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ABSTRACT

COMBAT AIRCRAFT
EFFECTIVENESS PREDICTION
BY ARTIFICIAL NEURAL
NETWORKS
This dissertation investigates the feasibility of applying Artificial Neural Networks
(ANN) to problems of weapon system evaluation, and presents a Radial-Basis
Function (RBF) Network as an ideal neural-net architecture to approximate the
value function of a complex system such as combat aircraft, an approach
perceived different from traditional MCDM problems for its intrinsic
characteristics of weapon system engineering. The advantage of RBF against the
traditional Multi-Layer Perceptron (MLP) is the relatively little amount of sample
data required to train the network, which performs a more consistent and
coherent prediction. A case study involving the selection of fighter aircraft is
discussed with reference to the construction and validation of neural nets. The
experimental results indicate that RBF yields a robust and simple-architecture
solution, while the disadvantage is its heavy reliance on the data of a holistic score
that can be treated as the output of neural nets employed to predict aircraft’s
effectiveness.
The need for defence investment decisions of cardinal values rather than ordinal
ranking motivates this study. MCDM methodologies including AHP, UTA, and
PROMETHEE II are compared with the ANN method. Correlations are
examined before the MCDM analysis is performed, and a two-dimensional hiplot
plane is established to elucidate the information pertaining to alternatives and
criteria. Among the compared MCDM methods, the logic of UTA coincides with
that of RBF approach proposed in this dissertation, while UTA employs linear
programming and RBF uses Gaussian transformation with régularisation theory.

The results show that RBF can accurately predict the numeric value of
alternatives to interpret their operational effectiveness, and prevent the illcondition when applying MLP. As to the reliability of method, the investigations
of RBF satisfy both correspondence and coherence criteria, which demonstrats it
as an economic and reliable tool for both alternative selection and concept design.
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CHAPTER 1
INTRODUCTION

The acquisition of weapon systems frequently involves compromise among
several criteria, such as national security, profile of threat, and cost-effectiveness.
A few MCDM methodologies have been developed to determine a pseudo-single
variable to the comparison of alternatives and widely employed in the social and
defence investment decision problems. This paper argues that the traditional
linear MCDM approaches are subject to inconsistent human judgement and
nonlinear complexities of weapon systems. The need to compare effectiveness of
candidate weapon systems leads to the research of methodology capable of
capturing the intrinsic properties with rniriimal data, and reduce the interface with
human judgement to the minimum level.
The case of evaluating alternative combat aircraft is employed to develop and test
the methodology. The search for a tool that can represent the value of a combat
aircraft in a holistic form to assist senior officers in determining the best one is
the core of this smdy. The process of decision-making involves defining a
valuation measure deterrnining the value and comparing alternatives. In the
context of weapon systems acquisition, the fundamental step is to define the
boundaries of each system and the measure of their effectiveness. Finally, to
choose a system according to requirement, or choose the optimal system from a
set of alternatives. However, the complexities of a weapon system are such that
the trades-off among conflicting criteria and the compromises by various
stakeholders make formulating an objective scheme for evaluating the
effectiveness of weapon systems difficult. Various attempts have been made to
elicit relationships between the weights of value functions and ranking order, as
20

for example in the UTA and the potential optimality or dominance scheme when
both values and weights are imprecise (Lee et. al, 2002).
While conventional MCDM methodologies attempt to determine weights of
value functions using partial or ordinal information, this study uses ANNs to
approximate the relationships between the input and the output of a value
function. The logic of UTA approach is similar to that proposed in the paper and
the results and process of the new approach are compared to those of UTA.
1.1

Problem Defînition

The Republic of China Air Force (ROCAF) developed an indigenous combat
aircraft, Ching-kuo, in the 1980s, when its entire aircraft fleet was aging gradually
and the country could not economically acquire any new aircraft from the
international market. The ROC later purchased F-16 and Mirage-2000/5 from
the USA and France and cut the production of Ching-kuo. The decisions made at
that time are frequently criticised by perspective stakeholders as unwise: political
considerations have often outweighed cost-effectiveness studies.
The threat profile has changed drastically since the People’s Republic of China
Liberation Army (PRCLA) acquired Su-27, an aircraft that poses a real threat to
most western combat aircraft. Accordingly, ROCAF is making plans for its next
generation of combat aircraft. Coincidenfly, the European defense industries were
developing the Euro fighter in 1995, which also treated Su-27 as a major future
threat. BAe has conducted a complex computer simulation of operational
effectiveness, defined as the probability of overcoming the potential threat of the
Su-27. Most modem and future western combat aircraft are evaluated using such
a simulation. The operational effectiveness can be easily translated into an
exchange ratio, the ratio of the number of lost enemy to lost friendly aircraft.
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The same type of operational effectiveness could be the most illustrating measure
to teU the capability of Ching-kuo, and possibly, its potential of upgrade.
However, it would be too costly to apply sophisticated computer simulation
during the operational analysis or concept exploration stage. With the availability
of performance data and operational effectiveness summarised in Table 3.3, the
methodology to interpolate the performance data of other modem aircraft with
Ching-kuo is to be explored.
1.2

