controlled using an on/off set-point controller that performed to an accuracy of 1°C. 
This explains the small fluctuations in the water sensor temperature. The air inlet 
temperature was atmospheric and fluctuated naturally throughout the period of testing.

As shown in figure 5.21, sensors Tl and T13 (the water and air outlet 
temperatures respectively) exhibit a similar trend in that as the mass flow rate of water 
is increased (0.033-0.165kg/s), both outlet temperatures increase also. This 
demonstrates that more heat energy is being removed from the hot water stream by the 
passing air stream, resulting in a high air exit temperature profile. However, this 
increase is more than offset by the total increase of thermal energy in the water stream 
due to its flow increase, thus the output temperature of the water is increased also.

Figure 5.22 demonstrates the effects of increasing the mass flow rate of water on 
the heat exchanger performance. The effectiveness of a heat exchanger is a good 
indication to how well it performs since in compares the device's thermal output with 
its theoretical maximum. Furthermore, the number of transfer units (NTU) is widely 
employed in a similar manner as an indication of heat exchanger performance. The 
number of transfer units can also be used in accordance with the effectiveness of a heat 
exchanger to calculate its heat transfer surface area. Sample calculations for 
effectiveness and the number of transfer units (NTU) for this heat exchanger can be 
found in appendix D.

Figure 5.22 also shows that the effectiveness of the heat exchanger and the 
number of transfer units both increase as the mass flow rate of the water stream is 
increased. As described in Appendix D, the effectiveness of this heat exchanger is a 
product of the temperature increase across the cold air stream over the difference 
between the inlet temperatures, i.e.:

£ =

Therefore, the magnitude of effectiveness is dependant on the air exit 
temperature, which is an indicator of how much heat energy has been transferred. Since 
an increase in the water mass flow rate causes an increase in the temperature difference 
across the air stream, this produces a corresponding increase in the heat exchangers 

effectiveness.
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0.85

0.165kg/s water 
0.133kg/s water 
0.099kg/s water 
0.066kg/s water 
0.033kg/s water 

X 0.0949kg/s air 
o 0.0867kg/s air 
A 0.0775kg/s air 
D 0.067 Ikg/s air 
o 0.0548kg/s air

1.2 1.3 1.4 1.5 1.6 
Number of transfer units (NTU)

1.7 1.8 1.9

Figure 5.22 Effect of various water and air mass flow rates on heat exchanger
performance.

The number of transfer units is also dependent on the temperature change of the air 
stream, however, it is also related to the log mean temperature difference of the system 

(ATm), i.e.:

NTU=

Fx- (TO-T13)-

In
~(TO-

(Tl-

(Tl - T2)
T13)
-T2)

Where:
F = Correction factor for a single-pass, cross-flow heat exchanger with both fluids

unmixed.

An increase in water mass flow rate has a negligible effect on the systems log 
mean temperature difference. Therefore, since an increase in water mass flow rate 
results in an increase in the temperature difference about the air stream, this corresponds 

to an increase in the number of transfer units.
Furthermore, figure 5.22 shows that the amount in which both the effectiveness 

and NTU increase becomes less as the mass flow rate of water is increased. As figure
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5.21 shows, whilst the two stream exit temperatures increase in accordance with the 

water mass flow rate, the effect becomes less with each flow increase. As a result, the 

amount of which the profiles of Effectiveness and NTU increase is reduced accordingly, 

demonstrating their relationship with the stream exit temperatures.

5.3.3 Effects of Varying Air Mass Flow Rate

Figure 5.21 also shows that as the air mass flow rate increases (0.0548-0.0949 

kg/s) both stream exit temperatures (Tl and T13) decrease, with the exception of two 

test conditions where the water inlet temperature was significantly higher than previous 

tests causing an increase in both stream exit temperatures. As the mass flow rate of air 

is increased more thermal energy is being removed from the water stream, causing its 

exit temperature to decrease. Whilst the total energy absorbed by the air stream has 

increased, the amount of energy per unit mass (kg) has decreased overall, resulting in a 

lower air exit temperature.

Along with the water mass flow rate, figure 5.22 also shows the effect of 

increasing the air mass flow rate on the performance of the heat exchanger system. The 

curves corresponding to each of the water mass flow rates are constructed using the data 

collected at the different air mass flow rates. In contradiction to the effects of 

increasing the water mass flow rate, an increase in air mass flow corresponds to a 

decrease in both effectiveness and the number of transfer units. This is in accordance 

with the stream exit temperature decrease observed in figure 5.21. A decrease in the 

temperature change experienced by the air stream results in a reduction in both the 

effectiveness and number of transfer units.
Furthermore, the figure demonstrates that this decrease becomes less as the air 

mass flow rate is increased. This is to be expected due to the similar manner in which 

the stream exit temperatures decelerate with each increase in the air mass flow rate. 

However, this deceleration appears to be only present at the lowest water mass flow rate 

series of tests. Subsequent testing was subject to greater stream inlet fluctuations 

causing this effect to occur to a lesser extent. As a result and in accordance with the 

stream exit temperatures illustrated in figure 5.21, the remaining profiles in figure 5.22 

demonstrate a more uniform dispersion.
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5.3.4 Effects of Antifreeze Added to the Heating Fluid

As mentioned previously, the addition of Ethylene Glycol (antifreeze) 
significantly alters the properties of the hot water stream by increasing its density and 
reducing the fluids specific heat capacity (figure 5.5). This reduction in specific heat 
capacity results in lowering the energy transferred from the water stream to the passing 
air stream. Thus, the performance of the heat exchanger is reduced as the level of 
antifreeze concentration is increased. Figure 5.23 illustrates the effect of increasing the 
concentration of antifreeze from 0 to 20% and then to 40% on the heat exchangers heat 
transfer performance (UA), for each mass flow rate of water and a constant air mass 
flow rate of 0.0775kg/s.

0.13

0% Antifreeze 
20% Antifreeze 

e—40% Antifreeze 
o 0.033kg/s water 

0.066kg/s water 
0.099kg/s water 
0.133kg/s water 
0.165kg/s water

0.06
0.02 0.04 0.06 0.08 0.1 0.12 0.14 

Water mass flow rate (kg/s)
0.16 0.18 0.2

Figure 5.23 Effect of increasing antifreeze concentration on the heat exchangers heat 
transfer performance for each mass flow rate of water and a constant air mass flow

rateof0.0775kg/s

The heat transfer performance of a heat exchanger is a product of the overall 
heat transfer coefficient and surface area of the device. The majority of heat exchanger 
design considerations involve the thermal duty and size of a unit. The overall heat 
transfer coefficient (U) combines the heat transfer coefficient of the two exchange fluids 
with the thermal conductivity of the heat exchanger tubes. Since the overall heat
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transfer coefficient is specific to each device and each combination of exchange fluids, 
it gives an indication to the degree of performance that can be expected from a heat 
exchanger. When combined with the type of heat exchanger, the heat transfer surface 
area (A) specifies the size of the unit. Both these parameters are key factors in the 
design and selection of heat exchanger devices. Sample UA calculations can be found 
in appendix D.

As figure 5.23 clearly shows, an increase in the level of antifreeze concentration 
results in a lower heat transfer performance at each of the water mass flow rates. This 
was to be expected when considering the effects of increasing antifreeze concentration 
on the fluids specific heat capacity (figure 5.5). Decreasing the water mixtures specific 
heat capacity decreases the amount of energy required for it to reach the reservoirs set- 
point temperature. Thus, the hot water stream contains less energy to be transferred to 
the cold air stream. Furthermore, the effect of an increasing the antifreeze concentration 
from 0-20% is significantly less than that associated with an increase of 20-40%. Once 
again, this is in accordance with the reduction in the water mixtures specific heat 
capacity. Figure 5.24 further illustrates the effect of these increases in antifreeze 
concentration on the performance of the heat exchanger, for each mass flow rate of 
water and a constant air mass flow rate of 0.0775kg/s.

40% Antifreeze 
20% Antifreeze 
0% Antifreeze 
0.033kg/s water 
0.066kg/s water 
0.099kg/s water 
0.133kg/s water 
0.165kg/s water

NTU (UA/Cmin)

Figure 5.24 Effectiveness vs NTU for 0, 20 & 40% antifreeze concentration with 0% 
air stream obstruction, for each mass flow rate of water and a constant air mass

flow rate of 0.0775kg/s
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Similar to figure 5.23, figure 5.24 demonstrates that increasing the antifreeze 

concentration from 0-20% reduces the heat exchangers performance. In accordance 

with this its effectiveness and the number of transfer units decrease. Furthermore, 

figure 5.24 also shows that this effect becomes greater when the level of antifreeze was 

increased to 40%, for the reasons described previously. Both figures demonstrate that 

the performance of the heat exchanger is increasingly reduced as the level of antifreeze 

concentration is increased.

5.3.5 Effects of Inserting an Obstruction Within the Cooling Fluid Stream

Figures 5.25 and 5.26 show the effect of a 50% obstruction to the air stream 

flowing into the heat exchanger device. Figure 5.25 shows the temperature profile with 

no obstruction and figure 5.26 shows the equivalent profile with a 50% reduction in 

airflow. The effect of the obstruction can clearly been seen between the two profiles.

Sensor 
number(3-10)

Sensor 10

Sensor

Temperature

D 70-80
• 60-70 
B 50-60
• 40-50 
D 30-40 
D 20-30
• 10-20 
HO-10

Sensor position (1-10)

Figure 5.25 Temperature Profile across the Heat Exchanger Face with no Air Stream
Obstruction
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Sensor 10

Sensor 
number(3-10) Sensor 3

Temperature

D 70-80
• 60-70 
H 50-60
• 40-50 
D 30-40 
D 20-30
• 10-20
• 0-10

Sensor position (1-10)

Figure 5.26 Temperature Profile across the Heat Exchanger Face with a 50% Air
Stream Obstruction

The temperatures behind the obstruction plate (positions 5-10) are higher due to 
the disruption in the air flowing through that portion of the heat exchanger, where as the 
remaining un-obstructed region experiences a reduced temperature profile (positions 1- 
4), due to an increase in the air flowing through that portion of the heat exchanger. 
Whilst the heat transfer rate in the unobstructed region is greater than with no air stream 
obstruction, the overall effect of the obstruction on the performance of the heat 
exchanger is negative. This is because the system is now employing a heat exchanger 
device that is essentially halved in size. Figure 5.27 demonstrates the obstructions 
effect on the heat exchangers heat transfer performance, for each mass flow rate of air 

and a constant water mass flow rate of 0.099kg/s.
As figure 5.27 illustrates, an increase in the level of air stream obstruction 

results in a significantly lower heat transfer performance at each of the air mass flow 
rates. However, the effect of an air stream obstruction from 0-33% is noticeably less 
than that associated with an increase of 33-50%. This indicates that the percentage of 
heat exchanger obstruction is not directly related to its performance, i.e. reducing the 
size of the heat exchanger exposed to the air stream has an escalating effect.
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Figure 5.27 Effect of increasing air stream obstruction on the heat exchangers heat 
transfer performance for each mass flow rate of air and a constant water mass flow

rateof0.099kg/s.

Overall, when comparing these results with those relating to increasing 

antifreeze concentration, the effect of the air stream obstruction on the heat transfer 

performance is far greater. Figure 5.28 further illustrates the effect of these increases in 

air stream obstruction on the performance of the heat exchanger, for each mass flow rate 

of air and a constant water mass flow rate of 0.099kg/s. Similar to figure 5.27, figure 

5.28 demonstrates that increasing the air stream obstruction reduces the heat exchangers 

effectiveness and decreases the number of transfer units. Also in accordance with figure 

5.27 the effect of increasing the level of obstruction has an escalated effect on reducing 

the exchanger's effectiveness and number of transfer units. In addition, the effect of 

increasing the level of obstruction appears to reduce slightly as the mass flow of air is 

increased. As discussed previously, this effect occurs independently to those 

experienced as a result of the air stream obstruction.
When comparing these results with those relating to increasing antifreeze 

concentration, both the effectiveness and NTU are affected more by the increase in air 

stream obstruction.
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Figure 5.28 Effectiveness vs UA/Cmin for 0, 33 & 50% air stream obstruction with 0% 
antifreeze concentration, for each mass flow rate of air and a constant water mass

flow rate of 0.099kg/s.

The results of the validation study performed at the start of this section 

demonstrate that the energy calculations of both streams (energy balance) all fall 

practically within 5% error bands. However, this error corresponds to the difference 

between the calculated heat transfer rates for each stream. Appendix F details a more 

comprehensive evaluation incorporating errors associated with system fluctuations and 

measurement inaccuracies. The results of this evaluation demonstrate that errors of up 

to 10.24% and 7.33% for the water and air stream respectively are possible regarding 

the calculations of heat transfer rate. However, these values are maximum error 

estimations and thus, an average error estimation would undoubtedly reduce this error

somewhat.
The analysis of the testing results has also shown how the heat exchanger

compares well with text book theory.
The results have shown that increasing or decreasing the water mass flow rate 

promotes a corresponding effect on heat exchanger performance. Whereas increasing 

and decreasing the air mass flow rate has the opposite effect. Furthermore, increasing 

both the level of antifreeze concentration and air stream obstruction has a negative
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effect on the heat exchanger performance, with the obstruction having the greatest 

impact.

5.4 Conclusions

Since almost all the data in figures 5.16-5.20 fall between the 5% error bands, it 

can be concluded that the data recorded and processed from the heat exchanger system 

can be considered accurate to within a 5% error and that both stream calculations appear 

in good agreement with one another.

The testing performed about the heat exchanger system was comprised of many 

different experimental conditions, resulting in a comprehensive system analysis. The 

information recorded during testing has provided real data with which an artificial 

neural network can be trained in order to produce a neural model of the heat exchanger 

system. The data generated from this study is different to that recorded previously since 

it contains less uniform results that that produced via the mathematical models. In 

accordance with this the task presented to the neural network is slightly more difficult, 

providing a more stringent test than the previous studies.



CHAPTER VI
Representation of 

Heat Exchanger System via 
Artificial Neural Networks

This chapter concerns a model representation of the heat exchanger system introduced 

in the previous chapter using Artificial Neural Networks. The opening section discusses 

the need for Artificial Neural Network representation of such systems. The chapter 

continues to describe the methodology used in modelling the heat exchanger system and 

discusses the results obtained. In addition, this chapter proceeds to examine the effects 

of an air stream obstruction on the performance of a heat exchanger and the ANN's 

ability to classify the level of obstruction as a possible analogy to fouling. Furthermore, 

this chapter also investigates the employment of an optimised ANN to control the heat 

exchanger system for perturbations in the tube-side fluid temperature and antifreeze 

concentration. The closing section in this chapter concerns the conclusions drawn from 

the work performed within this chapter.

145
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6.1 Introduction to Representing Heat Exchanger Systems

This section provides an introduction to representing the heat exchanger system 

using artificial neural networks. Heat exchanger systems are complex, nonlinear 

processes. Such systems can be difficult to control effectively and often much energy in 

the form of heat is wasted. If these systems were to be controlled more successfully, 

then efficiency can be increased and operational error reduced, promoting savings in 

energy and time. These savings are both financially and environmentally beneficial.

Artificial Neural Networks are employed in a variety of heat exchanger 

applications since they are more than capable of representing such nonlinear systems. 

Such applications include: performance modelling (Diaz 1996, 1999) and (Pacheco- 

Vega 2001), identification and control (Bittanti & Piroddi 1994, 1995, 1997) and (Diaz 

2001) and fault diagnosis (Hsiung & Himmelblau 1996) and (Zogg et al. 2001). These 

examples, along with other applications, are discussed previously in Chapter II.

As discussed in Chapter IV, other models of complex systems, such as those 

derived mathematically or by Computational Fluid Dynamics can result in large 

computing times. Artificial Neural Networks can compute outputs at far greater speeds, 

than either mathematical or CFD models due to the way in which they are constructed. 

It is their ability to represent nonlinear systems and the potential gains deriving from 

shorter computing times that make ANN systems an attractive alternative to more 

conventional modelling approaches.

Whilst a large quantity of work has been performed into heat exchanger 

analysis, this work typically involves standard operating conditions. No work to date 

has progressed to incorporate extra-ordinary circumstances. In addition, only a small 

amount of work has been performed into the area of fault diagnosis within heat 

exchanger systems.
ANNs have been applied to a variety of nonlinear processes. Whilst much work 

has been performed into heat exchanger analysis, none has progressed to investigate the 

more complicated operating conditions that arise on a regular basis. Thus, this chapter 

involves the representation of the heat exchanger system using artificial neural networks 

and examines the effects of alterations to tube-side exchange fluid properties and the 

insertion of different air stream obstructions on the performance of the system. Similar 

to the previous ANN work in this thesis, each study investigates the optimal neuron 

configuration that corresponds to the lowest prediction error.
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6.2 Representing the Compact Cross-flow Heat Exchanger

This section concerns the ANN representation of the heat exchanger system 

described in the previous chapter. Chapter V demonstrated the generation of real 

system data from the constructed heat exchanger system. Similar to chapter IV 

involving the representation of two mathematical models, the application presented to 

the artificial neural network in this case involves the generation of a static map between 

input and output parameters. This is because the system was allowed to stabilise 

between readings and the information gathered could be used to train the ANN offline. 

In accordance with this, the requirements of the neural network involve the learning of 

the nonlinear relationships between a series of input and output vectors and does not 

require any historical information regarding past activity. The following subsections 

describe the modelling methodology used in the study and discuss the results obtained 

and the benefits of simplifying the representation process via the segregation of training 

data.

6.2.1 Modelling Methodology

Similar to the procedure detailed in chapter IV, the ANN computer program 

used to represent the heat exchanger system was Neurosolutions™. In the previous 

study, the multilayered feedforward neural network, trained using a back-propagation 

algorithm was shown to reproduce static data with the least error. In accordance with 

these findings, an optimised multilayered feedforward network was also employed to 

represent the heat exchanger system.
Once again, input and output vectors were selected which were believed to 

represent the heat exchanger system most accurately and a minimal number of input and 

output vectors were employed, in order to produce a simple network capable of a high 

level of accuracy. The thermistor readings for the hot water and antifreeze mixture and 

cold air inlet temperatures were used as input vectors, along with both hot and cold 

stream mass flow rates. Three different ratios of water to antifreeze concentrations and 

cold air stream obstruction percentage values were also used as inputs to the network.
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The outputs vectors from the network consisted of the energy balance for the cold air 

stream and the effectiveness of the heat exchanger, calculated from the data collated. 

Table 6.1 shows the input and output vectors in more detail, quantifying the parameters. 

Similar to chapter IV, the data used in the testing process was selected via a mid- 

range combination of input vectors, so as to present the ANN with a partially seen set of 

conditions that lay within outlying parameters. 25 out of 225 sets of data were selected 

for testing purposes only.

Table 6.1 ANN input/output parameters
Input vectors

Parameter
Hot water/antifreeze 
stream inlet temperature 
(°C).
Cold ambient/conditioned 
air stream inlet temperature 
(°C).
Water/antifreeze mass flow 
rate (kg/s)

Air mass flow rate (kg/s)

Antifreeze concentration 
(%)
Air stream obstruction (%)

Training range
Sensor TO
77.3-81.5

Sensor T2 
20-24

0.033, 0.066, 
0.99, 0.133 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949
0, 20 & 40

0, 33 & 50

Testing range
Sensor TO 
77.3-81.5

Sensor T2 
20-24

0.033, 0.066, 
0.99, 0.1 33 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949
20

33

Output 
vectors

Heat transfer 
rate 

calculated for 
air stream, 
Q (kW).