Measure of Effectiveness

Operational effectiveness is critical to acquiring weapon systems. ^ A weapon
system’s effectiveness measures its success in combat, which includes on its
overall performance and that of allied and opposing systems (Kirkpatrick, 1995, p.
267). For modem combat aircraft, this compound formula is complicated by the
revolution in stealth technology, which has been a major feature in the school of
Revolutions in Military Affairs (RMA), revolution in technology could imply a
non-linear ch.2ir\.ge. in the fighting of wars (Lambeth, 1997, p. 75), and the traditional
three-to-one rule governing attacking advantage may no longer hold (Owens, 1996,

p. 15).
Among many others, stealth has been regarded as one of the most promising
technologies in the 2F' century (IISS, 1996, p. 31). Its impact on the effectiveness
of combat aircraft has been considered by Sheehan (1997, p. 11), who asserted
that one stealthy F-117 bomber sortie with laser guided bombs was needed to
destroy targets that could have been destroyed only by 1500 B-17 sorties in 1943
and 176 F-4 sorties in 1970. Although stealth offers unprecedented benefits for
combat aircraft, it conflicts with other design features, including aerodynamics
(LoreU & Levaux, 1998, p. 134). Accordingly, the criteria that determine the

A lthough n o t being quantified holistically, operational effectiveness is regarded critical to the selection o f
com bat aircraft.

22

effectiveness of modem combat aircraft are non-linear and conflicting. Furthermore,
operational effectiveness also depends on enemj ^stems’peiformance. The evaluation
of combat aircraft’s effectiveness constrained by these complexities is a major
challenge to be tackled by this study.
For the investment decision currently employed by the ROC Air Force, although
the operational effectiveness is also regarded as the most important criterion, it is
not used to prioritise alternatives, but only used as a threshold to filter out
alternatives with respect to their attributes. AH candidate aircraft must satisfy all
the criteria before they proceed to the stage of cost-effectiveness prioritisation,
which is defined as below.

Cost-Effectiveness

u Availability
A
1 U T .
where
=

1.3

(1.1)

Availability

M7TR
MTTR + M TBF

Multi-Criteria Decision-Making (MCDM) Approaches

When analysing multi-criteria decision-making, decision problems are classified as
involving an infinite set of alternatives or afinite set of alternatives (Hwang & Yoon,
1981; D’Avignon & Winkels, 1986). Nearly all real-world decision problems
involve more than one objective (Carrizosa et al, 1995). Weapon systems decision
problems frequently involve trades-offs among numerous alternatives, and under
more than one scenario.

This work associates means of weapon systems

acquisitions with perspective decision-making methodologies, in which the design
of a new system is regarded as the search for an optimal configuration from an
infinite set of possibilities, and the off-the-shelf procurement is regarded
equivalent to selecting the best alternative from a finite list of alternatives.
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Buede & Bresnick (1992, p. 124) analysed decision-making methodologies used
by the United States Department of Defense in various stages of acquiring
weapon systems. They concluded that multi-attrihute value analysis and resource
allocation techniques are the most useful methodologies. Keeney (1992, p. 47)

distinguished value-focused approaches from altemative-focused approaches, and
suggested focusing on values rather than alternatives. However, in OR the early
stage of off-the-shelf procurement, decision-makers must start with a list of
alternatives, compare specified parameters such as speed, thrust and weight
against objectives (such as manoeuvrability, lethality, and survivability)
determined by threat analysis, and select the best alternative. Moreover, short
listed alternatives are subject to change with the development of new systems.
This dissertation aims to develop a multi-criteria decision-making method that
can describe a weapon system’s effectiveness by its measurable attributes and can
also accommodate newly arriving alternatives in the future.
1.4

Artificial Neural Network (ANN) Proposals

Among other artificial intelligence methods, ANN is proposed as highly
promising for decision support when evaluating alternative weapon systems. The
ability of the ANN to replicate the parallel calculations of biological neural
networks enables it to solve multi-dimensional and nonlinear problems. ANN
and Neural Nets (NN) will be used interchangeably from time to time in this
dissertation when necessary. ANNs have been used in several disciplines,
including for example, pattern recognition (Ukrainec & Haykin, 1996) and
financial forecasting (Leung et al, 2000). The study of ANNs can be traced back
to the 1950s; its originally simple structure retarded the development of effective
algorithms and caused the field to suffer decades of stagnation. The development
of more sophisticated network structures, algorithms, and computer technologies
has drastically increased their applicability. A successfully trained network predicts
the outputs from unforeseen input data.
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These properties are particularly suited to decision-making problems, in which
attribute values and effectiveness are known but the weight coefficients of the
value function are unknown, assuming such a value function exists. By treating
the performance parameters of combat aircraft as network inputs and aircraft
effectiveness as network outputs, the effectiveness of another aircraft in the same
class can be predicted by ready-trained networks, which are invaluable for
planning the acquisition of weapon systems.
The challenge of employing such methodologies is the limited number of data
that can be used to “train” the neural networks. Fortunately, many neural
networks have been developed for peculiar scenarios. One important
contribution of this study is its exploration of neural-net architecture and the
integration of MCDM concepts and value functions with combat aircraft. For the
system engineering disciplines, the successful implementation of ANN method to
the optimal choice among alternatives also bridges the gap between systems
engineering and off-the-shelf procurement.
1.5

Scope of Study

Figure 1.1 presents he scope of this study. The prediction of the effectiveness of
combat aircraft is based on the following.
1. A requirement analysis as in systems engineering.
2. The decision framework to support value-focused multi-criteria decisionmaking.
3. Mathematical approximations made by artificial neural networks.
Alternative-focused MCDM used to evaluate weapon systems; the behaviour of
alternative-focused MCDM according to cognitive decision analysis, and the
requirement hierarchy used in systems engineering are used here to justify the
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MCDM methodolog}^ to be employed in alternative analysis. The previous
application of ANNs to aerodynamics and MCDM methodologies ensures the
applicabilit)^ of ANNs to predicting the effectiveness of combat aircraft.
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Figure 1.1 Scope o f Studies
1.6

Am endm ents to Previous Version

The previous version of the dissertation focused on the development of an ANN
model, wliile neglected fundamental issues concerning data analysis and the
comparison with approaches of MCDM methods. As a result of the oral defense,
the technical data have been further explored and the following works are
undertaken, which will be detailed in latter part of the dissertation.
•

An interview with key Russian scientist was conducted in a conference,"
winch produced a breakthrough to the validation of the artificial neural
network models, as invaluable technical performance data of the Su-27

C onference o f Critical Flight Regimes and Dangerous Flight (Conditions Investigation, T esting A pproach
and Problem Solution, held by the ('.hung-(Cheng Institute o f I’echnology, N ational D efense University,
I'aovuan, M arch 18*-22'>y 2002.
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aircraft were revealed, and obtained a higher confidence in the proposed
approach. In the past, technical data of Russian Su-27 multi-role aircraft were
mysterious and insufficient to verify the predicted results, although a great
deal of estimated performance data could be found from various sources,
they were often overestimated and made prediction in the previous version
difficult to justify.
•

A questionnaire survey was given to indigenous fighter pilots to elicit the
weightings of criteria and construct a value tree of fighter aircraft. During
which, the pilots were asked to compare relative importance of criteria in
accordance with defined objective tree of combat aircraft, and the weights of
each criteria and final score of each aircraft are obtained through AHP
method, by which the value tree of combat aircraft was established.

•

MCDM methodologies, including Multiple linear Regression (MLR),
biplots, GAIA, PROMETHEE II, UTA, and AHP, are used to solve the
combat aircraft selection problem and compare with the ANNs in terms of
output ranking order, consistence and accuracy. The routes of method
comparison in the dissertation are described as Fig. 1.2.
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Figure 1.2 Routes of Methodology Comparison
•

A system analysis conference held by the ROC Ministry of National
Defense was attended to more thoroughly understand the methodologies
applied by potential decision-makers. Lecturers from the ROC National
Defense Management College and analysts from the Services were
interviewed regarding the application of MCDM methodology in defence
management issues.

•

The excerpt of this dissertation were submitted and accepted by a defence
management conference held annually in Taipei, in which the acceptability of
this approach and traditional MCDM methodologies were explored, and the
required accuracy for an evaluation tool was discussed.
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1.7

Summary

This dissertation intends to explore the feasibility of applying ANN algorithms to
solve multi-criteria decision-making problems involved in evaluating weapon
systems. The case study entails the budding and validation of methodology rather
than deriving the real solution, although the data set was handled as accurate as
possible. The acquisition of weapon systems is considered to involve with one of
two kinds of processes - systems engineering of new designs or alternative
selection of off-the-shelf procurement. The type is important to the selection of
decision tools; the distinction between these two approaches has also gained
consensus by others (BahiU & Briggs, 2001). Systems are currently chosen as a
result of applying alternative-focused MCDM methodologies, in which been
ranking preferences are obtained by constructing surrogated value functions.
Although the optimal design that maximises holistic effectiveness cannot be
extracted by human judgement, the promising function-approximation capability
of ANNs makes related methods candidates for solving alternative evaluation
problems of off-the-shelf procurement.
The rest of this dissertation is arranged as follows.
Chapter two reviews literature on the development and application of alternativefocused decision-making methodologies, and applications of, and recent studies
on artificial neural networks (ANNs). Chapter three elucidates the background of
the acquisition of military systems, the issues of involved in decision analysis, the
characteristics of applied criteria, complexities of combat aircraft and the
construction of the value tree. Chapter four surveys multi-criteria decision
making (MCDM) methodologies and explores the differences between
alternative-focused and value-focused methodologies with reference to weapon
systems. AHP and UTA tools are used to evaluate combat aircraft. Other
MCDM methodologies are summarised without further application. Links with
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cognitive science are elucidated to reveal the potential improvement over current
MCDM methodologies. Chapter five is a newly added chapter following the viva,
which places more emphasis on statistical analysis and incorporats multiple
regression analysis, biplots, PROMETHEE II and GAIA tools. Chapters six and
seven assess the theories of ANN and develop methodologies based on ANNs
for evaluating combat aircraft using two different topologies - the original MLP
network and the newer developed RBF network. The indigenous fighter aircraft
of the ROC Air Force is considered as a real-world example to build the neural
network model and verify the predicted results. Chapter eight applies the
predicting capability of the neural network to the fields of strategic analysis and
concept evaluation. Chapter nine is another newly added chapter, which
compares and contrast the processes and results of traditional MCDM
methodologies with those of ANN approaches. Chapter ten draws conclusions
from the finding of this research, including a summary and recommendations for
future research. Appendix A presents the original combat aircraft technical
parameters used to generate the sets of training data. Appendix B includes the
RBF network predictions with transfer functions of different widths. Appendices
C and D presents the MATLAB programmes developed in this work. Appendix
E presents the AHP questionnaire used to survey the ROC Air Force pilots to
construct the value tree.
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CHAPTER 2
LITERATURE RESEARCH