Effectiveness 
of the heat 
exchanger 
related to 

input
parameters, £.

6.2.2 Modelling Results and Discussion

Similar to the optimisation process used in the modelling of the steel-reheating 

furnace, the optimal number of neurons in the hidden layer of the perceptron network 

was deduced via trial and error. The difference between the desired and actual network 

output can be expressed as an error percentage, allowing the network with the least error 

and thus the best representation to be deduced. Figure 6.1 shows the output of several 

networks varying in the number of neurons contained in a hidden layer, demonstrating 

the optimisation results.
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0 2 4 6 8 10 12 
Number of neurons in hidden layer

Figure 6.1 Optimal configuration of multilayered ANN representing heat exchanger
output vectors described in Table 6.1

As the figure illustrates, a multilayered network comprising of 6 neurons in a 

single hidden layer was able to represent the input - output vector relationships with the 

least error, (1.47%). This value is a combined prediction error of the heat transfer rate 

(1.76%) and effectiveness (1.17%). These errors correspond to average 

misrepresentation values of 0.045kW and 1.17% respectively. Figures 6.2 and 6.3 

demonstrate the optimised neural networks ability to predict the test conditions by 

comparing the results with the actual data.
As the figures demonstrate, the optimised ANN was capable of predicting the 

heat transfer rate and effectiveness of the heat exchanger system with little error. This 

was to be expected since combinations of the test data had been presented to the 

network in its training phase. However, the majority of network predictions, for both 

the air mass flow rate and effectiveness appeared slightly higher than the actual data. 

The data segregation study performed in chapter IV demonstrated that simplifying the 

representation problem can yield even better prediction results. The following section 

employs a similar methodology to this study.
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Qair ANN (kW)
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Figure 6.2 Ability of optimised multilayered ANN to represent heat exchanger output 
vector Qair described in Table 6.1, for an airflow obstruction of 33%.

0.4 0.45 0.5 0.55 0.6 0.65 

Effectiveness ANN

Figure 6.3 Ability of optimised multilayered ANN to represent heat exchanger output 
vector Effectiveness described in Table 6.1, for an airflow obstruction of 33%.
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6.2.3 Segregation of Training Data

Chapter IV demonstrates the benefits of segregating the furnace data used in the 
training process by categorising the output vectors into three clusters. These data 
clusters were then used to train three smaller networks, which resulted in an overall 
improvement in ANN representation performance. This section looks at applying the 
same methodology used in Chapter IV to the data collected from the heat exchanger 
system.

Similar to the furnace study, segregating the data gathered from the heat 
exchanger should aid artificial neural network representation in two ways; firstly, 
segregating data without removing any complete parameters (i.e. removal only of 
ranges of data, as opposed to entire vectors) can simplify the representation task 
presented to an ANN, resulting in better performance. Secondly, considering the 
removal of entire vectors, similar to the process used in Chapter IV, results in reducing 
the number of input parameters and, in some cases, the outlying spectra (i.e. the 
maximum and minimum values which act as controlling parameters). This parameter 
reduction enables smaller networks composed of fewer neurons, which has been shown 
to, again, produce better ANN representation.

In Chapter IV the training data was segregated into smaller data clusters in 
accordance with the neural network outputs. When applying the segregation 
methodology to the data collected from the heat exchanger system, the separation of 
neural network training data was achieved by isolating the data in accordance with cold 
air stream obstruction quantity (%). This resulted in three equally smaller sets of data 
for training (Table 6.2). The original data set consisted of 225 rows of data for training. 
The segregation into obstruction categories resulted in 75 rows of training data. Each of 
the smaller networks was again validated by the presentation of a section of data not 
used for training. The difference between the desired and actual network output was 
expressed as an error percentage, allowing the network with the lowest prediction error 
to be deduced. Figure 6.4 shows the output of several networks varying in the number 
of neurons contained in a hidden layer for each of the three segregated cold airflow 
obstruction percentages. The most optimal network could, thus, be concluded in each 
case. Table 6.3 shows the prediction error of each of the three smaller networks and the 
original single network incorporating all three obstruction quantities together.
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Table 6.2 ANN input and output parameters for cold air stream obstruction quantities
of 0, 33 & 50%

Input vectors
Parameter

Hot water/antifreeze 
stream inlet 
temperature (°C).
Cold ambient / 
conditioned air stream 
inlet temperature (°C).
Water /antifreeze mass 
flow rate (kg/s)

Air mass flow rate 
(kg/s)

Antifreeze 
concentration (%)

Training range
Sensor TO
77.3-81.5

Sensor T2 
20-24

0.033, 0.066, 
0.99, 0.1 32 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949

0, 20 & 40

Testing range
Sensor TO
77.3-81.5

Sensor T2 
20-24

0.066, 0.99 & 
0.132

0.0671,0.0775 
& 0.0949

20

Output vectors

Heat transfer rate 
calculated for air 
stream, Q (kW).
Effectiveness of 

the heat
exchanger, e.

0% obs error 
33% obs error 
50% obs error

579 
Number of neurons in single hidden layer

11 13

Figure 6.4 Optimal configuration of multilayered ANN representing heat exchanger
output vectors described in Table 6.2.
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Table 6.3 Optimal network configuration and corresponding prediction error for 3

Obstruction (%)

0
33
50

0, 33 & 50

Number of neurons in 
hidden layer

7
6
7
6

Test error (%)

1.09
0.65
0.87
1.47

As table 6.3 illustrates, the three individual networks each resulted in a lower 

test error than the network representing the three obstructions simultaneously. The 

network trained with data relating to no air stream obstruction resulted in a prediction 

error of 1.09%. This error is an average of the heat transfer rate (1.31%) and the 

effectiveness (0.868%) of the heat exchanger system. These values correspond to 

average misrepresentations of 0.0334kW and 0.868% respectively. Similarly, the 

network trained with data relating to 33% air stream obstruction resulted in average 

errors of the heat transfer rate (0.778%) and the effectiveness (0.517%). These values 

correspond to average misrepresentations of 0.0199kW and 0.517% respectively. 

Finally the network trained with data relating to 50% air stream obstruction resulted in 

average errors of the heat transfer rate (1.042%) and the effectiveness (0.692%). These 

values correspond to average misrepresentations of 0.0266kW and 0.692% respectively.

The individual network predictions out-performed the combined network in all 

three cases. The average test error for the three segregated networks was 0.9%, 39% 

better than the combined network. Similar to Section 6.1, the data used in the testing 

process was selected via a mid-range combination of input vectors, so as to present the 

ANN with a completely unseen set of conditions, which lay within outlying parameters. 

9 out of 75 sets of data were selected for testing purposes alone and the optimised 

networks ability to represent this data can be seen individually in Figures 6.5 - 6.10.

Generally, all segregated predictions were made with relatively low error. 

However, the effectiveness predictions made by the segregated network with no air 

stream obstruction appear to be slightly worse than those made by the other 

obstructions.



Representation of Heat Exchanger System using A rtificial Neural Networks 154

2.4 2.6 2.8 3 

Qair ANN (kW)
3.2 3.4

Figure 6.5 Ability of optimised multilayered ANN to represent the heat exchanger 
output vector Qair described in Table 6.2 for a segregated airflow obstruction of

0%

W

C/3

I•+-»

iw

0.55 0.6 0.65 0.7 
Effectiveness ANN

0.75

Figure 6.6 Ability of optimised multilayered ANN to represent the heat exchanger 
output vector Effectiveness described in Table 6.2 for a segregated airflow

obstruction of 0%
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Figure 6.7 Ability of optimised
multilayered ANN to represent 

heat exchanger output vector Qair
described in Table 6.2.1 for a

segregated airflow obstruction of
33%
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Effectiveness ANN

Figure 6.8 Ability of optimised
multilayered ANN to represent
heat exchanger output vector

Effectiveness described in Table
6.2.1 for a segregated airflow

obstruction of 33%
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Figure 6.9 Ability of optimised
multilayered ANN to represent heat

exchanger output vector Qair
described in Table 6.2.1 for a

segregated airflow obstruction of
50%

0.42
0.42 0.52 0.62 

Effectiveness ANN

Figure 6.10 Ability of optimised
multilayered ANN to represent
heat exchanger output vector

Effectiveness described in Table
6.2.1 for a segregated airflow

obstruction of 50%
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It is this effectiveness prediction that resulted in a slightly high average 

prediction error when combined with the other segregated obstruction predictions 

(figure 6.6). Furthermore, certain conditions within this effectiveness prediction appear 

worse than the combined network prediction involving all three obstructions 

simultaneously. However, a closer examination shows that the poorly predicted 

conditions within the segregated air stream prediction of 0%, are also predicted the 

greatest error with respect to the combined network. Thus, it can be concluded that this 

increase in prediction error is a result of greater experimental error for this range of test 
conditions.

An optimised multilayered feedforward network has been shown to successfully 
model the performance of the heat exchanger system. Furthermore, the performance 
predictions were made with little error. In addition, the results presented in this section 

and those presented in chapter IV demonstrate that the segregation of training data has 

resulted in a lower average test error. Training data reduction via segregating data into 

smaller clusters has been shown to be an effective way of reducing ANN prediction 
error.

6.3 Identification of Air Stream Obstruction

The previous section saw the successful representation of the constructed heat 
exchanger system operating under normal conditions. This section examines the effects 

of an air stream obstruction on the performance of the heat exchanger. Throughout the 
life of a heat exchanger system, there exist many conditions that can degrade its level of 

performance. These conditions can be categorised into sudden accidental faults or 

activities (e.g. possible duct collapse, system leakage, or unscheduled valve operation) 

and gradual degradation (e.g. fouling or alterations to fluid properties). Artificial neural 
networks can offer an attractive method for both sudden and gradual degradation 

detection, due to their dexterous ability in representing nonlinear systems and process.

In order to replicate a performance impediment to the heat exchanger system, a 

removable steel plate was inserted directly upstream of the heat exchanger device, as 

explained previously in Chapter V. The following two subsections describe how this air 

stream obstruction in used in the development of systems involving fault diagnosis and 

fouling detection.
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6.3.1 Development of an ANN Fault Diagnosis System for Predicting Levels of 

Air Stream Obstruction

A small amount of work has been performed in recent years involving fault 

diagnosis within heat exchanger systems. A study by Hsiung and Himmelblau (1996) 

examined the use of acoustic noise recorded from fluid flow, to detect leaks within a 

heat exchanger system. Zogg et al. (2001) used an ANN to cluster fault data generated 

by a polynomial model of a heat pump system. Hanomolo and Kinnaert (1995) 

successfully detected abrupt as well as incipient faults on the temperature sensors of an 

air-water heat exchanger. This study demonstrates the possibility of employing an 

optimised ANN to identify different air stream obstruction quantities, used to simulate a 

possible duct collapse, device impediment (e.g. leakage), or unscheduled valve 

operation.

Fault Diagnosis Methodology

As detailed in the previous chapter, a variety of different sized steel plates were 

inserted directly upstream of the heat exchanger device. In this particular study, the 

different sizes of plate represent differing degrees of obstruction and provide a range of 

conditions to train and test an Artificial Neural Network. Furthermore, to record a 

detailed view of the heat exchanger face, a transversing arm was fastened immediately 

after the matrix. The transversing arm contained a vertical array of thermistor sensors, 

pausing in several positions along the matrix surface. It is this picture painted of the 

device's surface (or rather its impediment due to the obstruction) that was used to 

represent the effects of the pre-mentioned faults.

The task presented to an artificial neural network was to predict the profile of a 

mid array thermistor (sensor 6) as it passes across the matrix face. This would illustrate 

the effect of any impedance to the heat exchanger matrix in the horizontal plane. The 

network was trained to make these predictions using the recorded inlet and outlet 

temperatures and flow rates about the device, along with the level of antifreeze 

concentrations and obstruction quantities. Similar to the testing procedure used 

previously, a selected portion of testing data unseen by the network was used to verify 

the degree of representation success. However, in order to manufacture a more 

stringent test, the data used to test the network is completely unseen as opposed to being
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partially seen (i.e. no combinations have been presented to the network previously in the 

training phase). Table 6.4 shows the input and output vectors in more detail, 

quantifying the parameters. Figure 6.11 shows the prediction error of several networks 

to determine which configuration could perform the task with the smallest error.

Table 6.4 ANN input / output parameters
Input vectors

Parameter
Hot water/antifreeze 
stream inlet 
temperature (°C).
Cold ambient / 
conditioned air stream 
inlet temperature (°C).
Water/antifreeze mass 
flow rate (kg/s)

Air mass flow rate 
(kg/s)

Antifreeze 
concentration (%)
Air stream obstruction
(%)

Training range
Sensor TO
77.3-81.5

Sensor T2 
20-24

0.033, 0.066, 
0.99, 0.1 33 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949

0, 20, 40

0,33,50

Testing range
Sensor TO
77.3-81.5

Sensor T2 
20-24

0.05, 0.083, 
0.1 16 & 0.149

0.0613,0.0725, 
0.0822, 0.0909

10,30

16.5,41.5

Output vectors

Sensor T6 
positions 1-10

4 6 8 10 
Number of neurons in hidden layer

14

Figure 6.11 Optimal configuration of multilayered ANN representing heat exchanger
output vectors described in Table 6.4.
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Fault Diagnosis Results and Discussion

The feedforward network, consisting of 7 neurons in a single hidden layer, was 

capable of predicting the face temperatures for the unseen obstructions quantities 

(16.5% and 41.5%) to an accuracy of 2.53%. This corresponds to an average 
temperature misrepresentation of 0.83°C. Figures 6.12 and 6.13 show the networks 

ability to represent an obstruction of 16.5% and 41.5% respectively.

The effects of an air stream obstruction were discussed previously in Chapter V. 

The profile of the 41.5% obstruction displayed in Figure 6.13 is similar to that of Figure 

5.16 and it can be clearly seen that the obstruction reduces the air passing through a 

large portion of the heat exchanger, resulting in a larger temperature (sensor positions 5- 
10). In accordance with this, the profile of positions 1-4 is reduced in temperature due 

to larger quantities of air passing through that section to compensate. Figure 6.12 
displays a smaller obstruction, demonstrating an increase in the temperature profile at 

positions 7-10. As a result of this increase, the earlier sensor positions are affected less 

by the smaller increase in air quantity. Thus the profile of Figure 6.12 lies somewhere 

between Figures 6.13 and 5.24 demonstrating air stream obstruction quantities of 41.5 

and 0% obstruction respectively.
As the results demonstrate, the optimised neural network predicts the previously 

unmet conditions with little error. Whilst the initial conditions of the 16.5% obstruction 
prediction (figure 6.12) are predicted very well the obstructed profile is not quite as 
good. This is because an obstruction of 16.5% has only a small effect on the heat 

exchanger system, thus the prediction of its effects are more difficult. When 
considering the 41.5% obstruction, whilst the ANN prediction error would be greater 

than that of the 16.5%, the prediction follows the profile better, offering a more superior 

projection in the obstructed region. Overall, the neural network was successful in 

detecting a previously unmet fault, demonstrating its versatility in diagnosing a problem 

of this kind.
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Figure 6.12 Ability of Multi layered ANN to represent heat exchanger output vector 
temperature T6 profile for an air-stream obstruction of 16.5%
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Figure 6.13 Ability of Multilayered ANN to represent heat exchanger output vector 
temperature T6 profile for an air-stream obstruction of 41.5%
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6.3.2 Development of an ANN Classifier to Predict Levels of Heat Exchanger 

Fouling

One deleterious condition that affects all heat exchanger systems on a frequent 

basis is that of fouling. Fouling is the accumulation of undesired material deposited on 

heat transfer surfaces. The deposited material produces an additional resistance to the 

heat transferred between fluids, resulting in a lower heat transfer coefficient and thus, a 

reduction in heat exchanger performance. This marked deterioration in heat exchanger 

performance can reach degrees of up to 80%.

The process of fouling can occur through several different mechanisms, such as: 

the deposition of solid particulates suspended within the cooling fluids, a chemical 

reaction between fluids or fluid and heat transfer surface (corrosion), or perhaps 

biological growth in the form of macro/micro organisms (slime). However, not 

surprisingly, the most common fouling mechanism is related to temperature change. 

Solubility fouling involves the deposition of previously dissolved material, from the 

process fluid to surfaces, due to changes with temperature (calcium carbonate/sulphate 

from water). To date, there are few methods to control the fouling problem. The 

methods that exist involve additives to heat transfer fluids, painstaking cleaning of 

fins/tubes or increases in fluid flow rates to minimise fouling depositions in the first 

instance. Nonetheless, fouling still remains a large problem to heat exchangers 

operating under low fluid flow rates, such as the compact cross-flow device used in the 

studies described previously.

Fouling Classification Methodology

It is extremely difficult to construct a heat exchanger system to purposely develop the 

symptoms of fouling without lengthy running periods, due to the slow progressive 

nature of fouling. Furthermore, it can be difficult to monitor system change over such 

large time periods. The obstruction plates, described in the previous section, offer a 

possible analogy to replicate the effects of fouling as both conditions have a negative 

effect on the performance of the heat exchanger system. The difference between the 

previous section examining the use of the obstruction as a fault and this one is decided 

by the task that is presented to the ANN. The effects of fouling would affect the entire 

heat exchanger as opposed to just a portion, thus, prediction of the obstruction must be
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performed using data representing the whole system rather than that recorded by the 
sensor array, as in the previous section. Table 6.5 shows the input and output 
conditions presented to an artificial neural network. As the table demonstrate, the ANN 
is trained to predict quantities of air stream obstruction as an analogy to quantities of 
fouling.

Table 6.5 ANN input / output parameters
Input vectors

Parameter
Hot water/antifreeze 
stream inlet 
temperature (°C).
Hot water/ antifreeze 
stream outlet 
temperature (°C).
Cold ambient / 
conditioned air stream 
inlet temperature (°C).
Water/antifreeze mass 
flow rate (kg/s)

Air mass flow rate 
(kg/s)

Antifreeze 
concentration (%)

Training range
Sensor TO
77.3-81.5

Sensor Tl
57.8-77.4

Sensor T2 
21.2-23.6

0.033, 0.066, 
0.99,0. 133 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949

0, 20, 40

Testing range
Sensor TO 

80

Sensor Tl 
63-78

Sensor T2 
20-24

0.05, 0.083, 
0.116 & 0.149

0.0613,0.0725, 
0.0822, 0.0909

10,30

Output vectors

Air stream 
obstruction 

16.5,41.5(%)

Fouling Classification Results and Discussion
Unfortunately, the multilayered feedforward neural network employed in 

previous studies was unable to predict the level of fouling with a low enough error. A 
number of different network topologies were trained, but all resulted in a poor 
representation. Table 6.6 shows the lowest prediction error obtained from some sample 
tests, for the different topologies. These initial predictions were performed from the 
previously unseen data relating to 16.5% and 41.5% obstruction quantities. This 
inability to perform accurate predictions is due to the difficulty in the task presented to 
the ANNs. Clearly the networks were unable to make accurate correlations between the 

input and output vectors from the data provided.
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Table 6.6 Comparison of different network topologies to predict obstruction perce
Network topology

Multilayered feedforward
Partially recurrent
Self-organising feature map
Radial basis function

Lowest prediction error (%)

53.86
58.43
60.52
88.34

ntage

However, a more successful outcome was achieved by altering the task 
presented to the neural network. Rather than obtaining an exact percentage quantity of 

fouling, the obstruction percentages were categorised into low, medium and high 
quantities. If the obstruction prediction fell below 16.5%, it was classified as low. If a 

prediction fell between 16.5 and 41.5, it was classified as medium and anything over 

41.5 was classified as high. This was an acceptable alternative as it is perhaps not too 
important to obtain exact quantities of fouling; instead the 3 categories can act as action 
levels to the degree of performance reduction, i.e.:

Low - little or no performance reduction, no action required, 
Medium = some performance reduction, action required soon and 
High = large performance reduction, immediate action required.