Decision-making methodologies involved in weapon systems acquisition vary
with acquisition practices and system-life-cycle phases of development. The
problems concerned are to evaluate alternative weapon systems according to their
attributes, criteria, or objectives. Multi-criteria decision-making (MCDM)
methodologies employed in socio-political problems compare alternatives with
multi-attributes by multiple Linear regression, preference function aggregation,
principal component analysis, or hierarchical value decomposition will be
reviewed in this chapter. As most decision-making problems involve with more
than one criterion, the compromise among conflicting issues become the core
activity of decision analysis. When the prospects of multiple criteria problems are
perceived as multiple dimensions, the techniques of variable reduction have been
developed. When the number of alternatives increases and perceived as
multivariate problems, the multiple regression analysis has been applied. Some
techniques intend to aggregate the multiple criteria into one single criterion for
the easier implementation of comparison among alternatives. The techniques of
multiple criteria decision making are developed according to the problems’ setting,
some are implemented through cardinal data, some use ordinal data, and some
are implemented by war game simulation. This chapter will also survey MultiLayer Perceptions (MLP) and Radial Basis Function (RBF) networks, which
represent two fairly different learning schemes. The analyses of ANN wiU focus
on their applications and strengths and weakness of learning algorithms. The
applications of Genetic Algorithms (GA) to enhance learning capability of ANN
wül also be reviewed.
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2.1

Multi-Criteria Decision-Making (MCDM) Methodologies

For decision-making in weapon systems acquisition, comparisons must be made
between alternative systems. Analytic Hierarchy Process (AHP) has dominated
the studies of alternative analysis for its straightforward procedure and
deterrninistic scores (Rosenbloom, 1996). AHP was developed by Saaty (1980);
the methodology consists of objective decomposing and score aggregating, it is a
systematic approach to solving complex problems (Saaty, 1980). The use of
hierarchy decomposing in AHP has also been suggested in structuring
engineering design model (Marsh et el., 1993; Agrell & Wikner, 1996). AHP has
been applied in various studies of prioritising alternative weapon systems; e.g.,
Lee & Ahn (1991), Cheng (1996), Krekel (1998a, 1998b), and Cheng et al (1999).
In addition to the broad applications, the algorithms of AHP have also attracted
various criticisms; for example, where it causes rank reversal (Belton & Gear,
1983; Belton & Goodwin, 1996). AFIP was proved to be disadvantageous for the
subjects needing interpretation for the final score instead of the ranking order
(Rosenbloom, 1996). Barzilai (1998, p. 159) further demonstrated that AHP '"'’does
not model valuefunction decomposing correctlyI'' Even the inventor cannot guarantee the

broad usage of AHP, as Saaty described the ranking orders created by AHP as
subjective values and just ‘‘'our own inventiorl' (Saaty, 1996, p. xi). AHP generates
“surrogate” values for the purpose of preference ranking. For the applications
needing interpretation for final scores, methodologies focusing on values should
be employed. Particularly for weapon systems acquisition, where the short-listed
competitor systems rarely appear concurrently, consistent outcomes along a long
span of time are required. Some smdies have suggested improvements for better
accuracy (Fan et al, 1997; Millet & Saaty, 2000). Other studies attempted to
modify AHP or integrate with other disciplines; e.g., vector space (Zahir, 1999a,
1999b), multi-attribute value theory (Lai, 1995; Salo & Hâmàlàinen, 1997), and
artificial neural networks (Stam et al, 1996).
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For the framework of strategic thinking, Value-Focused Thinking (VFT) strategy
was proposed by Keeney (1992) for methodologies focusing on values provides a
strategic decision frame for creating alternatives. The objective hierarchies in VFT
are equivalent to the different levels of requirement in systems, i.e.. Measure of
Effectiveness (MOE) and Measure of Performance (MOP) (Buede, 1994).
Keeney (1992) developed ends-means networks that distinguished fundamental
objectives and ends objectives. Ends-means network was proposed for a systems

engineering design process (Buede, 1994 & 1997). One of the most important
features of VFT is that it doesn’t only solve problems, but also identifies decision
opportunities (Keeney, 1992 & 1996). Although VFT provides a sound
framework for creative alternatives, the value functions representing alternatives
need further exploration.
While the MCDM problems discussed by other analysts concern the way by
which the final decision should be made, in many cases the problems are posed in
the opposite way: how to find the rational basis through which the decision is
made when the decision is given (Jacquet-Lagreze & Siskos, 2001). JacquetLagreze & Siskos (1982) developed UTA method using linear programming to
estimate the parameters of utility function that aggregate multiple criteria to a
composite criterion. Beuthe & ScanneUa (2001) surveyed the variants of UTA and
concluded that the results of UTA are reliable even when criteria are
interdependent. Similar application with modification on the utility function
approach include UTA II (Siskos et al, 1999; Spyridakos et al.., 2001) and QuasiUTA (Beuthe et ai, 2000; ScanneUa & Beuthe, 2001).
2.2