A multilayered feedforward network was selected, as it obtained the lowest 
prediction errors (table 6.6). The network classifier was trained using the input and 
output parameters displayed in table 6.7. Due to the networks poor ability in 
performing the previous task, the neural network was tested with a small quantity of 
partially seen data (15/290 rows) at 0, 33 and 50% obstruction quantities, combinations 

of which had been seen previously. The data used for testing purposes previously 
(containing 16.5 and 41.5% obstruction information) was used in the training phase to 
aid the ANN in making predictions. Figure 6.14 shows the prediction error of several 
networks, varying in the number of neurons present within the hidden layer, to 

determine which configuration could perform the task with the smallest error.



Representation of Heat Exchanger System using Artificial Neural Networks 164

Table 6.7 ANN classifier input/output parameters
Input vectors

Parameter
Hot water/antifreeze stream 
inlet temperature (°C).

Hot water/antifreeze stream 
outlet temperature (°C).
Cold ambient / conditioned 
air stream inlet temperature 
(°C).
Water /antifreeze mass flow 
rate (kg/s)

Air mass flow rate 
(kg/s)

Antifreeze concentration (%)
Air stream obstruction (%)

Training range
Sensor TO
77.3-81.5

Sensor Tl
57.8-77.4
Sensor T2
21.2-23.6

0.033, 0.066, 
0.99, 0.1 33 & 

0.165
0.0548,0.0671, 
0.0775, 0.0867 

& 0.0949
0, 20 & 40
0,16.5,33, 
41.5 & 50

Testing range
Sensor TO 

80

Sensor Tl 
63-78

Sensor T2 
20-24

0.099

0.0613, 
0.0725, 

0.0822, 0.0909
20

0, 33 & 50

Output 
vectors

Air stream 
Obstruction 
L, M or H

5 10 15 
Number of neurons present in the hidden layer

20

Figure 6.14 Optimal configuration of multilayered ANN representing heat exchanger
output vectors described in Table 6.7.
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As figure 6.14 demonstrates, several network configurations were capable of 
predicting 15/15 classifications. Out of these, the network consisting of 13 neurons in 
its hidden layer made predictions with the lowest percentage error (8.97%). Figure 6.15 
shows the 13n classifier output for the partially seen obstructions tested.
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Figure 6.15 Ability of Multilayered ANN to classify test data shown in table 6.7 into
the three obstruction categories.

The results demonstrate that a multilayered feedforward neural network 
consisting of 13n in a single hidden layer was capable of classifying 15/15 partially seen 

test conditions.

Finding Where the Network Fails
Whilst the ANN was capable of correctly classifying all partially seen test cases, 

it was unable to perform accurate predictions surrounding completely unseen data (table 
6.6). This raised the question: at which point between the partially seen and totally 
unseen conditions would the classifier cease to work? To answer this question, a more 
severe test was necessary. The training data falling within the 20% antifreeze 
concentration (AFC) range (see table 6.7) was removed, followed by the removal of all 
the remaining data relating to the addition of antifreeze on the heat exchanger system.
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The removed data was then used to test the neural network in both cases. Figure 6.16 
shows the prediction error of several networks to determine which configuration could 

perform prediction with the least error, for both the partial (relating to the 20% 

concentration data) and total antifreeze removal tests.

4 6 8 10 12 14 
Number of neurons within the hidden layer

16 18

-Removal of 20&40% Antifreeze •Removal of 20% Antifreeze

Figure 6.16 Optimal configuration of multilayered ANN representing heat exchanger 
parameters described in Table 6.7, tested with the partial and totally removed

antifreeze concentration data.

As figure 6.16 illustrates, the partial antifreeze concentration prediction error 

curve is greatly superior to that of the total. This was to be expected as the removal of 
the 20% data category left a large quantity of antifreeze information to train the neural 
network, however the subsequent removal of the remaining data left the network with 

no information regarding the effects of antifreeze on the heat exchanger system. Thus, 
the ANN was then tested on a large quantity of data far different from that with which it

was trained.
The network configurations for the partial and total curves resulting in the 

lowest test errors consisted of 9 and 12 neurons contained within a single hidden layer, 
respectively. The optimised network tested with the partially removed antifreeze data 

was capable of 68/75 (90.7%) correct classifications. The optimised network tested
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with the totally removed antifreeze data was capable of only 109/150 (72.7%) correct 

classifications. Figures 6.17-6.19 show the network predictions for the partially 

removed antifreeze data, whilst Figures 6.20-6.22 show the network predictions for the 

totally removed antifreeze data.

In both sets of figures the medium classification has the highest number of 

prediction errors. This is surprising as the mid-range testing data is often performed 

with the least error, due to it being furthest away from the training outliers. However, it 

is explainable due to the effect that different levels of air stream obstruction have on the 

heat exchanger system, as explained in the previous chapter. Figure 6.23 demonstrates 

the effect of different air stream obstructions (0, 33 and 50%) on the heat transfer rate of 

the heat exchanger for different air mass flow rates with a constant water flow rate of 

0.085kg/s and no antifreeze.
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Figure 6. 17 Classification of partially removed antifreeze data into 'Low' category
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Figure 6.18 Classification of partially removed antifreeze data into 'Medium' category
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Figure 6.19 Classification of partially removed antifreeze data into 'High' category
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.21 Classification of totally removed antifreeze data into 'Medium' category
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Figure 6.22 Classification of totally removed antifreeze data into 'High' category
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Figure 6.23 Effect of obstruction on heat exchanger performance

As Figure 6.23 illustrates, the relationship between the different obstructions and 

the reduction in heat exchanger performance is not linear. As the obstruction is 

increased from 33% to 50% the drop in performance increases to approximately twice 

that of between 0 and 33%. It is this nonlinear relationship, which possibly explains the
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neural networks difficulty in predicting the mid-range 33% values as it finds the 

conditions more difficult to separate from those at 0% obstruction.

Figures 6.21 and 6.22, also demonstrate that the predictions made by the 

medium and high classifiers show a large number of misclassifications at some initial 

conditions. Whilst a small quantity of these poor predictions occur within the partial 

antifreeze removal forecasts, the majority exist with the predictions made after all the 

antifreeze has been completely removed. These initial conditions, in both cases relate to 

regions of low water mass flow rates (0.33kg/s for the high classifier and 0.33 & 

0.66kg/s for the medium). At these regions the neural classifier appears to have 

difficulty in differentiating between the different obstruction quantities. In particular, 

the neural network repeatedly predicts a 0% obstruction classification (low). This is due 

to the removal of quantities of training data at these test conditions, starving the neural 

network of crucial information that it needs to make correct predictions. Not 

surprisingly the medium classification has a greater number of misclassifications, for 

the reasons described previously.

Overall, the results demonstrate that the classifier was extremely successful at 

predicting partially seen data (100% correct classifications), but becomes less so as the 

quantity of data previously presented to the network diminishes (90.7% for the partial 

removal of the antifreeze data and 72.7% for its complete removal). These results 

demonstrate that the ability of the classifier depends greatly on the training data 

presented to it.
The results have shown that an optimised artificial neural network successfully 

predicted the degree of air stream obstruction via its alterations to the heat exchanger's 

temperature profile. Once again the multilayered feedforward network proved to be 

well suited to this application.
However, some tasks are too difficult to perform as demonstrated by the original 

findings of the neural classifier. In the study, the network was not provided with 

enough relevant data to manufacture the required associations between the input and 

desired criteria. Nonetheless, changing the input information by the addition of a single 

parameter the problem was simplified enough to successfully classify the level of 

obstruction purely from the changes in heat exchanger performance.

The results of these two studies has again demonstrated the versatility of 

artificial neural networks, especially the multilayered feedforward architecture, by being
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successfully applied to the difficult area of fault detection in heat exchanger systems. 

Fouling, in particular, is a problem that effects most if not all heat exchanger systems. 

This work has demonstrated a sound method of detecting the effects of fouling. Whilst 

the ANN employed was unable to predict the exact degree of fouling (obstruction), it 
was able to successfully classify its effects into high, medium or low.

Whilst previous work in this thesis has demonstrated the benefits of segregating 
the information used to train ANNs, the classification work performed in this study has 

shown the effects of removing too much data can be detrimental and starve the network. 

Thus a balance exists between removing unnecessary data which overcomplicates the 

problem presented to the network and removing essential information pertinent to the 
success of the ANN.

6.4 Simulating the Maintenance of Steady State for Perturbations in 

Exchange Fluid Conditions

This section discusses the development of an ANN control strategy to maintain 
steady process conditions whilst the system undergoes untrained changes in exchange 

fluid temperature and properties. Many heat exchanger applications include the 
requirement of a constant thermal duty. Performance altering conditions, such as those 
described at the start of this section could cause disastrous effects to systems in these 

applications. Once again, the nonlinear prediction abilities of artificial neural networks 

in conjunction with their quick computing times, offer an attractive alternative to 

conventional control strategies.
A wide range of neural network topologies and methodologies has been applied 

to the control field of heat exchanger systems. Different approaches include the use of 

an inverse identification model, (Bittanti and Piroddi 1994, 1995), (Diaz et al, 2000a), 

control without identification (Quek and Ng, 1996), and working alongside existing 

control strategies (Curtis, 1996). A more in-depth discussion of work in this field can 

be found in Chapter II.
Some work has been performed into the maintenance of thermal duty, e.g. 

Blazina and Bolf (1997), whom successfully controlled two cascade heat exchangers by 

maintaining the exiting water temperature set point of the second unit. However, few 

authors have examined this type of control methodology to see how it can cope with
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unforeseen perturbations. Diaz et al. (2000b) employed the inverse identification model 

technique with an on-line adaptation algorithm in the form of a small feedforward 

network to adapt to new conditions for disturbances in air and water flow rates. Whilst 

these investigations were successful, further work would benefit the applications 
greatly.

In the case of the Blazina and Bolf (1997), the authors used an immensely large 

neural network as a feedforward-feedback controller, offering no explanation to how 

they arrived at the use of such a structure. In contradiction to the results, work by other 

authors has demonstrated that much smaller networks with shorter training times are 

equally as good. When considering Diaz et al. (2000b), the adaptation conditions were 

limited to single parameter disruption. The authors themselves suggested that much 

more complex networks would be required to handle greater perturbations. The 

following two subsections explore the development of a neural controller capable of 

maintaining steady water exit temperature for perturbations in water and air inlet 

temperatures. The third subsection describes the controller's ability to maintain steady 

state for perturbations in the water mass flow rate.

6.4.1 Simulating the Maintenance of Water Exit Temperature for Perturbations 

in the Water Inlet Temperature

The objective of this study was to train a neural network to account for 

disruptions in the hot water inlet temperature and maintain a steady water exit 

temperature. An optimised feedforward network was used to make predictions of air 

mass flow rate as the controlling parameter and maintain a steady outlet water 

temperature of 62°C. The inlet parameters used to train the neural network are shown in 

Table 6.8. The neural controller was tested by removing a condition originally resulting 

in an outlet water temperature of 62°C from the training data set and then adjusting the 

water inlet temperature to provide the stream perturbations. This adjustment to the 

inlet water stream provided the neural controller with previously unmet conditions. 

Furthermore, these artificial disruptions were composed of extremity conditions outside 

those recorded in the training data, forcing the controller to perform extrapolations of



Representation of Heat Exchanger System using Artificial Neural Networks 173

the test data outside its trained prediction range. This resulted in providing the trained 

network with a far more complicated task.

Table 6.8 ANN controller input/output parameters for air inlet temperature
perturbations

Input vectors
Parameter

Hot water : antifreeze stream 
inlet temperature (°C).

Hot water : antifreeze stream 
outlet temperature (°C).
Cold ambient / conditioned 
air stream inlet temperature 
(°C).
Water : antifreeze mass flow 
rate (kg/s)

Antifreeze concentration (%)

Training range
Sensor TO
77.3-81.5

Sensor Tl
57.8-77.4
Sensor T2 
21.2-23.6

0.033, 0.066, 
0.099,0.133, 

0.165
0, 20, 40

Testing range
Sensor TO 

75-85 (0.5 int)

Sensor Tl 
62.2

Sensor T2 
22.6

0.033

20

Output
vectors

Air mass 
flow rate 

(kg/s)

Results and Discussion
Similar to previous studies examined in this thesis a multilayered feedforward 

neural network was tested varying the number of neurons in a single hidden layer. 

Figure 6.24 demonstrates the results of this optimisation procedure.

The predictions of air mass flow rate made by the neural controller were verified 

using values estimated from the original condition. A new energy balance could be 

performed on the water stream for each unforeseen perturbation. As the other values 

within the air stream heat transfer rate calculation were assumed constant the new air 

mass flow rate could be calculated in each disruption case. Figure 6.25 shows the 

ability to predict the estimated air mass flow rate counteracting each perturbation.

As shown in table 6.8, the disrupted inlet water temperature ranged from 75- 

85°C. The maximum and minimum values, which existed for all the training conditions 

presented to the network, ranged from 77.3-81.5°C. Thus, conditions outside this band 

required the neural controller to extrapolate. The extrapolated values below 77.3°C and 

above 81.5°C (marked by vertical boundaries in figure 6.25) can clearly be seen to have 

been predicted with the greatest error.
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ANN Prediction Error (%)
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Number of neurons in hidden layer

14 16

Figure 6.24 Optimal configuration of multilayered ANN representing heat exchanger
parameters described in Table 6.8.
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Figure 6.25 Ability of Multilayered ANN to predict the controlling parameter air mass 
flow rate, for perturbations in the water inlet temperature.

This is not surprising as this requirement of the controller provides it with a 

fairly harsh test, to which it has trouble coping. The remainder of the results (77.3- 

81 5°C) are predicted with relatively low error, demonstrating the success of the neural
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controller to react to unforeseen perturbations in the water inlet temperature, which lie 

within training data extremities.

Allowing the Air Stream Exit Temperature to Vary

When considering alterations to the water stream inlet temperature, in reality the 

air stream exit temperature would also change in union with the air mass flow rate, as a 

balancing reaction to the altered system inlet conditions. This produces a number of 

possible air exit temperature and flow rate combinations, all of which could counteract 

such perturbations and maintain the steady water outlet temperature. Figures 6.26 

shows the neural controller's optimisation procedure and Figure 6.27 shows predictions 

for one possible combination of the air mass flow rate and exit temperature for each of 

the disturbances to the water inlet temperature.
With two parameters within the air stream being predicted by the neural 

controller a different method of validating its predictions is necessary. The heat transfer 

rate of the air stream can be calculated using the two predicted values. An estimate of 

the correct air stream heat transfer rate can be made by performing an energy balance 

using the water stream heat transfer rate for each perturbation.

ANN Prediction Error (%)

4 6 8 10 
Number of neurons in hidden layer

12 14

Figure 6 26 Optimal configuration of multilayered ANN representing heat exchanger 
input parameters described in Table 6.8 and output parameters of air mass flow rate

and temperature.
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ANN Predicted T13 Temperature (oC) 
ANN Predicted air mass flow rate (kg/s)

75 76 77 78 79 80 81 82 83 84 85 

Temperature of sensor TO - water inlet (°C)

Figure 6.27 Ability of Multilayered ANN to predict the controlling parameters of air 
mass flow rate and exit temperature, for perturbations in the water inlet

temperature.

Thus, the degree of success in the neural controllers predictions can be assessed from a 

comparison between the two heat transfer rates. Figure 6.28 demonstrates the 

comparison of the two between the two energy balances.

3.5

3 --

CO- cQ/2.5

2 -

1.5
74

• Calculated Qair (kW) from ANN predicted values 
of air mass flow rate & exit temperature (T13)

76 78 80 82 84 
Temerature of sensor TO - water inlet (°C)

86

Figure 6.28 Validation of the neural controllers predictions via the comparison of
energy balances.
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Similar to the predictions made by the neural controller of the single controlling 

parameter, the heat transfer rate calculated from the two predicted parameters, shown in 

figure 6.28, demonstrates that the values were predicted with relatively little error. 

Once again, the values existing outside the trainable 77.3-81.5°C band are predicted 

with a greater error, demonstrating the difficulty for the neural network to extrapolate 
passed its trained outliers for this task. However, both the extrapolated regions of the 

chart appear to be predicted with less error than the original single parameter prediction 
seen in figure 6.25. This demonstrates that the neural controller has benefited from the 

additional floating value of air exit temperature. This is because the task presented to 

the neural controller is now somewhat simplified. Although the controller is now 

required to predict two output values (appearing as though the task presented to it is 

more complex), the neural network now has a wider range of conditions that satisfy the 

input criteria. This is because the air exit temperature is no longer restricted, forcing the 

controller to extrapolate. Thus, the values predicted are more likely to be well within the 

trained regions, as opposed to lying closer to the outlying or extrapolation conditions.

6.4.2 Simulating the Maintenance of Water Exit Temperature for Perturbations 

in the Water and Air Inlet Temperatures

The previous study saw the development of a neural controller capable of 

maintaining a steady water exit temperature of 62°C, for a range of perturbations to the 

water inlet temperature. This study builds on the previous to test the ability of an 

artificial neural network to act as a control strategy for two disruptive parameters, 
presenting it with a more complex task. In addition to a disruption in the water inlet 

temperature, the neural controller developed in the last section shall be employed to 

make predictions of air mass flow rate and exit temperature for perturbations in the air 

inlet temperature also. The perturbations in the air inlet temperature consisted of two 

additional conditions (21 and 24 °C) for each of the disturbances in the water inlet 

temperature. These air inlet conditions lay just outside the range extremity conditions 

presented to the controller during training. Table 6.9 shows the inlet and outlet 

parameters used to train and test the neural controller.
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Table 6.9 ANN controller input/output parameters for two air inlet temperature
perturbations

Input vectors
Parameter

Hot water : antifreeze 
stream inlet temperature 
(°C).
Hot water : antifreeze 
stream outlet temperature 
(°C).
Cold ambient / 
conditioned air stream 
inlet temperature (°C).
Water : antifreeze mass 
flow rate (kg/s)

Antifreeze concentration
(%)

Training range
Sensor TO 
77.3-81.5

Sensor Tl
57.8-77.4

Sensor T2 
21.2-23.6

0.033, 0.066, 
0.099,0.133, 

0.165
0, 20, 40

Testing range
Sensor TO 

75-85 (0.5 int)

Sensor Tl 
62.3

Sensor T2 
21,22.6,24

0.033

20

Output vectors

Air mass flow 
rate (kg/s)

Air stream exit 
temperature (°C)

Results and Discussion
A single neural network was employed to react to both the air and water inlet 

temperature perturbations. Similar to previous studies examined in this thesis a 
multilayered feedforward neural network was tested varying the number of neurons in a 
single hidden layer. Figure 6.29 demonstrates the results of this optimisation procedure. 
Figures 6.30 and 6.32 show predictions of the air mass flow rates and exit temperatures 
for all the disturbances to the water inlet temperature, in accordance with each of the 
disturbances to the air inlet temperature of 21 and 24 °C respectively. Figure 6.31, 
shows the neural controllers prediction of the output parameters for the original, 
undisturbed value of 22.6 (when predictions were combined with the two perturbations).
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0.12 T 0.12

50
75 77 79 81 83 85 

Temerature of sensor TO - water
inlet (°C)

• ANN Predicted Tl3 Temperature (oC)
- ANN Predicted air mass flow rate (kg/s)

Figure 6.31 Ability of MLP to predict 
the controlling parameters of air

mass flow rate and exit
temperature, for all the water inlet
temperature disruptions with no

disruption to the air inlet
temperature (22.6°C).