Multivariate Statistics Analysis

In contrast with the methodologies reviewed above that transform multivariate
problems into single variable problems by additive value functions, some foUow
the route of multivariate statistical algorithms that transform multiple dimension
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into two dimension and enable a geometrical representation with the technique of
Principal Component Analysis (PGA), for instance the biplot technique
developed by Gabriel (1971). ''A hiplotis a graphical displc^ of n rom and m columns hy
means of markers a^,a2,... a,, for its rom, and markers h^,h2,... bjor its columnf^(G2hnc\,

1980, p. 147), the “hi” does not represent its being two-dimensional but the joint
display of rows and columns instead (Gabriel, 1980, p. 147). Biplot displays
variances and correlations of the variables (Gabriel, 1971). The graphic
presentation technique of biplot has been applied in the Decision Support System
(DSS) as an interactive interface (Lewandowski & Granat, 1991). Mareschal and
Brans (1988) developed a methodology called GAIA, which follows the idea of
biplot and technique of PGA. Losa et al (2001) suggested the use of covariance
biplot as it represents more information than correlation biplot. Similar technique
includes Co-plot (Raveh, 2000) that was claimed easier than the GAIA approach of
Mareschal and Brans (1988). Stewart (1981) developed Factor Analysis and was
observed as a 90-degree rotation of GAIA (Belton & Stewart, 2002, p. 309). ‘''The
real value of G A IA lies in the idea ofprojecting a weighted sum of the normedflows as a
direction vector in the plane in which the criteria and alternatives are plottedP (Belton &

Stewart, 2002, pp. 257-258). ‘''With equal weights, this preference direction points towards
more-or-less the ideiA'' (ibid, p. 310). Different from ordinal ranking method,

multivariate analysis is an exploratory technique rather than a confirmatory
technique (Gabriel, 1980, p. 160). Along with GAIA, PROMETHEE method is
introduced (Brans et al, 1986) to help decision makers to rank partially
(PROMETHEE I) or completely (PROMETHEE II) a set of actions on several
criteria (Mareschal and Brans, 1988, p. 70), PROMETHEE is normative while
GAIA procedure is a visual interactive modeling technique (Brans & Mareschal,
1994, p. 297). Other visual interactive method to solve the multicriteria
mathematical programming problems includes GDF method of Geoffrin, Dyer
and Feinberg (1972) according to Korhonen & Laakso (1986).
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2.3

Artificial Neural Networks (ANN)

Wang & Malakooti (1992), and Malakooti & Zhou (1994) pioneered the
application of Artificial Neural Network (ANN) to solve MCDM problems
without knowing decision-makers’ value functions. Similar studies include
Alpaydm et al. (1996) and Li & Da (2000). Stam et al (1996) explored the usability
of applying artificial neural networks to approximate the preference rating in
AHP. Nguyen and Cripps (2001) compared the result of housing value prediction
by Multiple Regression Analysis and Artificial Neural Networks and discovered
when a moderate to large data sample size is used, ANN performs betters than
MRA. Reifman and Feldman (2002) used Multilayer Perceptron to solve
constrained optimization problems and concluded that neural network
methodology is more efficient than conventional optimisation methods.
In addition to the application to the MCDM problems, ANN has also been
applied in predicting manoeuvres in air combat (Rodin & Amin, 1992), dynamics
and control of aerospace systems (Maghami & Sparks, 2000), and aerodynamic
optimisation (Greenman, 1998). These fields of application show the possibility
of applying ANN in predicting the effectiveness of combat aircraft. The
selections of network strategies are often ad hoc and problem-specific. The studies
of ANNs include approximation capability., network architecture., network-learning
algorithms, and data. Multi-Layer Perceptrons (MLP) network is the original and

one of the most powerful forms of ANN. The universal approximation capability
of MLP has been demonstrated by Funahashi (1989), Homik (1989), Homik et al
(1990), and Leshno et al (1993). ANN learning is dependent on its architecture;
correct selection of network architecture could be critical to the success of ANN
applications

(Sietsma & Dow, 1991; Romaniuk & Hall, 1993). Global

optimisation algorithms introduced the possibility of being trapped by a local
minimum (Goh & Tesi, 1992; Moody, 1994). Suggestions for the improvement
of learning efficiency by algorithms include error correcting memorisation learning
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(Nakashima et ai, 2001) and linear network combination (Van der Smagt &
Hirzinger, 1998) among others. However, neural networks are expected to learn
from data, the effects of data quality on prediction accuracy have been reported
by Klein & Rossin (1999). Strategies to deal with imperfect or uncertain training
data have been suggested by Tresp et al. (1994); for example, modelling
relationships between uncertain inputs and outputs instead of the relationships
between true inputs and outputs.
Radial-Basis Function (RBF) networks originated in the algorithms of numerical
analysis, it has a different scheme of learning from MLP networks. RBF networks
were proved to be universal approximators (Park & Sandberg, 1991), and localminima free (Bianchini et al., 1995). Their capability to approximate nonlinear
functions has been demonstrated by Schilling et al (2001). Haykin (1999, p. 256)
described the differences between RBF and MLP networks as “AdJLP is stochastic
approximation in statistics, ...R B F network is curve-fitting (approximation) problem in a
high-dimensional space”. Murray-Smith (1994) suggested that the learning process of

a local network like RBF is easier to monitor than MLP. Girosi & Poggio (1989)
proved the existence and uniqueness of “best approximation”^, the property that
guarantees that the network will learn; it does not exist in MLP networks.
2.4

Genetic Algorithms (GA)

While ANNs experienced various difficulties during their development, it was
found that the integration of genetic algorithms (GA) could offer a better rate of
success (Ku§çu & Thornton, 1994; Mitchell, 1996).

The study of GA was

initiated by John Holland in the 1970s (Tsoukakas & Uhrig, 1997) based on the
principle of Darwin’s the survival of the fittest. GA is also useful to many other

5 A n inform al definition o f best approxim ation was given by G irosi & Poggio (1989), “A n approxim ation
schem e has the b est approxim ation property if in the set o f approxim ating functions (for instance the set
F(W,x) spanned by param eters W) there is one th at has a m inim um distance fro m any given function o f a
larger set O .”
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disciplines; for example, optimisation techniques (Tsoukakas & Uhrig, 1997,
Ignizio, 1998), multi-disciplinary design optimisation (MDO) (Coit & Smith,
1996), and reliability design (Monga & Zuo, 1998). The military applications for
GA include the helicopter conceptual design (Crossley & Laananen, 1997) and
the prediction of foreign missile effectiveness (WoUam, 1999). Although GA has
been applied successfully as a complimentary to ANN and other disciplines, its
employment requires the intrinsic characteristics of object, and hence will not be
applied to the ANN approach of this dissertation.
2.5

Summary

The complexities of weapon system evaluation have driven the search for a
simpler or visual decision process. Although many advanced techniques have
been developed, most of them are applicable to linear problems, although some
non-Hnear method development are undergoing. Traditional MCDM methods
such as AHP have been applied in various attempts to evaluate alternative
weapon systems due to its systematic and hierarchic approach; however, the
inconsistencies of human judgement involved in the analysis process have been
concerned and modified by many analysts. It has been shown that the application
of artificial intelligence has drawn a great attention in overcoming the
inconsistencies involved AHP and other methods. The proposal of value-focused
thinking (VFT) by Keeney (1992) provides a sound framework for evaluating
complex systems focusing on their intrinsic properties; however, in the real world,
the evaluation of alternatives can only be implemented through their attributes,
which have to take-as-they-are, especially for the aircraft selection problems to be
discussed in this study.
The development of UTA Qacquet-Lagreze & Siskos, 1982) is opposite to most
MCDM approaches; however, it is identical to the scenarios as suggested in this
smdy. How to capture a decision maker’s preference profile and repeat it when
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evaluations of alternatives need to be implemented. UTA solves the MCDM
problems with ranking order, while this smdy intends to predict their exact values.
ANN has been attempted by others to solve MCDM problems in terms of
ranking orders, it has shown promising in bridging the need of evaluate
alternatives by value-focused methodologies.
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CHAPTER 3
COMBAT AIRCRAFT ACQUISITION ISSUES

Combat aircraft is selected to represent the complexities in weapon systems
acquisition and the issues involved in judging alternative systems’ value in this
dissertation. First-tier arms-producing countries focus their weapon systems
acquisitions on designing systems according to operational requirements. The
complexities of weapon systems are dealt with through well-developed systems
engineering process and optimisation techniques. In the second-tier armsproducing countries, the Republic of China is an example ^; major weapon
systems such as combat aircraft mainly rely on off-the-shelf procurement. Offthe-shelf procurement is perceived as a process of finding solutions that satisfy
requirements, which is an inverse of the systems engineering process employed
by first-tier arms producers. Compared with the approach of new system
development, the techniques applied to off-the-shelf procurement were less
discussed. However, effectiveness evaluations of alternatives are critical in the
early phase of weapon systems acquisition.
This chapter wül reveal potential complexities involved in an off-the-shelf
procurement by reviewing weapon system acquisition practices and the systems
engineering framework. Warship design wül be used to iUustrate the complex
inter-relationships of weapon systems. The analyses of combat aircraft

■*U nited States, the U nited K ingdom , France, G erm any, and Italy (Bitzinger, 2000)
5 A ccording to Bitzinger, the “third-tier” states define those countries w ith low -tech arm s-production
capability, for exam ple, Egypt, Mexico, and Nigeria. T he “ second-tier” countries are used to include those
countries betw een the first-tier and third-tier countries; for exam ple, A ustralia, Japan, Sweden, Brazil, Iran,
Singapore, S outh Africa, South K orea, Taiwan, Turkey, China, and India (ibid.).
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performance and effectiveness are used to explain the possible shape of complex
intra-relationships and build the objective tree for decision analysis.
The rest of the chapter are organised as follows. Section 3.1 reviews the overall
environment of weapon systems acquisition. Section 3.2 explains the systems
engineering process applied in the development of weapon systems. Section 3.3
describes typical criteria used to evaluate weapon systems. Section 3.4 explains
the attributes employed to characterise the performance of combat aircraft.
Section 3.5 establishes the value tree of combat aircraft and describes the data of
specification gathered from various sources. Section 3.6 summarises the issues of
this chapter.
3.1

Weapon Systems Acquisition Framework

Weapon systems acquisition has been well known for its complexities. Various
management process and strategies have been developed to regulate the process
on time, on target, on budget. The requirement of cost-effectiveness has been
widely adopted in the weapon development process.
3.1.1