75 77 79 81 83 85 
Temerature of sensor TO -

water inlet (°C)___
- ANN Predicted T13 Temperature (oC)
- ANN Predicted air mass flow rate (kg's)

Figure 6.32 Ability of MLP to predict 
the controlling parameters of air

mass flow rate and exit
temperature, for all the water inlet
temperature disruptions occurring

at the air inlet temperature
disruption of 24°C.

Once again, the heat transfer rate from the air stream can be calculated using the 
two predicted values and an estimate of the correct air stream heat transfer rate can be 
made by performing an energy balance using the water stream heat transfer rate for each 
perturbation. Thus, the degree of success in the neural controllers predictions can be 
assessed from a comparison between the two heat transfer rates. Figure 6.33 shows the 
comparison of the two heat transfer rates, for all the disturbances to the water inlet 
temperature, in accordance with both of the air inlet temperature disturbances and the 

original condition.
As figure 6.33 demonstrates, the heat transfer rate relating to both air inlet 

temperature disruptions and the original condition share similar profiles. When 
considering the effect of the individual water inlet temperature disruption on the outlet 
parameters previously, this repeated profile must be as a result of the neural controller's 

difficulty in reacting to two disruptions, as opposed to one. None of the three calculated 
predictions were made with a particularly low error; however the profile presenting the 

least error is that relating to the air inlet temperature perturbation of 21°C.
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3.5 -

1.5

• Estimated Qair (kW)
•Calculated Qair (kW) TO = 75-85 & T2 = 21'C
• Calculated Qair (kW) TO = 75-85 & T2 = 22 6 'C
• Calculated Qair (kW) TO = 75-85 & T2 = 24'C

74 76 78 80 82 84 
Temerature of sensor TO - water inlet (°C)

86

Figure 6.33 Validation of the neural controllers predictions via the comparison of heat
transfer rates.

The unperturbed condition of 22.6°C was predicted with greater error than the 
previous study demonstrating only a single parameter disruption. This is explainable 
since this study required a neural controller capable of predicting all three conditions. 
Thus, the combined prediction error of all three conditions was used during the 
optimisation procedure of the neural controller. The profile relating to the air inlet 
temperature disruption of 24°C is predicted with the greatest error. It can therefore be 
concluded that this is the most unreliable set of air mass flow rate and exit temperature 
predictions. When studying figure 6.34 it appears that the extrapolation conditions 
(below 77.3°C and above 81.5°C) appear to be predicted with relatively low errors for 

the original air inlet temperature (22.6°C) and perturbation relating to 24°C. However, 
this is more likely to be a result of the previously discussed repeating profile than 
accurate predictions in these regions. This is further justified by the increased error for 
the extrapolated conditions in the perturbation results relating to an inlet temperature of 

21°C. The shape of this curve would be straighter if the extrapolated conditions were 

predicted with less error than previous tests.
When considering the calculations of the heat transfer rates made from the air 

mass flow rates and exit temperatures, one should be sceptical about the results shown 

in figures 6.31-6.33. However the results are in accordance with each other. When
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disrupting the air inlet temperature (in addition to the water inlet temperature) to a 
reduced value of 21°C, both the air mass flow rate and exit temperature are decreased, 
as to be expected. Similarly, when disrupting the air inlet temperature to an increased 
value of 24°C, both the air mass flow rate and exit temperature are increased. From 
these results, it can be concluded that the neural controller does not perform as well 
when reacting to two parameter perturbations as it does with one. However the results 
can still be considered reasonable, as they appear in good agreement with each other.

Segregating the Air Inlet Temperature Task

Previous work within this thesis has examined the benefits of segregating 
training data, producing smaller more accurate neural network predictions. The same 
methodology is now applied to this section involving the neural controller reacting to 
two parameter disruptions. The previous section saw the development of a controller 
asked to react to a series of disruptions to the heat exchanger's water inlet temperature 
in conjunction with two addition disruptions to the air inlet temperature. A single 
neural network was previously employed encompassing all perturbations. Figure 6.34 
demonstrates the optimisation of 3 individual neural networks predicting the segregated 
test data into the disruption categories of 21, 22.6 (unperturbed) and 24°C.

30 -r

25 --

ANN prediction error (%) - T2 = 21'C 
ANN prediction error (%) - T2 = 22.6'C 
ANN prediction error (%) - T2 = 24'C

10 12 14

Number of neurons in hidden layer

Figure 6 34 Optimal configuration of 3 individual multilayered ANNs representing heat 
exchanger input and output parameters described in Table 6.9 for the three air inlet 

temperature disturbances of 21, 22.6 & 24°C.
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Table 6.10 compares the three individual network configurations with the least 

error with that achieved via the single network (explored in the previous section) 

predicting all disruption conditions together.

Table 6.10 Optimal network configuration and corresponding prediction error for 3 
individual networks (Figure 6.34) compared with a single network (6.29).

Air inlet perturbation 
temperature (°C)

21
22.6 (unperturbed)

24
21, 22.6 & 24

Number of neurons in 
hidden layer

5
5
9
5

Test error (%)

4.81
4.12
7.98
6.86

As table 6.10 illustrates, the air inlet temperature perturbation condition of 21°C 

and the unperturbed original condition of 22.6°C are both predicted with less error 

individually than when compared with that of the combined network. Although the 

perturbed condition of 24°C has a slightly higher prediction error than the combined 

network, the average error of all three segregated networks is 5.64%, 17.78% better than 

the combined network. This corresponds to an average temperature misrepresentation 

of 3.6°C and an average air mass flow rate misrepresentation of 6.53x10"3kg/s. Figures 

6.35 and 6.36 demonstrate the individual predictions made by the two optimised 

networks corresponding to 21 and 24°C.

Similar to the previous section, the prediction results can be validated by 

comparing the calculated value of the air heat transfer rate from the results obtained 

with an estimated value based upon an energy balance with the water stream. Figure 

6.37 demonstrates the validation results.

As figure 6.37 illustrates, the three individual air stream heat transfer rate 

forecasts were predicted with less error than that of the neural controller reacting to all 

three conditions together. The repeating profile discussed in figure 6.33 was not 

predicted. This is most likely caused by the simplification of the task presented to the 

neural controller. Furthermore, all three profiles are more in accordance with figures 

6.25 and 6.28, displaying a single parameter disruption, and containing larger prediction 

errors for in the extrapolated regions.



Representation of Heat Exchanger System using Artificial Neural Networks 184
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50 -----------------i- 0.02QS.

48
75 77 79 81 83 85

Temerature of sensor TO - water 
inlet (°C)

- ANN predicted Tl 3 Temperature (oC)
- ANN predicted air mass flow rate (kg/s)

Figure 6.35 Ability of Multilayered
ANN to individually predict the

controlling parameters of air mass
flow rate and exit temperature, for

all the water inlet temperature
disruptions occurring at the air
inlet temperature disruption of

21°C.

75 77 79 81 83 85 
Temerature of sensor TO -

water inlet (°C)
-ANN Predicted T13 Temperature (oC)
- ANN Predicted air mass flow rate (kg/s)

Figure 6.36 Ability of Multilayered
ANN to individually predict the

controlling parameters of air mass
flow rate and exit temperature, for

all the water inlet temperature
disruptions occurring at the air
inlet temperature disruption of

24°C.

3.5 --

2 --

1.5
74

- Estimated Qair (kW)
- Calculated Qair (kW) for TO = 75-85 & T2 = 21oC
- Calculated Qair (kW) for TO = 75-85 & T2 = 22.6 oC
- Calculated Qair (kW) for TO = 75-85 & T2 = 24oC

76 78 80 82 84 
Temerature of sensor TO - water inlet (°C)

86

Figure 6.37 Validation of the neural controller's individual predictions via the
comparison of heat transfer rates.
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Figures 6.27 and 6.35 are in agreement with one another, as the disruption of the 

air inlet temperature to a reduced value of 21°C causes both the air mass flow rate and 

exit temperature to decrease. However, the disruption of the air inlet temperature to the 

increased value of 24°C (figure 6.36) has not been predicted very well and demonstrates 

out of agreement profiles. The prediction of air mass flow rate for this disruption 

condition is predicted particularly poorly, causing the larger average prediction error 

observed in the optimisation phase. The increase as opposed to decrease in air mass 

flow rate from 75-80°C is uncharacteristic when compared with the other figures of this 

type. The air exit temperature follows the correct profile more, but shows a steep 

increase between the water inlet temperatures of 80-82°C. At this point the water mass 

flow rate prediction rapidly plummets, with both graphs levelling out at value lower 

than expected. The lower values occur in the latter extrapolated region, which may be a 

partial explanation for the unusual profile.

The air inlet temperature disturbance condition of 24°C was again predicted with 

the highest error in the combined network. Thus, it can be concluded that the neural 

controller has trouble predicting this air inlet temperature disturbance, in particular, in 

addition to all the water inlet temperature disturbances. One possible explanation could 

be that although the maximum air inlet temperature was recorded at 23.7, the majority 

were recorded between 21 and 23 °C. This would make the 24°C perturbation a more 

difficult task to perform.
These results, once again demonstrate that the segregation of data can result in a 

lower average test error. Whilst the data segregated in this study was the testing data, as 

opposed to combinations of training data (examined previously), the task presented to 

the neural network has been simplified, providing lower prediction errors. The 

improved results can be clearly seen by comparing figure 6.33 with figure 6.37.

6.4.3 Simulating the Maintenance of Water Exit Temperature for Perturbations 

in the Water Mass Flow Rate

The previous study saw the development of a neural controller capable of 

maintaining a steady water exit temperature of 62°C, for a range of perturbations to the 

water and air inlet temperatures. This study looks at the development of a neural
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controller capable of making predictions of air mass flow rate and exit temperature for 

perturbations in the systems water mass flow rate. The perturbations in the water mass 

flow rate consisted of values 25% above and below the original value (0.033kg/s) in 

relation to the testing condition. Thus, the outlying testing conditions were 0.025- 

0.04kg/s, separated by O.OOlkg/s intervals. These water flow rate conditions fell partly 

outside the values presented to the controller during training; these were the conditions 

relating to 0.025-0.33kg/s. The remainder of the testing conditions (0.033-0.04kg/s) fell 

within the training extremities. Table 6.11 shows the inlet and outlet parameters used to 

train and test the neural controller.

Table 6.11 ANN controller input/output parameters for water flow perturbations
Input vectors

Parameter
Hot water : antifreeze 
stream inlet temperature 
(°C).
Hot water : antifreeze 
stream outlet temperature 
(°C).
Cold ambient / 
conditioned air stream 
inlet temperature (°C).
Water : antifreeze mass 
flow rate (kg/s)

Antifreeze concentration
(%)

Training range
Sensor TO
77.3-81.5

Sensor Tl
57.8-77.4

Sensor 77 
21.2-23.6

0.033, 0.066, 
0.099,0.133, 

0.165
0, 20, 40

Testing range
Sensor TO 

79.7

Sensor Tl 
62.2

Sensor T2 
22.6

0.025-0.04

20

Output vectors

Air mass flow 
rate (kg/s)

Air stream exit 
temperature 

(°C)

Results and Discussion
Figure 6.38 shows the results of the neural controller's optimisation procedure, 

whilst figure 6.39 shows predictions for one possible combination of the air mass flow 

rate and exit temperature for each of the disturbances to the water mass flow rate.

Once again, the heat transfer rate from the air stream can be calculated using the 

two predicted values and an estimate of the correct air stream heat transfer rate can be 

made by performing an energy balance using the water stream heat transfer rate for each 

perturbation.
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Figure 6.38 Optimal configuration of multilayered ANN representing heat exchanger 
input parameters described in Table 6.8 and output parameters of air mass flow rate

and temperature.

62 -r

ANN Predicted T13 Temperature (oC) 
ANN Predicted air mass flow rate (kg/s)

0.025 0.027 0.029 0.031 0.033 0.035 0.037 0.039 

Water mass flow rate (kg/s)

Figure 6.39 Ability of Multilayered ANN to predict the controlling parameters of air 
mass flow rate and exit temperature, for perturbations in the water mass flow rate

by +/-25%.
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Thus, the degree of success in the neural controller's predictions can be assessed 
by comparing the two heat transfer rates. Figure 6.40 shows the comparison of the two 
heat transfer rates, for all the disturbances to the water mass flow rate.

Estimated Qair (kW)

Calculated Qair (kW) from ANN predicted values 
of air mass flow rate & exit temperature (T13)

0.02 0.025 0.03 0.035

Water mass flow rate (kg/s)
0.04 0.045

Figure 6.40 Validation of the neural controller's predictions via the comparison of heat
transfer rates.

As Figure 6.40 demonstrates, the calculated heat transfer rate, from the two 
predicted values (figure 6.39), contains very little error for the region between the 
original mass flow rate (0.033kg/s) and 25% above (0.033-0.04kg/s). The region 
between the original value and 25% below (0.025-0.033kg/s) is predicted with 
increasingly high error towards the lowest water mass flow rate. This is not surprising 
based upon the results of the previous studies, as the latter region falls towards the 
outlying training data extremities. Thus, the predicted values of air mass flow rate and 
exit temperature in the 0.025-0.033kg/s region can be considered slightly erroneous.

The results of this study and those discussed previously involving the 
development of different neural controllers, demonstrate that an optimised multilayered 
feedforward neural network is capable of reacting to several different stream 
perturbations. As discussed previously, work by other authors has construed that 
attempting to predict more than one stream perturbation is extremely difficult (Diaz et
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al., 2000b). The results of this study confirm these findings; however they also show a 

means of rectifying this problem. As discussed previously, segregation of the testing 
data into three smaller categories and optimising three individual networks to make 

predictions of the air mass flow rate and exit temperature, for each perturbation, was 
proved far more successful.

Whilst this is really a matter of simplifying the task presented to the neural 
controller, each individual network does successfully react to two disturbances 

simultaneously - one being several perturbations in the water inlet temperature, and the 
other being a single disruption to the air inlet temp.

Chapter IV demonstrated a neural controller used to maintain steady billet exit 
temperature for increases and decreases in furnace load throughput. This chapter has 
demonstrated the development and successful operation of a neural controller using real 

data recorded from the constructed heat exchanger system to maintain steady air exit 
temperature for alterations to tube-side fluid temperature and properties.

Whilst other authors have shown that predictions involving more than one 
perturbation have proved difficult, this study has demonstrated that it is possible by 

optimising the artificial neural network employed and selecting the appropriate input 
parameters to fit the task. The results have been validated in each case by energy 
balances and predictions of air mass flow rate.

Previous studies in this thesis have shown the benefits of segregating the data 
used in training ANNs, demonstrating the simplification of the representation task and 
producing superior results. This study involved the segregation of the test data in order 
to simplify the representation task, resulting in the optimisation of three individual 
neural networks predicting the segregated test data in disruption categories of 21, 22.6 
(unperturbed) and 24°C. Once again, better results were achieved through simplifying 

the problem presented to the artificial neural network.
Following the success of the neural controller developed in this chapter, the next 

stage would involve the full integration of the controller to manage an actual operating 
heat exchanger system. The neural network employed would be required to be suitably 
trained to fit the operating system and desired control task. However, this next step is 

beyond the scope of this project and can be considered as further work in a separate 

study.
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6.5 Conclusions

This chapter details an in-depth analysis of the heat exchanger system. 

Optimised neural networks have been shown to accurately model the heat exchanger 

operating conditions involving various fluid flow rates, temperatures and levels of 

antifreeze concentration. The results of which have been published in Ward et al. 

(2002). Furthermore, the successful development and operation of two ANNs to 

diagnose system faults has also been shown. In addition, a neural control strategy has 

been shown to successfully maintain the air stream exit temperatures for single and 

multiple parameter disruption involving water and air inlet temperatures and water mass 

flow rates.

Similar to previous chapters, the segregation of data presented an artificial 

neural network in its training phase has been shown to yield superior results for the 

reasons described previously. These findings have raised the possibility of further work 

in this area. In accordance with this, the discussion of results section includes an 

investigation into the quantities of training data that can be systematically removed 

before the networks corresponding error exceeds a pre-defmed limit.



CHAPTER VII
Discussion of Results and an Investigation into 

Training Data Reduction

This chapter discusses the results obtained throughout the thesis. It examines the trends 

that exist within the artificial neural network results for both the mathematical 

modelling and heat exchanger sections, discussed in relation with previously published 

data. It describes the benefits of implementing smaller ANNs in place of larger 

networks and also examines the benefits of data segregation. The chapter continues to 

discuss what the author considers to be dominant factors in successful ANN prediction, 

which include task dependency and the nature of the data employed in the training 

phase. Finally, this chapter presents an investigation into how much training data can 

be removed before an ANN exceeds a predetermined prediction error band.

191
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7.1 Introduction

The results of several studies have been presented within this thesis involving 

the application of artificial neural networks to mathematical combustion models and an 

experimental heat exchanger system. Several similarities have been exposed and this 

chapter discusses these findings and their potential implications on current ANN 

application methodologies.

Despite the large amount of applications involving artificial neural networks, 

there still exists a knowledge-gap regarding their implementation. Due to their great 

versatility, relative innovation and rapid growth over the last decade, many applications 

do not use artificial neural networks to their full capability. Several studies have been 

performed with little or no consideration to network topology and size. Furthermore, 

work performed throughout this thesis illustrates the benefits of maintaining small 

network structures, segregating training data, and the importance of the task and training 

data presented to a neural network with respect to successful ANN prediction.

7.2 Correct Topology Selection

Artificial neural networks can offer attractive benefits to a variety of systems 

and processes, if employed correctly. As discussed previously, some network 

topologies perform better than others for specific applications (Chapter II, table 2.4). If 

more consideration was given to the type and structure of the ANN being applied to 

such systems, lower prediction error could be achieved. For example, Ribeiro et al. 

(1993) and Curtis et al. (1993, 1996) would have almost certainly benefited from 

experimenting with neural networks of a more recurrent nature, since their applications 

were time-dependent.
Within the initial studies presented in this thesis, several different network 

topologies were experimented with to determine which was most suitable for the 

applications in question. All the applications of ANNs within this thesis involved static 

mapping, where the sole purpose of the network is to correlate a series of input vectors 

to their corresponding outputs. Even the fouling classifier was constructed as a static 

map application employing logic as the actual classification strategy. The results of the 

experimentation showed that a standard multilayered feedforward neural network gave 

predictions corresponding to the least error, when compared with topologies including
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recurrent, radial basis function and self-organising maps. This is not surprising as the 

versatility of the standard multilayered is constantly being emphasised (Zeng, 1998). 

However, this is not to say that other topologies are inferior, the best choice of network 

topology is dependent on the application in question. Furthermore, if more studies 

included experimentation into the alternative networks designed for that specific 

application, better neural network performance could be achieved.

7.3 Small ANN Structures and Optimisation

One of the main benefits regarding the implementation of artificial neural 

networks is their speed of computation. Smaller network structures take less time to 

train and can compute without compromising prediction accuracy, as demonstrated by 

this author's work presented within this thesis. Thus, these smaller networks can offer 

an attractive alternative to numerous speed-orientated applications currently 

incorporating larger, more complex networks.

A variety of network 'pruning' techniques exist to help obtain the optimum 

network configuration for a specific application. Unfortunately, many researchers fail 

to provide any details of how they arrived at a specific network configuration, 

promoting the conclusion that it was not an important consideration within the study. 

Such researchers include: Ayoubi (1997) and Curtiss et al. (1993) amongst others, as 

discussed previously in Chapter II. Whereas researchers such as Zhu et al. (1998), 

Adali et al. (1999), and Hae et al. (2001), to name but a few, have employed techniques 

including: inverted-triangle, Levenberg-Marquartdt algorithm and genetic algorithms to 

calculate the optimum number of neurons within each hidden layer. Whilst these 

techniques help obtain an optimum network configuration, they often reduce the 

network size resulting in an improvement to training and computational speed also.

The most common technique of network optimisation involves the 'trial and 

error' method. Once again, the majority of researchers do not provide any details of the 

methodology used and do not always achieve the expected degree of prediction 

performance. Such authors include: Bittanti and Piroddi (1997), Blazina and Bolf 

(1997). Thus, one could be sceptical as to how much attention has been paid when 

employing this optimisation procedure. A common mistake is to assess the networks 

degree of success using its Root Mean Square (RMS) training error. However, this
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error is an indication of how well the network has been trained and not a true depiction 

of network performance when presented with the testing data conditions. As mentioned 

previously, in some cases a network can predict training data well (i.e. low RMS value), 

but when presented with unseen testing data produce much larger errors as a result of 

the network memorising the input training patterns (e.g. Chen and Ramaswamy, 2000).

The optimisation procedure employed throughout this thesis involves the 'trial 

and error' technique based upon the prediction error calculated from the testing data set. 

Details regarding the optimisation procedure employed by this author have been 

provided in Chapters IV and VI of this thesis. Needless to say, the use of the testing 

data to validate the neural networks performance as opposed to that of the training data 

(RMS) has eliminated the possibility of memorising. It is worth mentioning that the 

optimisation procedure was performed on a single hidden layer throughout the thesis. 

One consideration on the work performed in each study was to maintain a small/simple 

structure, in contrast to the large networks sometimes employed by other researchers.

Often the optimum number of neurons within the hidden layer was found to be 

greater than the number of inputs used in the input layer, which is rare when considering 

networks of more than one hidden layer. However, in most cases the results obtained 

by this single layer optimising procedure are comparable, and in a few cases supersede 

those discussed in the critical review section of this thesis.

7.4 Benefits of Segregating Training Data

A small collection of authors have simplified ANN applications by segregating 

the data presented to a network in its training phase into several smaller individual 

networks. Massie et al. (1998), Ortega et al. (2000) and Pacheco-Vega (1999) have all 

achieved better neural network performance by employing simpler configurations.

The segregation of neural network training data into its logical trends, was 

performed in Chapters IV and VI and has been shown to confirm the achievement of 

lower prediction errors. This improved network performance can be attributed to two 

reasons: firstly, the segregation of training data without removing any complete 

parameters (i.e. removal only of ranges of data, as opposed to entire vectors) can 

simplify the representation task presented to an ANN. The simplified task can be 

performed more easily by the network, which in turn results in a lower prediction error.
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Secondly, considering the removal of entire vectors results in reducing the 

number of input parameters and, in some cases, the outlying spectra (i.e. the maximum 

and minimum values which act as controlling parameters). This parameter reduction 

enables the construction of smaller networks composed of fewer neurons, the benefits of 

which were described in the previous section.

7.5 Task Dependency

Although artificial neural networks are renowned for their nonlinear 

identification abilities, they are not perfect and some more complex processes can result 

in higher prediction errors. The previous sections have described the benefits of 

simplifying the task presented to an artificial neural network. Thus, it can be concluded 

that one factor contributing to the degree of successful ANN representation is their 

dependency on the complexity of the task presented.

A good example of this task dependency is demonstrated in the initial work 

involving the Long Furnace Model, performed in Chapter IV. In this study, the model 

was represented by a Multilayer Perceptron network trained to give billet temperature 

predictions comprising of two different thicknesses of 0.0603 and 0.10251m. Whilst 

the same network was optimised to represent both sets of data, the 0.10251m results 

were predicted worse than the 0.0603m. Since all aspects of the system were identical 

in both cases, the difference in the neural networks ability to represent must be a result 

of the data produced by the mathematical model. Whilst this difference is only small 

(1.48%), the 0.0603m results were predicted with almost half the error of the 0.10251m 

thickness. This is a prime example correlating task complexity with ANN performance.

Later work involving the Long Furnace Model also demonstrates the effect of 

task complexity on ANN performance. The furnace set-point temperature predictions 

discussed in section 4.4.3, in accordance with the model results examined in Chapter III, 

describe the differences between billet temperatures becoming less significant as feed 

rate is reduced. The network employed in the study found it increasingly difficult to 

differentiate between the various input conditions at lower throughputs, causing 

prediction error to increase. Once again, the applied neural system was unaltered for 

each set of tests, promoting the conclusion that the higher prediction errors were due to 

a more complex relationship between the input and output parameters. However, in this
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example, less data was presented to the ANN in its training phase for larger feed rates 

due to the manner in which the model operates. This could also be a large contributing 
factor behind the increased prediction errors.

The results of the study into the prediction of the quantity of heat exchanger air 
stream obstruction demonstrate this dependency further. The results discussed in 

section 6.2.2 express the neural networks inability to predict the quantity of air stream 
obstruction effectively, leading to the development of a neural network classifier. The 

initial task presented to the neural network was exceedingly difficult in that it had to 

predict unseen obstruction conditions which lay at mid-positions in-between the trained 

quantities. The network had difficulty in determining the correct unseen obstruction 

quantity, resulting in a prediction error in excess of 50%. However, this severe test on 

previously unseen data had been performed before with various other applications 

within this thesis, such as the single gas zone model start-up and long furnace model 

start-up and 500 minute run predictions in Chapter VI, or the majority of heat exchanger 

related predictions in Chapter VI. These previous tests all appear to be successful with 
the majority of prediction errors below 5%. The only difference between these studies 

lies in the nature of the task presented to the neural network. Thus, these results 
confirm that it is this difference in the task complexity that yields varying results.

7.6 Importance of Training Data Selection

The last section discussed the larger neural network prediction errors associated 

with more complicated representation problems. This section describes the importance 

of the data selected to train artificial neural networks. The complexity of the 

representation task presented to a neural network is in turn largely dependent on the 

training data selected, thus, the problem can be sometimes be simplified by the addition 
or subtraction of more information. However, it is necessary to consider the ease at 

which the additional information can be gathered and to what degree it alters the

original task.
The results of the study into the classification of heat exchanger fouling 

demonstrate an example of how the addition of a single condition enabled superior 

results. After the poor air stream obstruction results discussed in section 6.2.2, early 

predictions involving the neural classifier were still performed with a large error. To
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solve this problem the additional information relating to the water exit temperature was 

added to the existing conditions of air and water inlet temperatures, water mass flow 

rates and antifreeze concentrations (table 6.5). This additional information did not 

increase the number epochs used to train the neural network, rather it provided an 

additional parameter containing information which aided the network in correlating the 

input to the output conditions. This data had been recorded at the same time, thus 

required no time or effort to collect. More importantly it did not contain any direct 

information relating to the quantity of air stream obstruction and therefore did not 

interfere with the original task set.

Another example illustrating the importance of training data selection involves 

the development of the ANN system to control the furnace set-point temperature, 

discussed in section 4.4.3. The original training data input parameters included the 

bottom load surface temperature in addition to that of the top. However, re-assessing 

the task presented to the neural network saw no need to include this data in its training 

phase, since it presented no pertinent information to the representation task. The 

predictions made by the new network trained with the reduced input parameters were 

performed with far less error.

As concluded previously in this thesis, there is point at which the reduction in 

quantities of training data ends and the starvation of the neural network begins. The 

classifier example shown involved the re-introduction of pertinent information required 

to make accurate predictions, whereas the furnace model control example discussed the 

removal of non-relevant training data, not providing important contribution. These 

results provide further emphasis as to the importance of the task and the nature of the 

training data presented to neural networks in yielding successful prediction results.

7.7 Training Data Reduction

Previous sections have described the benefits obtained via the segregation of the 

data presented to an ANN into its natural trends, thus simplifying the operational task. 

Of equal, if not greater, significance is the reduction in the quantity of data required and 

time necessary to train the neural network. The importance of these findings has 

prompted further investigation into the quantities of training data that can be removed 

before prediction error exceeds a predetermined threshold. This section describes
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previous work performed in this area, the methodology employed in this investigation to 

systematically reduce ANN training data, the results obtained and conclusions drawn 

from the study.

When considering a system to be identified via an ANN, the process of data 

collection can be both difficult and time-consuming. Any reduction in the time taken to 

gather training data, or to train the network itself, will undoubtedly lead to further 

applications and benefits when employing ANNs. It is common practice when training 

ANNs to include as much training data as possible to ensure the most accurate data fit. 

To date only one other author has examines the effects of reducing quantities of training 

data on neural network performance. Recent work by Yang (2000) has shown that it is 

feasible to drastically reduce the amount of training data without initially compromising 

the networks ability to represent that data. Whilst the benefits include the requirement 

of less monitored or generated data, Yang demonstrates that if applied to too great an 

extent, the network becomes starved of information, resulting in poor ANN 

representation.

The results of the study (Figure 7.1) suggest that a reduction in the quantity of 

training data in the order of 20% is possible before prediction errors exceed 5%, and a 

further reduction up to 80% before errors reach above 10%. Unfortunately, Yang 

(2000) specifies little detail into the methodology used in reducing the data used in 

training. The author is also unclear as to the nature of the testing data, i.e. the testing 

data is labelled as 'data, which was not used in training'. This data could consist of 

completely unseen data -comprising of totally new data not presented in any form to the 

network previously, or partially seen data -where the actual data conditions have not 

been seen previously, yet combinations of them exist within the training data set. 

Furthermore, Yang experiments with large neural networks to represent the training data 

during the investigation.
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Figure 7.1 ANN prediction errors vs. percentage of data used for training; -x- error Ea 
using training data; -o- error Eb using data not used for training; -0- error E using 

complete data. Error bars indicate standard deviations. The Ea and Eb curves have 
been shifted horizontally by -1% and 1%, respectively, for clarity.

(Reproduced from Yang, 2000)

7.7.1 Training Data Reduction Methodology

Up until now, the work presented in this thesis has focused on determining an 

optimally configured network for a single set of input and output conditions. This 

section is concerned with finding the optimal network configuration for a series of 

different conditions at each stage in the systematic reduction of training data.

Since the heat exchanger system provided real data with which to train and test 

artificial neural networks, this data was used in this investigation also. Table 7.1 

illustrates the input and output parameters used to train the multilayered feedforward 

neural network employed in the study.
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Input parameter
Hot water / antifreeze stream 
inlet temperature (°C)
Cold ambient / conditioned air 

-Sjrjej^injel:!^^
Water / antifreeze mass flow 
rate (kg/s)

Air mass flow rate (kg/s)

Antifreeze cone. (%)
Air stream obstruction (%)

Data range

Sensor TO

Sensor T2

0.033, 0.066, 0.99, 
0.133,0.165

0.0548,0.0671, 
0.0775, 0.0867, 

0.0949
0, 20, 40
0, 33, 50

- o -----

Number of variables

1

1

5

5

3
3

The same input and output conditions seen previously in chapter VI were 

initially applied. The quantity of training data was then decreased from 100% to 80, 60, 

40, 24, 16 and 10.6% to illustrate the effect of the training data reduction. The data was 

systematically reduced between stages, leaving the most significant and outlying 

conditions until last. The most insignificant inputs were decided by which had least 

effect on the network outputs. Another consideration was which inputs had the most 

number of variables in the original training data set (Table 7.1). The overall aim was to 

remove combinations of variables that would have least effect on the networks ability to 

predict the output variables correctly.

When reducing the quantity of training data to 80%, all the air mass flow 

variables (0.0548, 0.0671, 0.0775, 0.0867 & 0.0949 kg/s) were removed for the liquid 

mass flow rates (0.066, 0.99 & 0.133), which occurred at antifreeze concentrations of 

20% at all air stream obstruction quantities (0, 33 & 50). Whilst it is arguable that the 

antifreeze concentration parameter from 0 to 20% has less of an effect that a change in 

liquid mass flow rate, the overall aim was to remove more of the antifreeze 

concentration parameter, for each obstruction. To reduce the quantity of training data to 

60%, all the air mass flow variables (0.0548, 0.0671, 0.0775, 0.0867 & 0.0949kg/s) 

were removed for the liquid mass flow rates (0.066, 0.99 & 0.133kg/s), which occurred 

at antifreeze concentrations of 40% at all air stream obstruction quantities (0, 33 & 50). 

When reducing the quantity of training data to 40%, all the air mass flow variables 

(0.0548, 0.0671, 0.0775, 0.0867 & 0.0949kg/s) were removed for the liquid mass flow
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rates (0.066, 0.99 & 0.133kg/s), which occurred at antifreeze concentrations of 0% at all 

air stream obstruction quantities (0, 33 & 50). With the mid-range conditions of the 

antifreeze parameter removed completely, the reduction of training data to 24% 

included the removal of mid-range air mass flow rates (0.0671, 0.0775 & 0.0867kg/s) 

for the outlying liquid mass flow rates (0.033 & 0.165kg/s) at 0 & 40% antifreeze 

concentrations at all obstruction quantities (0, 33 & 50). Reducing the training data to 

16% of its original quantity involved removing mid-range air mass flow rates (0.0671, 

0.0775 & 0.0867kg/s) for the outlying liquid mass flow rates (0.033 & 0.165kg/s) at 

20% antifreeze concentrations at all obstruction quantities (0, 33 & 50). The removal of 

the remaining 20% antifreeze concentration, which was considered the least significant 

parameter variable, resulted in a reduction of training data to 10.6%.

The testing data selected included information not previously presented to the 

network and a portion of the initial training data. The completely unseen data consisted 

of mid-range values of the configurable parameters, air mass flow rate (0.0613, 0.0725, 

0.0822 & 0.0909kg/s), liquid mass flow rate (0.05, 0.083, 0.116 & 0.149kg/s), 

Antifreeze cone. (10 & 30%) and Air stream obstruction (16.5 & 41.5 %). The portion 

of initial training data used for testing purposes consists of the data removed from the 

training range to produce 80% of the original quantity. Whilst this data has not been 

presented to the ANN previously, combinations of the parameter values have, thus the 

data can be classified as partially seen.

The network configuration which best represented the data at each stage was 

determined. Figures 7.2 - 7.8 show the average artificial neural network representation 

error for each quantity of training data for both the partially seen data (in the case of the 

100% test - all the data has been seen in the training stage) and the unseen data, none of 

which has been presented to the network previously. It was expected for the average 

unseen test error to be higher than that of the partially seen, as the data has been seen 

previously (becoming less so as the percentage reduces). As the percentage was 

reduced to 40% of the original training data and below, the difference between the two 

data set error curves becomes less, as more of the training data has not been presented to 

the network in the training phase.
In order to determine the overall optimum configuration, the three networks with 

the lowest average error were selected in each percentage case. Tables 7.2 and 7.3 

illustrates these findings.
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Table 7.2 Determination of 3 most optimised networks for each of the training data 
percentages for the completely unseen data

Percentage of 
training data

100
80
60
40
24
16

10.6

1 st most optimised 
network

8
10
7
11
10
6
12

2nd most optimised 
network

9
7
9
3
12
2
2

3 rd most optimised 
network

5
12
8
8
11
10
8

Table 7.3 Determination of 3 most optimised networks for each of the training data
percentages for the partially seen data

Percentage of 
training data

100
80
60
40
24
16

10.6

1 st most optimised 
network

10
7
7
5
6
5
7

2nd most optimised 
network

8
9
8
7
8
6
8

3 rd most optimised 
network

8
10
10
8
10
7
9

From the results shown in the two tables, it was deduced using mean, median 
and mode averaging techniques, that the network configuration representing both 
partially and completely unseen data with the lowest test error, at each reduction 
percentage, consisted of 8n in a single hidden layer.

7.7.2 Reduction Results and Discussion

To ensure the most accurate results were obtained and a level of error could be 
determined, the network configuration consisting of 8n was tested five times for each of 
the percentage cases. Figures 7.9 and 7.10 show the average error for all 5 runs for both 
the totally unseen and partially seen testing data respectively, against each percentage 
reduction case. Both figures also show the ANN prediction error when presented with 
the training data set. During the optimisation process the prediction error arising from
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the completely unseen testing data was used in assessing the degree of correctness, as it 
is a harsher test for the neural network.

Unseen data 
Training data

20 40 60 80 
Quantity of training data employed (%)

100

Figure 7.9 Prediction errors of completely unseen testing data and training data whilst 
systematically reducing the quantity of training data employed.

Partially seen data 
Training data

20 40 60 80 
Quantity of training data employed (%)

Figure 7. 10 Prediction errors of completely unseen testing data and training data whilst 
systematically reducing the quantity of training data employed.
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As discussed previously, when the percentage of training data was reduced to 
40% of its original quantity and below, the difference between the partially seen and 
completely unseen data prediction error curves becomes less, as more of the partially 
seen data has not been presented to the network in the training phase. In fact, towards 
the latter tests involving larger reductions in training data, the predictions regarding the 

completely unseen data are performed with slightly less error than the combinations of 
data partially seen by the network in its training phase. This can be explained since the 
initial reductions in training data remove large quantities of mid-range values, which 

encompass the conditions existing within the partially seen testing data. The completely 
unseen testing data contains values closer to the outlying conditions, a large quantity of 
which were left remaining at the final training data reduction.

When comparing Yang's graph and the results shown, it can be clearly seen that 
Yang's chart is similar to that of the completely unseen data. Both curves show 
increasing prediction error, of similar magnitude, when reducing the quantity of training 
data. Furthermore, both curves also show large standard deviations about the average 
error values existing towards the greater training data reductions. These error points are 
subject to larger variations due to the ANN's ability to make correct predictions using 
smaller amounts of training data. Thus, one might construe that the results at these 
points are less reliable. However, whilst the two curves are similar, Yang's results have 
slightly larger standard deviations than the results demonstrated in this study, resulting 
in a slightly lower quantity of possible reduction in training data before the predicted 
error reaches 5%. Figure 7.9 demonstrates that a reduction of 40% was possible before 
exceeding the 5% error band, where as Yang's results show only a possible 30% 
reduction. The curve in figure 7.9 also displays a steeper increase in prediction error 
towards the larger reductions in the quantity of training data employed. Thus, when 
considering a 10% prediction error band, figure 7.9 demonstrates that a reduction of up 
to 75% is possible, whereas Yang's curve (figure 7.1) shows that 80% is possible. 
However, as mentioned previously, both results show large standard deviation errors 
towards the greater reduction quantities and Yang's curve displays an odd trend around 
the 20 and 30% data points, possibly explaining this difference.
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7.7.3 Reduction Conclusions

The work presented in this section demonstrates the small quantity of training 

data necessary to obtain successful (<5-10% error) predictions. Moreover, it shows 

how much information is typically redundant and can be systematically removed 

without compromising ANN prediction accuracy.

The results of this study demonstrate that a large reduction in the region of 75- 

80% of the data used to train a neural network could be employed whilst the 

corresponding prediction error increased from 5-10%. Such vast reductions could 

greatly reduce time and effort required by the most difficult phase of system 

identification, the task of data collection. The reduction in required training data would 

also result in shorter computer training times, again speeding up the process of ANN 

system representation. Furthermore, these results have demonstrated that it is possible 

to achieve similar test results (with less standard deviation) when employing a smaller 

neural network as opposed to the larger configurations select by Yang.