Historical Background

According to Przemieniecki (1993), systems acquisition in the 1940s was rather
simple and like the '’automobile industrf. It was transformed to a ''more custom design
and development, where contractingplajed a major roli’' in the 1950s. As weapon systems

became more sophisticated, many of the concepts used in current systems
purchase were employed to increase the efficiency in managing weapons
acquisition. Mr. Robert S. McNamara, the United States Department of Defense
(DoD) Secretary in the 1960s was marked as the key initiator (Przemieniecki,
1993). As the complexity of weapon systems increased, weapon systems
engineers were required to spend more time on paper work than prototyping
(Przemieniecki, 1993).
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Requirement-oriented acquisition disciplines have been a main feature of systems
engineering. It was believed that weapon systems could only exert tbeir fuU
capabilities when they were generated from user’s requirements. Weapon systems
bave rarely been used in an isolated environment. They are used in coordination
with friendly forces and fighting against enemy forces; each interface is a source
of complexity. In addition to the system itself, the acquisition process is also an
interactive one among various stakeholders, e.g., the users, force planners and
contractors. Kitfield (1999) ascribed the source of aircraft complexities to the
users as be put: “The basic reason new aircrafiprograms take so long and are so expensive is
that the Services are addicted to complexity. IPs like a religion to themS

3.1.2

Genetic Acquisition Process

In order to decompose these systems complexities and efficiently communicate
between each stakeholder, a well-defined acquisition process was developed in
the United States as illustrated in Fig. 3.1 (SchmaU, 1996). The concept
exploration phase (phase 0) is to define and evaluate the feasibility of alternative
concepts. The program definition and risk reduction phase (phase I) is to assess
contractors’ designs and their feasibilities. The engineering and manufacturing
development phase (phase II) is to transform the development to production.
The production phase (phase III) is to begin a fuU-rate production (Birkler et al,
2001).
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Figure 3.1 Acquisition Process and Phases
(Source: Joseph 11. Schmall, 1996)

This process has been widely adopted in the development of military’ systems in
the United States, and was also adopted as the “Downey cycle” in the United
Kingdom (Kausal et al. 1999). It was also taken up by a number of other countries.
Although the phrases might not be exactly identical, the concepts are analogous.
Przemieniecki described tliis process as a model that ''’'provides a logical means of
progressively translating broadly stated mission needs into mil-defined system-specific

“(Przemieniecki, 1993, p. 22).

Owing to their enormous cost and complexity, the weapon systems projects were
often criticised for being over-time and over-budget. The efforts to correct these
problems could be dated back to the year of 1960, while Mr. Robert S.
McNamara, the eighth United States Department of Defense (TDoD) Secretan^
attempted to reengineering the defence procurement by bringing commercial
management to defence projects. After he examined 10 to 15 systems in a
particular time, he found that in the samples he sun eyed, none of their cost was
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less than 300% of original cost, and some of them even exceeded 1000% of the
original estimated cost (Kauftnann 1964, pp. 186). His first attempt to handle
these heavily over budget projects was to establish a ‘definition phase’ in the
acquisition process. This is a preliminary stage of life-cycle style management
(Kaufinann 1964, p. 186). McNamara also instituted ‘systems analysis’ in the
decision-making of force requirements and weapon systems (Defense Link, 2001),
while it was stressed that systems analysis was not to replace the decision-making
process but rather work as a complimentary tool (Defense Link, 2001).
3.1.3

Trade-Off Studies

Trade-off studies among alternatives are essential to weapons acquisition. In the
United States, cost-effectiveness-based report is required to support Defense
Acquisition Board’s decision; this report is called cost and operational
effectiveness analysis (COEA). In the United Kingdom, a similar but not entirely
identical approach, the combined effectiveness and investment appraisal (COEIA)
is adopted (Kirkpatrick, 1996). For the situation in the Republic of China, a
similar procedure is required for the major weapon systems procurement; the
procedure is called “alternative system analysis.” An alternative system analysis is
used in the beginning of acquisition process to analyse alternatives of an
investment; it includes all the potential means to satisfy operational requirement
and a comprehensive analysis of each alternative’s expected cost and effectiveness.
It then ranks aU the alternatives according to analysts’ weighting factors and value
functions. An alternative systems analysis used in the early phase of weapon
systems acquisition in the Republic of China illustrated as Fig. 3.2, which is
equivalent to the “concept exploration” phase in Fig. 3.1. Although their
terminologies are different, the procedures are aU pursuing valuefor money.
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Figure 3.2 Alternative Systems Analysis
(Source: D efense Resources M anagem ent, D efense System s M anagem ent College, R.O.C.)

A frequently used axiom to justify value for money is “cost-effectiveness”, which
generally represents results of trade-offs among different objectives. However, as
described by Keeney & Raffia (1976, p. 66), “You cannot maximi^ benefits and at the
same time minimisée cost...” It follows that only by employing the higher-level

definition of effectiveness; the dilemmas between conflicting criteria can be
rninirnised, and the Whole Ufe Cost (\WLCJ should be employed for the evaluation
of cost (Kirkpatrick, 2000).
3.2

Systems Engineering Analysis

Systems engineering has been employed for the development of large and
complex system; this section describes the iterative process of systems
engineering, the boundaries used to define systems and its contextual meaning,
and the optimisation techniques used for trade-off analysis in systems
development process.
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3.2.1

Systems Engineering

Systems engineering was defined in MIL-STD-499A, an obsolete but already
widely accepted United States military standard, as (Calvano et al.^ 2000):
a). Transform an operational need into a description of ^stem performance parameters and a
preferred system configuration through the use of an iterative process of concept definition,
ynthesis, analysis, design, test and evaluation;
b). integrate related technicalparameters and ensure compatibility of all physical, functional
andprogram interfaces in a manner that optimif^es the total system definition and design;
c). integrate reliability, maintainability, logistics engineering, human factors, safety, value
engineering^ standardif^ation, transportability, survivability and otherfactors into the total
engineering effort to meet cost, schedule and technicalpeformance objectives.