However, the benefits of smaller neural network structures due to data 

segregation appear to be not confined to splitting training data alone. Chapter VI details 

an improvement in prediction performance via segregation of the testing data. Within 

section 6.4.2, the segregation of testing data into individual air inlet temperature 

disruptions (21 and 24°C) produced better results than a combined network. As the 

parameters were unforeseen perturbations, the training data remained the same; 

consequently, the optimisation of three smaller networks was performed by varying the 

testing data alone. This re-confirms the fact that it is the simplification of the task 

presented to a neural network that yields improved results.

The findings of this investigation involving the reduction of ANN training data 

are not restricted to heat exchanger systems and offers numerous benefits to most, if not 

all neural network applications. This work demonstrates that the area of artificial neural 

network implementation is still in early development and simple considerations 

involving optimisation and correct training data selection can promote far superior ANN 

application. In addition, it also further demonstrates the potential benefits of employing 

artificial neural networks over existing strategies.



CHAPTER VIII 
Conclusion and Recommendations

This chapter presents the conclusions drawn from the different studies performed 

throughout this thesis. The points recorded are a concise recapitulation, concluded from 

the objectives, results and discussion chapters. Recommendations for future work are 

also proposed within this chapter, in order that some of the work performed may be 

developed further.

208
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8.1 Introduction

The revival of artificial neural network research observed in the last decade 
combined with consistent increases in computer power and technology has made ANNs 
attractive alternatives in countless thermodynamic applications. The critical review at 

the start of this thesis described the present limitations regarding the use of neural 

networks in combustion and heat exchanger systems. Firstly, there is a scarcity of work 

involving the representation of mathematical models using artificial neural networks. 

Many control strategies in similar thermal applications have used the data produced 

from such models to successfully train neural networks increasing the speed of 
computation and offering the ability to approximate into the control strategy. Secondly, 
many studies have investigated predicting the overall performance of a heat exchanger 
device in standard operational conditions, however none have progressed to model 

systems incorporating variations in exchange fluid properties. In addition, there exists 
only a small amount of work that has been performed into fault diagnosis within heat 

exchanger systems, offering a large potential for development in both fields. Finally, the 
majority of work involving the application of artificial neural networks to 
thermodynamic systems displays a distinct lack of consideration of the network 
configuration. A small quantity of authors have described methods of optimising ANN 
structural configurations, however little research evidence has been published into 
different configuration comparisons. Furthermore, other considerations involving the 
task presented and correct training data quantity and selection also require further 
examination. The aim of this thesis was to address these areas of deficiency and this 
chapter presents the conclusions drawn from the findings of this PhD study.

8.2 Conclusions Drawn from the Thesis

This section presents the conclusions drawn from the different studies performed 

throughout this thesis. The points recorded are a concise recapitulation, concluded from 

the objectives, results and discussion chapters.

1 An optimised multilayered feedforward neural network has been shown to 

represent both start-up and running conditions of two mathematical combustion models. 
The single gas-zone model was predicted with 3.38% and 3.08% error before and after
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data segregation was applied respectively. The more complex long furnace model was 

predicted with 2.32% and 1.45% error before and after data segregation was applied 

respectively. The successful representation of the long furnace model has meant that 

the network prediction results are likely to be more accurate when compared with actual 

experimental data. The main benefit from the development of this novel ANN model is 

that of the increased computational speed at which the neural model can function. 

What's more, neural models of this type are extremely flexible and can be used for 

approximation without re-training. In addition, it is far simpler to alter model 

configurations by re-training a network than to adjust the coding within their 

mathematical equivalent. It is these benefits that make these models attractive 

alternatives within the control area.

2. An ANN has been employed in a control strategy designed to maintain steady 

state conditions in the long furnace model for fluctuations in the furnace throughput. A 

multilayered feedforward artificial neural network gave predictions of furnace set-point 

temperature for increases and decreases in billet feed rate of 4-^-6 and 6-»-4te/hr 

respectively. Whilst the neural network was trained with the same data in both studies, 

it was optimised individually for the two differing sets of test data. The furnace set- 

point temperature prediction errors for the throughput increase and decrease were 

0.147% and 0.2%, corresponding to maximum temperature misrepresentations of 5.9°C 

and 5.7°C respectively. The LFM neural control strategy was successful in its aim to 

maintain steady billet temperatures for throughput fluctuations. Alterations to furnace 

throughput promote large knock-on effects on billet temperatures. Since some 

applications require specific load surface temperatures, in particular the difference 

between the top and bottom billet temperatures, they are limited to furnace throughputs 

within certain ranges. The strategy devised in this study offers the possibility of 

automatically adjusting the furnace set-point temperature to counteract billet 

temperature changes, increasing the range of feed rates possible. This study also 

introduces an alternative approach involving the training of the neural strategy using 

data generated by a mathematical model as opposed to data collected from a real 

furnace system, the benefits of which have been outlined previously.
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3. The same ANN used in the control strategy designed to maintain steady state 

conditions in the long furnace model for fluctuations in the furnace throughput was 

further tested in a study involving the control of a furnace operating under a feed rate 

pattern based upon real scheduled data. Whilst the neural network employed in the 

study was trained with values of 4, 5 and 6te/hr, some of the scheduled throughputs fell 

outside its trained range, demonstrating the networks ability to extrapolate. The neural 

control strategy was capable of delivering predictions of furnace set-point temperature 

to within an average error of 0.25% for the feed rate pattern. This error value 

corresponds to a maximum temperature misrepresentation of 17.9°C, which occurred at 

one of the scheduled pauses. Whilst the neural controller overcompensated for the 

pauses in the throughput schedule, the results appeared no worse than if the ANN had 

not intervened. Overall the neural network successfully controlled the mathematical 

long furnace model so that it maintained steady billet temperatures for throughput 

changes based upon real heating schedule data. This study further demonstrates the 

versatility of artificial neural networks and the applicability of this neural control 

strategy to real systems. In addition, the successful results of this study further validate 

the revolutionary approach involving the training of the neural strategy with data 

generated by a mathematical model as opposed to data collected from a real furnace 

system.

4. Many studies have investigated predicting the overall performance of a heat 

exchanger device in standard operational conditions, however none have progressed to 

model additional conditions that can arise. An optimised multilayered feedforward 

neural network has been shown to accurately predict the heat transfer within a heat 

exchanger process whilst varying tube-side concentrations of antifreeze coolant, without 

prior knowledge of exchange fluid properties. The heat transfer rate and effectiveness 

of the heat exchanger were predicted with 1.47% and 0.9% error before and after data 

segregation was applied respectively. The development of an ANN model capable of 

representing such a variable heat exchange process increases their application potential 

in this field somewhat and further demonstrates that neural networks have the dexterity 

to represent increasingly complex nonlinear processes. In addition, such a model also 

provides the computational speed and flexibility benefits outlined previously.
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5. A limited amount of work has been performed into fault diagnosis within heat 

exchanger systems. An optimised multilayered feedforward neural network has been 

shown to accurately predict the detailed behaviour of a heat exchanger device subjected 
to unforeseen air stream obstruction as a means of fault diagnosis. The ANN was 

capable of predicting the output from a temperature thermistor as it transversed across 
the heat exchanger face, with an error of 2.53%. Considering this air stream obstruction 

as an unintended situation, the neural network correctly predicted the fault from the 

subsequent alterations to the heat exchanger system. This work adds to that previously 

discussed by other authors and further demonstrates the applicability of ANNs to this 
field.

6. An ANN classifier has been developed and shown to correctly predict the level 
of action required in order to counteract the effects of varying degrees of heat exchanger 

fouling. The air stream obstruction was used as an analogy to the derogatory effects 

caused by fouling. The neural classifier was able to correctly predict 15/15 (100%) 
unseen test cases, combinations of which had been presented to the network previously. 

It was found that the classifier was capable of making 68/75 (90.7%) and 109/150 
(72.7%) correct predictions when half and then all the training data relating to the 

quantity of antifreeze concentration were removed and then presented to the classifier as 

completely unseen test cases respectively. Fouling remains a large problem affecting 

the performance of most, if not all heat exchanger systems. This novel application of 

artificial neural networks demonstrates that the effects of fouling can be detected and 

the degree of action required can be determined.

7. A second ANN control strategy has been developed and shown to successfully 

simulate the maintenance of steady state conditions whilst reacting to two simultaneous 

perturbations in a heat exchanger system. Three small multilayered feedforward 

artificial neural networks suggested alterations to the air stream mass flow rate and exit 

temperature for unforeseen multiple liquid and constant air fluctuations in inlet 

temperatures. The air mass flow rate and exit temperature were predicted with 6.86% 

and 5.64% error before and after data segregation was applied respectively. The ANN 

control strategy work reviewed and performed in this thesis reconfirms the limitations 

of neural networks in responding to multiple parameter disruptions. However, it does
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supersede that performed previously by other authors since steady state conditions were 
successfully maintained whilst the controller was subjected to two perturbations 
simultaneously.

8. A single hidden layer, trial and error method of optimising the configuration of 
an artificial neural network has been presented throughout this thesis. The optimisation 

procedure has shown to greatly improve network performance, achieving similar and in 
some cases lower prediction errors than those derived from alternative techniques. The 
result of this procedure further increases their applicability to systems and processes 
requiring high levels of prediction accuracy.

9. As a secondary result of the optimisation procedure, smaller network topologies 
have been implemented. These simpler structures require less training time and can 
compute outputs at greater speed than larger network structures. This work increases 
the potential benefits achieved from the implementation of artificial neural networks 
and further demonstrates their versatility.

10. The segregation of training data has been shown throughout this thesis to result 
in lower network prediction errors. Data segregation simplifies the task presented to the 
ANN and also produces smaller neural network configurations, the potential benefits of 

which have been described previously.

11. The training data reduction experiment performed within this thesis has 
demonstrated the potential for large reductions in the quantity of data used during the 
ANN training phase, whilst maintaining reasonably low prediction error. Reductions in 
the magnitude of 40% and 75% were shown as being possible before exceeding 
prediction errors of 5% and 10% respectively. This work fortifies that performed by 
Yang (2000) and demonstrates the large reductions in the time and effort required for 
the most difficult phase of system identification, the task of data collection. 
Furthermore, the reduction in required training data also results in shorter computer 

training times, greatly accelerating the process of system representation. These 
reductions further increase the potential for ANNs as attractive alternatives in numerous 

applications involving system identification and control.
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12. The nature of the task presented to a neural network has been shown as an 
important factor that can greatly affect successful ANN representation. The more 

complex the problem (i.e. the more obscure the relationship is between input and output 
parameters) - the higher the prediction error. This discovery demonstrates that there are 
limits in the suitability of ANNs with respect to some applications. Whilst the majority 
of applications are possible, the decrease in the neural networks ability in making 
correct predictions may result in an existing strategy out-performing the ANN 
alternative.

13. By far the most significant factor affecting successful ANN representation is that 
involving the correct selection of training data. It has been shown that the parameters 
selected to train an artificial neural network to perform a specific task are of paramount 
importance. Careful consideration must be given to the network input conditions in 
order to achieve successful predictions of the task dependent output conditions. 
Unfortunately, the necessary parameters are not always available or their addition would 
alter the original application task to too great an extent if included. Thus, a balance 
between the two must be observed in order to apply artificial neural networks 

effectively.

8.3 Recommendations for Further Work

This section presents the recommendations for further work, raised from the results 
of the studies detailed within this thesis. The recommendations are as follows:

1. The long-furnace model has been successfully represented via artificial neural 
networks, offering numerous benefits in the field of control. However, a neural network 
representation is only as accurate as the data it was trained with, thus, future work may 
include the representation of even more sophisticated two or three-dimensional zone 

models.

2 The ANN control strategy developed to maintain steady state conditions for 
fluctuations in the furnace throughput has been shown to successfully control the long
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furnace model. The next stage in this work should involve its implementation into a 
real furnace system. This would demonstrate that an artificial neural network trained 
with data generated by a mathematical model could accurately maintain billet 
temperatures in a real furnace for alterations in throughput. For this strategy to be 
successfully applied in accordance with a real heating schedule, more work involving 
methods of training the neural network to understand pauses would be necessary and 
should perhaps be performed before trials on a real furnace system.

3. The heat transfer within the heat exchanger system was successfully modelled 
using ANNs whilst varying tube-side concentrations of antifreeze coolant. During the 
testing procedure, the system was allowed to stabilise in order to achieve steady-state 
results to train the neural network. Scope for further work could include the modelling 
of a more transient system, representing the systems gradual reactions to stream 
perturbations. This would almost certainly require further investigation into other 
network topologies also. Some work in this field has been performed by other authors, 
although it has not included alterations to exchange fluid properties and has thus been 
limited to more simple models in that respect.

4. The fouling classifier developed has the scope to be implemented into an online 
strategy, as it predicts a level of appropriate action to be taken in accordance with the 
degree of fouling detected. However, the effects of fouling generally occur over long 
time-periods and therefore a warning system may prove more appropriate, involving 

sample testing on a regular basis.

5. Whilst the ANN controller developed was shown to successfully maintain steady 
state conditions whilst being subjected to two simultaneous perturbations in the heat 
exchanger system, the results demonstrated that the segregation of one of the 
disruptions yielded better results. A further advancement of this work could include an 
investigation into a system where the outputs of several smaller neural networks, one 
per stream, are combined to produce a controller capable of reacting to numerous stream 

perturbations simultaneously.
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6. The training data reduction experiment has demonstrated the potential for large 
reductions in the quantity of data used during the ANN training phase without 

compromising the level of prediction error to too greater an extent. As this discovery is 

quite recent, further investigation into the quantities of reduction possible would be 

beneficial, as a comparison. Future work may also include ANN projects employing the 

methodology and demonstrating the time saving benefits outlined.
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Appendix A 
Heat Transfer in Gas-fired Furnaces

This appendix section describes the heat transfer mechanisms that occur within a gas- 

fired furnace.
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Al Heat Transfer in Gas-fired Furnaces

The mechanisms of heat transfer that occur in high temperature furnaces, i.e. 

those that operate at temperatures above 800°C, consist primarily of radiation and 

forced convection. Radiation is considered the more dominant mode of heat transfer in 

the majority of natural gas fired furnaces, whereas convective heat transfer becomes 

more significant in certain furnace/process designs, such as rapid heating furnaces 

involving high combustion product velocities.

The combustion products radiate and convect heat energy to the surrounding 

furnace refractory walls and heating material (load), raising each surface temperature. 

As each surface temperature rises, heat is transferred through the material via 

conduction. However, due to their adiabatic nature, the refractory surfaces reflect a 

large quantity of the radiation transmitted. The reflected energy is re-radiated to other 

surfaces and the load. The load also reflects some of the radiation falling upon it, but to 

a lesser extent than the refractory surfaces. Finally, the source of the radiation 

emissions (i.e. the combustion flame) absorbs some of the re-radiated energy. Whilst 

figure Al demonstrates these heat transfer mechanisms further, the following 

subsections explain the radiation, convection and conduction mechanisms of heat 

transfer in gas-fired furnaces in greater detail.

Radiation
Convection
Conduction

External 
Losses^

Flue 
Products

Figure Al Schematic showing the heat transfer mechanisms in an open flame furnace
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Al.l Radiative Heat Transfer

Heat is transferred from the furnace flame to the load via radiation, using the 

following mechanisms:

1. Direct radiation from the flame or hot combustion products to the load and 

refractory surfaces.

2. Re-radiation between the hot refractory surfaces and the load.

The rate of radiative heat transfer increases in accordance with increases in the 

emissivity of the flame and combustion products. However, an increase flame 

emissivity does not always lead to a corresponding increase in the heat transferred to the 

load since a flame with high emissivity also has a high absorptivity. Thus, whilst the 

quantity of direct radiation reaching the load is increased as a result of increasing flame 

emissivity, the amount of the reflected radiation is reduced as more of it is absorbed 

back into the flame.

The emissivity and absorptivity of a natural gas flame is mainly governed by the 

radiative properties of its combustion products, carbon dioxide and water vapour. These 

gaseous products, normally referred to as non-luminous, emit and absorb radiation over 

specific wavelength regions. So-called luminous radiation is generally associated with 

fossil fuels such as oil and coal. With luminous radiation, solid particles present within 

the combustion flame govern radiation exchange over the entire range of wavelengths.

A1.2 Convective Heat Transfer

As mentioned previously, convection can play an important role in 

furnace/process designs incorporating:

1. High combustion product velocities.

2. Low absorptivity of the load material.

3. Low flame temperature and high excess air levels.

4. Low flame emissivity.
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However, heat transfer via convection is relatively small when compared to that 

of radiation in high-temperature furnaces and as a result it is normally sufficient to 

perform an approximate calculation.

A1.3 Conductive Heat Transfer

Also mentioned previously, heat energy is transferred to the solid surfaces 

within the furnace through the processes of radiation and convection. This causes the 

surface temperature of the surfaces (i.e. refractory walls, roof, hearth and load) to rise, 

resulting in a temperature difference across the material. This temperature difference 

enables the conduction of the heat energy through the surface material.

The requirement of any metal-heating furnace is to direct heat energy towards 

the load material, thus the furnace walls, roof and hearth are made of refractory material 

of low thermal conductivity, in order to reflect as much heat as possible. Part of this 

energy transmitted to the refractory surface is conducted through the material to the 

ambient environment outside the furnace, whilst the remainder is stored within the 

material itself, raising its temperature. Storage losses can become quite significant 

during the initial heating stages of furnaces operating under transient conditions as 

surfaces are heated from cold and absorb considerable amounts of energy to achieve 

thermal equilibrium.

The load receiving direct and reflected radiative and convective energy also 

transmits energy through its material via the process of conduction. However, whilst 

the load material conducts heat energy at a far greater rate than the refractory surfaces, 

there is still a time lag between the exposed and underside load surfaces. The 

magnitude of this lag is dependant on the thickness and thermal conductivity of the load 

material and can affect the overall process heating time and temperature uniformity 

within the load.



Appendix B 
The Zone Method Theory

This appendix section provides an introduction to the zone method theory.
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Bl The Zone-method Theory

Zone modelling is one of four approaches employed to solve the radiative 
transfer in combustion systems. Other methods include: Flux, Monte-Carlo and 
combinations of all three methods (hybrid techniques).

The zone method of radiation analysis was first developed by Hotel and his co- 
workers (1958, 1967) and has since been extensively applied to numerous designs of 
industrial furnaces and boilers. The method involves the division of the furnace 
enclosure into a series of volume (or 'gas') and surface zones that are small enough to 
be assumed uniform in their emittance and surface temperatures. The radiative 
interchange within the furnace in calculated by determining radiative exchange factors 
between each zone pair, incorporating the reflected radiation from the load and 
refractory surfaces and the absorptivity of the intervening gas. These exchange factors 
(also known as 'total exchange areas') provide the solution to the radiative exchange 
within the furnace. Equations governing the total energy balance for each zone can then 
be constructed, incorporating all methods of energy transfer within the furnace, such as 
convection due to gas mass flow rate, the chemical heat released during combustion and 
net radiative transfer form neighbouring zones. The constructed energy balances can 
then be solved simultaneously to yield the temperature of each of the gas zones and the 
corresponding heat fluxes at the furnace load and refractory surfaces.

The zone method has been applied to a wide range of furnace mathematical 
models. The most basic of these consists of a model containing a single well-stirred gas 
zone, known as the single gas zone or zero-dimensional model. The more complex long 
furnace (or one-dimensional) model employs a series of longitudinally connected zones, 
providing a one-dimensional representation. Two and three-dimensional zone models 
have also been developed containing a greater number of zones, and provide an even 
more accurate picture of the radiative transfer within a furnace. Since this study 
employs a single gas zone and long furnace zone model, only these two models are 
described further under subsequent relevant sections of this chapter.
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Bl.l Radiation Exchange Area

The application of the zone method requires the knowledge of the radiation 

'exchange area' between zones. The evaluation of these areas is extremely complicated 

and computationally demanding, since they are complex functions of the geometrical 

position of each zone pair, the surface emissivity and the gas attenuation coefficients. 

Three different types of exchange areas need to be considered, these are:

1 . Direct exchange areas

2. Total exchange areas

3. Directed flux areas

The direct exchange areas express the effective area for directive radiative 

interchange between a pair of zones, i.e. surface-surface ( SJSi ), surface-gas ( 5VG, ) and

gas-gas (GjGj). Once the direct exchange areas have been determined, the total

exchange areas can be calculated. These are a measure of the radiation emitted by one 

zone that is absorbed by another, either directly or after multiple reflections from other 

surfaces. After the total exchange areas have been calculated the directed flux areas can 

be determined which account for the radiant energy transfer between zones, making 

allowance for the non-grey, temperature dependent characteristics of the combustion 

products.
Having calculated the required exchange areas, overall energy balances can be 

formulated in order to obtain the temperature distribution of the combustion products in 

a furnace enclosure and consequently the heat transferred to the surrounding surfaces. 

The calculated direct flux areas provide the radiant energy attained by each surface and 

gas zone, however, for a total energy balance the other modes of heat transfer need to be 

considered.

B1.2 Mixed Grey Gas Model

In this study, both models employ natural gas as a fuel, promoting non-luminous 

radiation as the dominant mode of heat transfer. Radiation in this form occurs due to
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transitions in the vibrational and rotational energy levels of heteropolar molecules in the 

combustion products, such as carbon dioxide (CO2) and water vapour (H2O). Carbon 

monoxide (CO) and methane (CH4 ) are also produced; however their radiative 

contributions are relatively small due to their lower concentrations in modern 

stoichiometric systems. Non-luminous gaseous emission and absorption occur at 

discrete frequencies in the electromagnetic spectrum, as demonstrated by figure Bl.

Furthermore, the quantity of radiation emitted and absorbed by a non-luminous 

gas also varies with temperature. Radiation of this nature is termed 'non-grey' to 

distinguish it from grey-body radiation normally associated with surfaces.

When computing the exchange of thermal radiation between any two zones, 

calculations are performed assuming that the combustion gases are grey, along with the 

furnace surfaces. This is because there is considerable advantage in retaining the grey 

gas formulation, since the direct and total exchange areas can be determined without 

knowledge of the temperature field. In this study, the non-grey gas characteristics in 

both models are represented as a weighted summation of two grey gasses (CO2 and 

H2O) plus one clear gas (representing windows in the absorptivity spectrum were zero 

absorptivity occurs).

Absorption Band 

Representation

Wavenumber region where each 
absorption coefficient applies

Figure Bl Representation of real gas absorption bands (Hottel and Sarofim, 1967)
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The emissivity of the real gas is given by:

n=\

where:
n=\

? , n ~ l , since £ cannot exceed unity.

Ng = number of grey gases

%.« = weighting coefficient

kg>n = absorption coefficient (m~' atm" 1 ).

p = absorbing gas partial pressure (atm).

L = radiation path length (m).

The absorption coefficient kg,n is assumed to be independent of temperature, 

whereas the weighting coefficient ag,n , (also known as the fractional amount of 

blackbody energy in the spectral region) is fully temperature dependent and can be 

calculated from the following low order polynomial:

as>n -

The coefficients b| >n , b2,n and Kg>n in relation to the three-term (two grey plus one 

clear) gas model are displayed in table 3.1.

Table Bl Grey gas parameters used in mixed grey gas correlations for natural gas
combustion product emissivity

n
1 (clear)

2 (grey 1)
3 (grey 2)

bl,n

0.437
0.39

0.173

b2,x!03 (K-')

0.0713
-0.0052
-0.0661

kgill (m^atm" 1 )
0

1.88
68.8

(Rhine, J.M. & Tucker, R.J. 1991)
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The one clear and two grey model approximation represents the emissivity 
behaviour of a real gas quite well, as demonstrated by figure B2. For the purposes of 
this study the temperature region of most importance lies between the 1200 and 1800K 
markers.

•I o.
cfl

1
O

o.oi-
0.003 0.03

™

0.3 3.0

(PU2O = PCO2) L, matm

Figure B2 Three-term (1 clear + 2 grey) mixed grey gas fit to total emissivity data of 
natural gas combustion products (Truelove, J.S. 1976)

The main advantage of the mixed grey gas model is that it enables the use of 
constant absorption coefficients by employing weighting factors to represent the 
temperature dependence of the gas emissivity and absorptivity. By alleviating the affect 
of temperature differences on the absorption coefficients, the total exchange areas can 
be evaluated for each of the grey gases with absorption coefficients Kg, n and the net 
radiant flux between zones is then given by the weighted sum of each grey gas 
weighting factor, ag,n evaluated at the temperature of the emitting source.

B1.3 Energy Balances
The calculation of the energy balance for the single gas zone model is far 

simpler than that for the long furnace model. Since the SGZ model treats the entire 
furnace chamber as a single volume zone, there are no energy transfers from any 
neighbouring zones to consider and thus an energy balance encompassing the entire
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furnace can be performed. The single gas zone energy balance can be expressed in 

accordance with Newton's first law of thermodynamics, as:

The rate of energy 
inputted by the fuel 
and combustion air

_____(Qinput)

The rate of energy
outputted through the
hot furnace exhaust

______(ycxhaust)

The total rate of radiation
and convection from the
flame and combustion

products (Qtotai)

The energy being inputted to the furnace is made up of the chemical energy in 

the fuel together with any sensible heat in the fuel and combustion air. The energy 

being lost through the furnace exhaust contains the chemical energy from any unburnt 

fuel and the sensible or latent heat contained in the exhaust gases.

The heat energy input and output to the furnace can be formulated as follows:

ma Cpa (Ta - TJ

Qexhausl = U YYlfCVf + W^ Cpex (Tex - Tj)

= Mf Cvf + ma Cpa (Ta - Td) - u mf Cvf + m^ Cpex (T^ - Td)

Where:

mf = mass flow rate of inputted fuel (kg/s)

mex - mass flow rate of exhaust products (kg/s)

ma ~ mass flow rate of inputted combustion air (kg/s)

Cvf = calorific value of the fuel (J/kg)

Cpa = mean specific heat of the combustion air (J/kg s)

Cpex = mean specific heat of the exhaust products (J/kg s)

Ta = combustion air temperature (K)

Td = datum temperature - taken at fuel inlet (K)

Tex = exhaust product temperature (k)

U = fractional amount of unburnt fuel
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When considering the more accurate long furnace model, energy balances must 

be written for each volume and surface zone in the furnace enclosure. Solving these 

total energy balance equations yields the temperature distribution throughout the 

furnace and consequently the heat transfer to the surrounding surfaces. The directed 

flux areas enable the radiant energy balance to be constructed for each surface and gas 

zone in the furnace enclosure; however other forms of energy transport need to be taken 

into consideration to provide a total energy balance. Figure B3 is a schematic 

representation of the radiant balance formulation for both surface and volume zones.

Surface Zone Volume Zone

•^ ———

—— I SjStEj

—— ̂ GjSiE&

•» —— A -F • F •/i I t, C.,

Radiation from ^x / ^/ 
m surface zones

Radiation from ^ ' 
' / gas zones ——— r~^^

Leaving radiation
Ng '1 

4Si agn A:gn p/^

^-^7 „ Radiation from 
J ' J m surface zones

Radiation from

Q,

Figure B3 The radiant energy balance at a surface and volume zone / (Correia 2001)

Considering figure 3.4, the radiant balance for a surface zone can be expressed as:

m

and for a volume zone:

n=\

where Qrad , is the net radiant energy flow to zone i.
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The remaining forms of energy transport required to be taken into consideration 

to provide a total energy balance on each zone are convection from the combustion 

products, energy transfer form neighbouring zones due to the flow of combustion 

products and the energy released by combustion in the relative zone(s). Thus for a gas 

zone / surrounded by a total number of surface elements Ns , the net heat transfer to the 

combustion products is:

*£enth,i ' ^input, i ~ *Z exhaust ,i ~ ^

where:

The first three terms of the equation correspond to the radiation transfer and this is

followed by convection to all surfaces surrounding the volume zone.

Qenthj i & tne net energy transferred across the boundaries of the volume zone due to

enthalpy flows from adjacent volume zones. It can be obtained by knowledge of the 

properties of the combustion products, their mass flow rates and the direction of the 

flow.

Qinputj and Qexhausii are the total energy input to a gas zone from fuel and combustion

air and the energy loss in the flue products, similar to the energy balance performed for 

the simpler single gas zone model.

B1.4 Zone Method Limitations

Whilst the zone method is considered very effective and can accurately 

determine the radiative heat transfer within furnaces, it does contain several limitations. 

The first of these limitations is that the zone method relies on a prior knowledge of the 

chemical heat release during combustion, the concentration and mass flows in and 

across zones, and the surface convective heat transfer coefficients. This data is 

normally obtained via direct furnace measurements or empirical calculations. It is this 

necessity for these assumptions that have led to the development of computational fluid
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dynamic models, capable of predicting complex fluid flows, chemical kinetics and heat 

transfer within turbulent combustion flows.
An essential part of the zone method of analysis is that of the evaluation of the 

total exchange areas. Another limitation of the zone method is that direct exchange 

factors are rarely available for furnaces of complex geometries, making evaluation 
extremely difficult or alternatively resulting in vast over-simplification to the furnace 

geometry.
Finally, it is difficult to couple the zone method with the flow field and energy 
equations, which are generally solved using finite difference or finite element 

techniques.
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2322 633 5/8....
NIC thermistors, 
high-temperature sensors

Product specification
Sjpersedes data of4th September 1998
Rle under BCcomponente, BC02

2001 An 17

COMPONENTS
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QC components Product specification

NIC thermistors, 
high-temperature sensors 2322 633 5/8....

F6ATUFES

• 3nall diameter
• Quick response 10 temperature

• High aablit'/ over a long lile
• Wide temperature range from

and harsh environments

APPU CATION

• High temperature measurement

- Induarialprocecticontiol

DE9CHPTION

Theos therm idorshavs a negative
temperaturecoetficientand are 
mounted in a glass envelope:

OUI CKHEFffiaiCE DATA

PAFMM ETffl

Temperature range:
2322*335...

23226338...,

RKioance value at 25 "C (B.,)
Tolerance on R-,-value

Tbleranceon Bj3,K-value '
Rilol dmpjtion

• Dmpjlion factor 
1 Raqponaetime
i Thermal timeconstanr T

Temperature coeflicientat 25 "C
Climalic category: 

2322633 5. .

r Ma5E
23226335....

23226338....

VALUE
t

-40 to +200 °C J

-40 10 +200 "C J

10 C 100 Ml j

ts»i>andtio% |

±1.3%
100 mW
2.5rnW;K j 
0.9 S
6C.

-4.38% K

•10 155 56

40 200 '56

^1.03 g

rf3 14 g

2322633 5...- (33D80) without
leateand suitable for surface
mounting
23226338.... iSOD27)wilhtinned
ooppet-clad iron leads

MECHANiCALDATA 

Markinc)

None.

Mounting

By a>lderirg (633 5..... 633 S....1

2001Jin 17
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BCcomponentc Product specification

NTCthermistors, 
high-temperature sensors

2322 633 5/8....

Outlines

Fig.) Component outlin»loi 1322633 8.... (3DD27I.

ORDER NO INFORMATION

Table 1 Catalogue numbersand packaging quantities

j -tJ

Fig.2 Component outline tor 
23226335.... (3OD80).

CATALOGUE NUMBER 

2322633 3....: nole'

Notes
1. Catalogue numbe<2322633 3.... fetheOHIK2322633s. on tape.

Table2 fv r .aluec &-5 M-valueiand catalogue numbas

Ttwthetmiaoc have a 12-digit catalogue numbet aaiting with 2322633 5. ...«....• ths subsequent* digits indicate the 

o «al IB jnd tolerance

T CATALOGUENUMBK2322633 ....

(kn> 

10
20 

* 30

I 100

1 220

I ^S. BS-VAUJE 

1 3977 K ±1.3%

t 3977 K ±1.3%

! 3977 K ±1.3%

3977 K ±1.3%

SOD27 (leaded)

8
tinned-copper

2103

2203 

2303

' 2104

2224

3103
3203 

3303

3104

3224

SODaO (MB.F)1 "
S.... j

i

2103
2203 

2303

2104

2224

RB «%
3103 1

3203 | 

3303 j

3104

3224 |

Note
1 Only available in bliaei tape.

2001 ^n 17
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SCcomponont Rod uctqpecific alien

NIC thermistors, 
high-1emperature sensors 2322 633 5/8.

T«bl»3 Ffecisance valusEat mtsmiediaie lempaature^toi 232: 633 5.

! ft i
' '-40 1* j
i— ~35 ! 

-<JOr^» ]
> -20 1 

; -15 "f

I ~10 I
! -5 |

o ij. -.--.,. .

10 T
15 I

20 j

. - 5 \ 
30
35 ' 

40 i
45 i

__»._!
55 Tf..^ ...... .4...
60 i 
65 !
70
75 i
ao ^
85 j 
90 1

95 i

100 i 
105
110
Vis r
120
135
130 j 

135 i
140 j_

145 :
150 ;

BrRM

33.06 
23.90

1 7 47 "~
13.90 
9621
7.242 

5.501
4.214
3.255 ! ..____.....

1.987
1.570

1.249
1.000 I 
0.8059 [ 
0.6534

0.5329 :
0.4371

0.3604
0.2988 

0.2489 I 
0.2084
0.1753
0.1481 ' 

0.1256 f 
0.1070 I 
0.09156 '

0.07862 '
0.06777 
0.05863 [
o .05089 ;
0.04433 !
0.03873
0.03395 
0.02985 • 
0.02633 j

0.02328 !
0.02065 I

0.0183S :

\RDUETO 
B-TOLBWNCE 

l»

465 
4 21 
3 79
3.38 
299 
261
2.24

1 99

1.55Ti's""

0.90
0.59
0.29
0.00 
0.28 
0.55

0.82
1.08
1.34
1.58 
1.82 
206
2.29
251 
2^73 
2.95 
3.16
3.36
3.56
3 76

3.95 
4.13
4.33
4.50 
4.67 

4.84
5.01
5 17
5.33

TC 
(%<K>

6,59 
6.37 
6.16
5.96
5.77
5.59 
5.41
5.24
5.08 ..-„_....

4.78
4.64
4.51
4.38 
4.25 
4.13

4.02
3.S1

3.80
3.70 
3.60 
3 51
3.42
3 33 
3.24 
3.16 
3.08
3.01
2.93 
286
2.79 
2 73

2.66
2.60 
2 54
2.49
2.43

2 38
2 32

: fte 
(kfl)

2322633 ... loss T£fcl84, nole 1 j

5.103 

330.6
'• 2390 
t 

174.7
1290 

• 96,21
i 7242 

' 55.01
4214
32.55"t '351T"

19,87
15.70
12.49
10.00 
8.059
6.534

5.329
4.371

3.604
2.988 

' 2.489 
r " 2084 

1,753
' 1.481 
I 1.256 
t 1.070 

0.9156
0 7862
0.6777 

' 0.5863 

0.5089 
04433
0.3873

0.3395 
0.2985 

' 0.2633

0.2328

0.2065
0.1836

5.203 

661.2 
478.1 

349.4
258.0
192.4

! 144.8 
110.0
84.28

I 65.09-|_..._____. ......

t 39.74
; 31.40

24.98

5 303 

991.8 
717.1-S».T —

387.0 
2«8.6
2,7.3 
165.0
126.4
97.64 .____-....

59.62
47.10
37.46

; 20.00 3000 
! 16.12 I 24.18 

1307 19.60

10.66 15.99
8.742 13.11

7.209 ! 10,81
5.976 I fi.963 

[ 4.978 , 7.467 
^ 4168 j 6.251

3.505 5.258
2.961 4.442 

' 2.512 t 3769 " 

2.141 1 3.211
1.831 I 2^747
1.572 [ 2.359

1.355 
1.173* ~"V.oi8

0.8865
0.7747

0.6791 
0.5971 

0.5265

2.033
1.759 
1.527 

1.330
1.162
1.019 
0.8956 

0.7898
0.4656 ! 0.6984

0.4129

0.3671

0.6194

0.5507

5.104 I. ... ... .(
3306 I. ... .. ^ . j
2390
1747
1290 
962 J
724.2 

550.1
421.4

325.5_..___

198.7
157.0
124,9 J
1000 
80.59 
65 34
53.29
43.71
36.04
29.88 
34.89 
1084
17.53
14.81 
12.56 
10.70 
9.156
7.862

. *- 7. , 
5.863 

, ^^jjf

4433
3.873
3.395 
V9j5

-2,33
2.328

2.065
1.836

2001 .bn 17
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BCoomponsnto Rod uci specification

NTC thermistors, 
high-temperature sensors

2322 633 5/8.,..

T«bl«4 Rs-i3ancevalu95atimeirn«diatetwiipwatureotor23226338. . »ries

Js
I -40

-35

: -00

: -25 
; -so

-15

: -10
-S

i o
! 5

\ 10 

I 15
20

25

30

AH DUETO 
R|fR» | B-TOL.fflA.NCE

I C*)

33.06

23.90 |~ 

17.47 !

12.90 •. 

9.621 [

5501

4,214 ;

3.255 !
2.534 | 

1.987
- •

1.570

1.249

1.000

0.8059

35 | 0.6534 ! 

" 40 I 0.5329 1 

: 45 : 0.4371 ;

: 50

: 55

' 00

! 70 

^ 75
80 

85r 90
I 95 

i 100 

; 105
: 110
F 115 

; 120
: 125 

130 

135

0.3604

0.298* 

0.2489 ;

0.2084 I 

0.1753 

0 1481
0.1256

' 0.1070

; 0.09156 {

0.07862

0.06777 I
^. . „.... .4-.... ...

0.05863 

; 0.05089 !

: 0.04433 !

; 0.03673 :
' 0.03395 

i 002985 

! 0.03633

4.65

4.21 

3.79

3 38 

2,99 

2.61
2 24

1 89 

1.55

1.22 

0.90 

0.59
0.29

0.00

0.28

0.55 

0.82

1.34

1.58

1.82

2.06

2.29 

2.51
2 73

2.95

3.16
3.36

3.56 

3.76 
~3.95

4 13 

4.32

4.50 
467 

4.84

TC 
P-'K)

6.59

6.37 

6.16
590

5.77 

5.58

5.41

5.24 

5.08
4.93 

4.78 

4.64
4 51
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4.25
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4.02 
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3.70 

3.60

3.51 

3.42 

3.33
3.24
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: 1747
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96.21

; 72.42
5501

42.14
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i 1000
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!_ 2988 
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BCcomponsnts Roduct qpecification

NTClhermislors, 
high-1empera1ure sensors 2322 633 5/8....
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BCoomponentt Ro

NTC thermistors, 
high-temperature sensors 2322 633 5/8.

Derating

Rg.3 Daaingcurve tor 2322 633 5... tHi8&

iO 0 39

fig.4 Daaingcuiva tor 2322 633 8...
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BOcomponflnts Ptoduct qpecrficaion

NTCthermislors, 
high-temperature sensors 2322 633 5/8.

Stability and R-T chamctoruics

Fig.; 3abilityofglaa;encapsulatedNTCsaftei thermal shock lea.

TCCl

Rgfi Typical B-T chatacteiiaicslbt ths 2322 633 5/8...
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fC components Roduct ipecification

NTClhermislors, 
high-temperalure sensors

2322 633 5/8....

PACKAGING
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BCoomportento Rod uct specification

NTCthermistors, 
high-temperature sensors 2322 633 5/8.,..
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BO components. Product specification

NTC t hermislors, 
high-temperature sensors

2322 633 5/8....

Rg.9 Thermistorcon bandolier.

Note to table 5 and Fig.g
The bandolier ola 180 mm reel contains at leaa :500de«c«owith no moiethan 05% empty position?.
Three consecutive empy places ma/ be found provided Ihisgap is followed by 6 conaecutwe devices
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Appendix D: 
Heat Exchanger Sample Calculations

This Appendix contains some sample calculations used to determine the effectiveness, 

heat transfer performance and number of transfer units for the heat exchanger described 

in Chapter V.
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Dl Effectiveness (e)

The effectiveness of a heat exchanger is the ratio of the actual amount of heat 
transferred to the maximum possible amount of heat that could be transferred with an 
infinite area. Although the heat transfer rate from either stream could be used, the air 
stream appeared to suffer from less fluctuation during experimental testing and was thus 
considered the stream to which energy calculations would be based.

The effectiveness of the heat exchanger device can be found using the equation:

£=Qair/Qmax ...(Dl.l)

Where Qair is the heat transfer rate of the air stream for each set of test conditions and 
Qmax is the maximum possible amount of heat that could be transferred with an infinite 
area.

Qair is given by the formula:

Qair = MC n kT
. ' , ...(D1.2) 

= MCp (Tcnul -Tc,n }

Where:

M = Mass flow rate of the air stream.
C = Specific heat capacity of air, taken as average between inlet and outlet

temperatures.
AT(=Tcoul -Tcin }^ Change in temperature across the air stream.

Qmax is given by the formula:
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Qmax = Cmin (Thin ~ Tcin) ...(D1.3) 

Where:

Cmin = Minimum thermal capacity flow rate, i.e. the fluid with the lowest heat capacity 

rate - for the purposes of this experiment this corresponds to the cold air stream. 

Thin - Temperature of the hot stream at its inlet 

Tcin - Temperature of the cold stream at its inlet

In accordance with this Cmin = the thermal capacity flow rate of the cold stream (Cc), 

thus:

in = Cc=MCp

Where (similar to equation Dl .2):

M = Mass flow rate of the air stream.
Cp - Specific heat capacity of air, taken as average between inlet and outlet

temperatures.

Substituting Dl .4 into D1.3:

Qmax = MCp (Thin - Tcm)

Substituting D1.5 and 1.2 into Dl.l:

MCp (Tcoul -Tcm } 
MC(Th,n -Tcm }
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£= , ""' TC"} since Cmin=Cc ...(D1.6)

Thus, the effectiveness of this heat exchanger can be considered the ratio of the 

temperature difference across the cold air stream to the difference between the inlet 

temperatures.

D1.2 Sample Calculation of Effectiveness

A mid-range test condition was employed to illustrate a sample effectiveness calculation 

in this working example. The test condition included fluid flow rates of 0.0775 and 

0.99 kg/s for air and water respectively. The temperature set-point of the reservoir was 

90°C.

From D 1.6

Where:

7Vw = 713 = 64.19

Thin = TO = 80.75

Substituting these values gives:

_ (64.19-23.21} 
8 (80.75-23.21)

£ =0.712
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D2 Heat Transfer Performance (UA)

The heat exchanger calculations are based on energy balances for the hot and cold 

fluids. The hot fluid supplies the heat exchanger duty to the cold fluid. This duty may 

also be defined in terms of the overall heat transfer coefficient and the heat exchange 

area, UA.

Since:

Q= UAxLMTD

So

~ LMTD

Where:

Q - Heat transfer rate (Qair).

LMTD - Log mean temperature difference. This is an average temperature difference

since the temperature of the hot and cold streams varies across the heat exchanger

device.

LMTD is given by the formula:

(Thin - Tcout) - (Thout - Tcin)LMTD = -
(Thin - Tcout) \ 
(Thout-Tcin)}

These temperatures correspond to the sensors TO, Tl, T2 & T13:



Appendix D 259

In (TO-T13)
(Tl - T2)

Substituting D2.2 into D2.1:

UA = Q

Fx- (TO-T13)-

In
(TO-
(Tl-

(Tl - T2)
T13)~
-T2) _j

...(D2.3)

Where:

F = Correction factor for a single-pass, cross-flow heat exchanger with both fluids 

unmixed. This factor is taken from charts (algebraic expressions from various shell- 

and-tube and cross flow heat exchangers) and was found to be 0.93 for this 

configuration.

D2.1 Sample Calculation of UA

The same test condition used to perform the sample calculation of the heat exchanger's 

effectiveness was also used to demonstrate a working example of its heat transfer 

performance.

From D2.3 UA =

Fx- (TO-T13)-

In
~(TO-

(Tl

(Tl - T2)
T13)
-T2) _,
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Where:

773 = 64.19 

T2 = 23.21 

TO = 80. 75 

Tl = 72.91

Substituting these values gives: 

UA = 3.17

0.93 x. (80. 75 - 64.19) - (72. 91 - 23.21)

In
k

(80.75-64.19)
_(7 2.9 1-23.21)

£7/4=0.113 

D3 Number of Transfer Units (NTU)

The NTU is a dimensionless parameter widely used in heat exchanger analysis as an 

indication of device performance and size. It is used as an alternative to the LMTD 

method and is normally employed when the fluid outlet temperatures are not known but 

the heat transfer performance (UA) is. However, in this experiment the outlet 

temperatures are known.

NTU - UA / Cmin ...(D3.1)

Substituting D1.4 and D2.3 into D3.1:
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NTU = Q

MCp Fx< (TO-T13)-

In
.

(TO-
(Tl-

(Tl - T2)
T13)~
-T2)

.(D3.2)

NTU = (T13-T2)

Fx< (TO-T13)-

In
~(TO-

(Tl-

(T1-T2)
T13)~
•T2)

...(D3.3)

D3.1 Sample Calculation of NTH

The same test condition used to perform the sample calculations of the heat exchanger 
effectiveness and heat transfer performance was also used to demonstrate a working 
example of how the number of transfer units was calculated.

From D3.3

Where:
F = 0.93 
773 = 64.19
72-23.21 
TO = 80.75 
77=72.91

NTU = (T13-T2)

Fx< (TO-T13)-

In
(70-
(Tl-

(Tl - T2)
T13)
-T2) _

Substituting these values gives:
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NTU = 64.19-23.21

0.93 x< (80.75-64.19)-

In '(80.75
_(72.91

(72.91-23.21)
-64.19)
- 23.21)

NTU =1.46



Appendix E:
Heat Exchanger Sample Calculations of Air Mass

Flow Rate

This Appendix contains a sample calculation used to determine the Air Mass Flow Rate 

for the heat exchanger described in Chapter V.
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El Air Stream Mass Flow-rate

The volume flow-rate Q (m3/s) of the air passing through the orifice plate can be given 

by the Continuity equation:

Q = AjU, = A 2 U2 ...(ELI) 

So (/,=-£ and £7,=-^-

Considering the Bernoulli equation (neglecting losses):

pg 2g pg 2g 

Substituting El.2 into El.3:

Q 2 _ P^ ^_QL,
pg 2gA 2 pg 2gA 2

^^X

Q =

1-
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This is the theoretical maximum flow through the restriction. However, the addition of 

a dimensionless discharge coefficient, CD takes into account losses due to friction and 
turbulence induced by the restriction.

Q = ...(E1.4)

E2 Application of Flow Equation to Orifice Plate

Figures El and E2 demonstrate schematics of a typical orifice plate and its pressure 

tapping and diameter distances respectively.

upttreom rot* A

eboeQ

rhfcknm £ of the plate

Ocwnifr»am fact 8

Vt
___ L«"9,

TWckntM e of tfw orlf lei

Axial centre-tine

Direction of flow

__— Downstream tOQtt H and I

Figure El Schematic of a standard orifice plate (ISO 5167)
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^77777777777/y//,

Figure E2 Schematic of a standard orifice plate (ISO 5167)

Applying the previously determined flow equation (El.4) to an orifice plate gives:

Q = CL I1
At

Where A t and A 2 are the areas calculated from the internal diameters of the pipe and 
plate (D and d) respectively, p, and p2 relate to the pressure drop across the plate and p 
is the density of the fluid being measured.

E3 Sample Calculation of Air Flow Rate using Orifice Plate

The internal diameters of the pipe section and orifice plate were 0.14m and 0.108m 
respectively. Thus, the respective areas are:
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. 0.0154m" and ^- = 0.00916ma

The pressure drop across the orifice plate was measured on an inclined manometer 
configured to reflect its most sensitive setting (x 0.05). The recorded value was 
corrected for this inclination and converted to a standardised pressure unit using the 
following equation:

Where p* is the density of water (997.4kg/m3 @ 21°C), g is the acceleration due to 
gravity (9.81 m/s2), and Hw is the height of water in the manometer converted to mH20.

Thus, calculating the pressure from a sample manometer reading of 120mm H20:

120 x 0.05 - 6mmH20 = 6 x 10'3 mH20 

.-. 4? = 997.4 x 9.81 x 0.006 = 58.71 N/m2

The density of air passing through the orifice plate must be corrected for temperature as 
it has been heated by the heat exchanger upstream. Thus, at a typical exit temperature 
of 60°C, air has a density of 1.059kg/m3 .

The discharge coefficient (CD) for an orifice plate of this diameter ratio (d/D) and 
measurement via flange pressure tapings can be assumed as 0.61 (0.6-0.62 depending 

on Reynolds number).

Substituting these values into the flow equation (El.4) gives the calculated volume flow 

rate for a set of typical testing conditions.



Appendix E 268 

Thus:

0.00916
1.059 \( 0.00916 2

0.0154'

.-. Q = 0.61 x 10.53 x 0.0114 = 0.0732m3/s

To convert this volume flow rate into the air mass flow rate the value must be 
multiplied by the density of the fluid passing through the orifice, in this case air at 60°C.

Qm (or M)= 0.0732 x 1.059 = 0.0775kg/s



Appendix F 
Error Analysis

The results displayed previously in Chapter V were calculated from readings taken 

about the heat exchanger system. Each of the monitoring devices used to record the 

data can be considered as a potential source of error. This Appendix examines the 

quantification of theses potential errors to assess their effect on the results obtained.
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Fl Introduction - Estimation of Experimental Uncertainties

The authors Kline and McClintock (1953) state that 'the uncertainties associated with 
each independent variable affecting the outcome of the experiment can be combined to 
produce the uncertainty of the dependant variable'. This is expressed via the equation:

.ax, 2 •""" ax. •\, ^
...(Fl)

Where:

R is a function of n independent variables x/, JQ, ..., xn .
WR is the uncertainty in the result.

Wi, W2, .... Wn are the uncertainties in the independent variables.

This equation indicates that the uncertainties in individual variables contribute to the 
uncertainty in the dependent variable by a square law.

F2 Monitoring System's Potential for Error

Whilst every care was taken during the experimental work outlined in this thesis, never 
the less, there are always systematic errors that need to be accounted for. The 
monitoring devices about the heat exchanger system consisted of 14 temperature 
thermistors, a water inlet temperature set-point controller, a rotameter for recording the 
mass flow rate of water, and an inclined manometer for recording the pressure drop 
across the orifice plate. In each of these devices exists a potential source of error.
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F2.1 Errors Associated with Measurement of Air Mass Flow Rate

The long ducting lengths specified in the BS EN ISO 5167-1:1997 and the addition of 

honeycomb flow rectifier enabled extremely accurate pressure readings across the 

orifice plate.

The inclined manometer used to measure the pressure drop was positioned at its most 

sensitive setting and displayed a maximum fluctuation of +/- 1mm H20. This 

corresponded to an actual pressure drop of 0.05 mm H20 and a maximum mass flow rate 

error of 4.6x10"4kg/s.

The discharge coefficient for the orifice plate was valued at 0.61, midway between the 

limits specified by the British Standard (0.60-0.62). In accordance with this, the 

original values can offer error extremities associated with the average used.

F2.2 Errors Associated with Measurement of Water Mass Flow Rate

Due to the age of the pumping system used throughout the experiment and the 

additional work required to drive the denser fluids (those containing concentrations of 

antifreeze), the rotameter reading fluctuated up to a maximum of 0.1 litres/minute 

(=1.67xlO~3kg/s for water at 80°C).

Throughout the duration of each experimental day the level of antifreeze mixture in the 

reservoir dropped by a maximum 2mm. This corresponded to a volume reduction from 

12 litres to 11.68 litres. Assuming that the volume change was caused by the 

evaporation of water from the reservoir, the concentration of antifreeze would be 

increased accordingly. Considering the largest quantity of antifreeze (used in the 

following examples) a 40% concentration could be increased to 41.1% over the entire 

day. Such an increase in antifreeze concentration relates to a corresponding reduction in 

the fluids specific heat capacity. This reduction can be found from tables (Texaco Inc. 

1998) and relates to a multiplication of 0.04 to the existing value (3.708 used in the 

following examples, i.e. 3.708 x 0.04 = 0.148 kJ/kW K).
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F2.3 Errors Associated with Measurement of Air and Water Temperature

As specified previously, the high-temperature thermistor sensors have a resistance 
tolerance value of +/- 5%. However, this error can be ignored since each thermistor 
sensor was individually calibrated in an environmental chamber using a platinum 

resistance probe to an accuracy of 0.1°C. Whilst the sensors were corrected to eliminate 
temperature measurement error, this was performed at the temperature extremities of 

10°C & 90°C. However, as illustrated in figure 5.11 (p.127), the sensor readings 
contain errors in the mid-region of the calibrated extremities. These error for the 
temperatures used in this error evaluation are as follows:

20°C = 0.7°C 
55°C=1.5°C 

65°C=1.0°C 
80°C = 0°C

Combining these with the error of the platinum resistance probe gives:

20°C = 0.8°C 
55°C=1.6°C

65°c = i.rc
80°C = 0.1°C

Since the calculations of heat transfer rate involve the temperature difference across 

each stream, the calculated error will be a combination of these values (AT).

The set point temperature of the water / antifreeze reservoir fluctuated about 1.5 °C, 
however, the exact input temperature to the heat exchange device was recorded in every 
case. In addition, the effect of this increase was reduced somewhat due to the 
temperature loss between the reservoir and the heat exchanger inlet.

In both cases, an average specific heat capacity value was taken from the input and 

output stream temperatures about the heat exchanger device. Since the actual value
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changed throughout the device the original values can offer error extremities associated 

with the average used.

F3 Estimation of Experimental Error

The results discussed in Chapters V and VI of this thesis often involved the two 

parameters heat transfer rate (Q) and the systems effectiveness (E). Thus, three 

computations shall follow which estimate the error associated with calculations of the 

heat transfer rate between both streams and the related effectiveness for a single set of 

test conditions.

The example employed in this analysis is the test experiment most likely to have been 

performed with the largest error. The test condition used incorporates the smallest mass 

flow rates for both streams since the fluctuations described previously would have the 

greatest effect. Thus, the test relating to 0.033 kg/s and 0.0548 kg/s for water and air 

respectively was selected.

F3.1 Heat Transfer Rate of Water Stream

The equation used to determine the heat transfer rate throughout the study is:

Q = MxC^xAJ ...(F2)

where,
Mis the water mass flow rate.
Cp is the specific heat capacity of water at its inlet temperature.

AT is the water's temperature drop over the heat exchanger.
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Considering the potential sources of error for the water stream discussed in the previous 

section, the independent variables and their associated uncertainties are:

M = 0.0322 ± 1.67xlO-3kg/s

Cp = 3.708 ± 0.193kJ/kgK

To = 80.349 ± 0.1 °C

T, = 63.772 ± 1.1 °C

AT = 16.557 ± 1.2°C (T0 + T,)

The uncertainty value for specific heat capacity is a combination of the original specific 

heat capacity values (+/- 0.045) and the losses due to evaporation (+/-0.149).

Let WQ equal the uncertainty in the heat transfer rate and WM, WTo and WT, be the 

uncertainties in the independent variables of mass flow rate, inlet and outlet temperature 

respectively. Combining equations (Fl) and (F2) gives:

W —™ ~ :> a 4 6M M WT

1/2

To solve this equation, it is necessary to partial differentiate equation (Fl) with respect 

to the variables of interest and substitute those terms into the equation. The resultant 

equation can be further simplified by dividing it by equation (Fl), resulting in the 

following expression:

Q
M

M
wCi ~c. W,

1/2

...(F3)

Substituting the values and the corresponding uncertainties of the independent variables
into equation (F3) gives:
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Q

Q
1.67xlQ-3 V | f Q.193V | ( 1.2 V 

0.0332 I + [3.708; + Il6.557;

1/2

Wn-JL= 10.24%

F3.2 Heat Transfer Rate of Air Stream

Estimating the uncertainty errors associated with calculations of the air stream heat 

transfer rate can be performed in a similar manner to that of the water heat transfer rate 

as both use the same equation (F2). The independent variables and their associated 
uncertainties are:

M = 0.0549 + 1.36xlO-3 kg/s

Cp = 1.0075 ± 6.24x1O"4 kJ/kgK
T2 = 22.299 ± 0.8 °C

Tn = 57.093 + 1.6°C

AT = 34.794 ± 2.4 °C (T2 + T, 3)

The uncertainty value for specific heat capacity corresponds to the original specific heat 

capacity values (1.00685 and 1.00809 = +/-6.24xlO'4 kJ/kgK).

The uncertainty value for the air mass flow rate is a combination of the error associated 

with the fluctuation in orifice plate readings (+/- 4.6x10"4kg/s) and the extremity values 

for the orifice plate discharge coefficient as specified by the British Standard (0.60-0.62, 

resulting in an error value of+/- 9.0x10").

Substituting these values into equation (F3) gives:
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W_£.e
1.36x10 3 

0.0549
6.24x10 

1.0075

-4 2-4 y
,34.794;

1/2

= 7.33 %

When comparing the error analysis of the heat transfer rate for both streams, it can 

clearly be seen that the air stream calculations have a lower potential for error. This is 

primarily due to the uncontrollable water mass flow rate fluctuations and the 

temperature calibration errors discussed previously. For this reason, the air stream heat 

transfer rate calculations were used throughout the results and ANN analysis sections of 

the thesis. It is worth mentioning that although the water stream has been shown to 

have a greater potential for error, the difference between the two heat transfer rates 

rarely rose above 5%, as previously discussed in Chapter 5.

F3.3 Effectiveness of the Heat Exchanger System

As described in Appendix D (equation DJ.6), the equation used to determine the 

effectiveness £ of this heat exchanger system is:

e=
(Th,n -Tc,n )

since Cmin=Cc

The independent variables and their associated uncertainties are:

7cOM, = T13 =57.093 ± 1.6°C

TCin = T2 = 22.299 ± 0.8 °C

ATc =T13-T2 = 34.794 + 2.4 °C

771ft, =TO -80.349 ± 0.1 °C
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Modifying equation (F3) for this calculation calculation, gives:

W"Thm

-Ths. -7c,,
ATc

ATc)

1/2

...(F5)

Substituting the values and the corresponding uncertainties of the independent variables
into equation (F5) gives:

W 0.1
-80.349

0.8
-22.299

,—T
,34.794;

1/2

F3.4 Conclusions

W:. -*- = 7.78 %
£

The calculated errors for both stream heat transfer rates and the heat exchangers 

effectiveness are evaluations of the maximum error that could be applied to the 

calculations. Since the difference between the two stream heat transfer rates rarely rose 

above 5%, this is a good indication that this maximum error was not achieved.