The US Defense Acquisition University defines the systems engineering process
as (DAU, 2001, p. 31):
‘^a comprehensive, iterative, and recursive problem solving process, applied sequentially topdown by integrated teams. It tranforms needs and requirement into a set of system product
andprocess descriptions, generates informationfor decision makers, andprovides inputfor the
next level of developmenf

A simplified view of systems engineering process is illustrated as Fig. 3.3, in
which systems engineering process is viewed as an overall input-output process;
this cycle is subject to iteration in each phase of development. A measure of
performances (MOP) is derived from measure of effectiveness (MOE) through
“requirement analysis”, and a technical performance measure (TPM) is derived
from MOP through “functional analysis”. While operational effectiveness is the overall
degree of a system's capability to achieve mission success considering the total operational
environment (DAU, 2001, p. 125), TPMs are the system’s physical characteristics
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that are very close to systems specification. For system development acquisition,
requirement analysis and functional analysis would transform a user’s
requirements into a practical system, while the process input is the operational
requirement, and the output is the product specifications. This traditional process
is described as “top-down” approach.

Input
erational
equirement

Requirement M j ^ D P
Analysis —I—
—
Functional
Analysu!
Synthesis
S pecification

Outfout
Figure 3.3 Systems Engineering Process
(Source: this figure is m odified from the “Systems E ngineering P rocess” figure appearing in
Systems Enÿm ring Fundamentals, D efense Acquisition University Process, VA, 2000)

BahiU & Briggs (2001) recognised the ways systems engineering are implemented
and attempted to distinguish the systems engineering process starting from the
middle of the Ufe cycle and systems engineering process starting from the
beginning of the Ufe cycle. They described the alternative investigation activities
for the systems engineering starting from the beginning of Ufe cycle as “Do a
formal tradeoff study of alternative concepts”, and for the systems engineering
from the middle of the Ufe cycle as “Investigate a few simple alternatives”. The
study of BahUl & Briggs (2001) supports the viewpoint of this thesis in
distinguishing trade-offs procedures between off-the-shelf procurement and startform-scratch development of weapon systems.
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3.2.2

Measure of Effectiveness and Measure of Performance

As illustrated in Figure 3.3, “requirement analysis” is the first systems engineering
process, Romano (1998) used “system requirement pyramid” as illustrated in Fig.
3.4, to describe the flowing-down of requirements from the top to the bottom of
a system, in which measure of effectiveness (MOE) reflects operationalperformance
requirements^ and measure of performance (MOP) reflects ^stem requirement. He

stressed the importance of generating MOP from MOE by saying: ''''The
development of M OEs and relating them to MOPs is critical to peforming the trade-offs
required to build a cost effective y stem that meets user requirement^ (Romano, 1998).

MO
Mission
Ngeds

'
^(C^mpaign \C apabili(igs
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Performan^^y^

\
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^ apabilitj^
bngmeenng
(Subsystem/Component Performance)

Figure 3.4 Systems Requirement Pyramid
(Source: R om ano, 1998, p. 35)

Buede (1997) distinguished the MOP from MOE in terms of systems’ boundaries
as:
"Measure of Effectiveness (MOE) describes how well a ^stem carries out a task or set of
tasks within a specific context; a MOE is measured outside the ^stem for a defined
environment and state of the context variables. ...the further outside the system the M OE
measurement process is established, the more influence the external systems have inside the
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measurement window... %' “A Measure of Performance (MOP) describes a specific ^stem
property or attribute for a given environment and context; a MOP is measured within the
system context. ”

The description of system effectiveness by Buede can be illustrated by the
relationships between MOP, MOE, and Measure of Force Effectiveness (MOPE)
in Figure 3.5 (Leite & Mensh, 1999). While MOE defines how well a system
should perform with the Force in a specified environment, MOP focuses on how
well each subsystem will perform. MOE is to be appraised exterior to a system’s
boundary, and MOP is to be measured within a system’s boundary.

^nviroi
orce

'imensibnal I arameters

•FEs

Figure 3.5 Scope of MOP, MOE, and MOEF
(Source: Ivcite & M ensh, 1999, p. 58)

Traditional

flow-down

systems requirement

process

linking

subsystem

performance to combat capability measures is a vertical hierarchy decomposing
process. Although ideally the scope of “system” could be expanded to include all
the subsystems at a lower level, the horizontal integration could involve the
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combination of many already developed systems. Calvano et al. (2000) suggested
the use of “super-system” in warships to highlight the wide spectrum of systems
involved in warship design, as illustrated in Fig. 3.6.
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Figure 3.6 System /Supersystem (Inter) D ep en d en ce
(Source: t Calvano et aL. 2000, p. 49)

Ihe interfaces between ship and onboard weapon systems encountered in
warships

design have illustrated

the

challenges

to

integrate

multiple

heterogeneous systems. In their defittitions, ‘super-systems’ was used to replace
‘systems’, and ‘systems’ was used to replace ‘sub-systems’ defined in the original
context of system requirement pyramid as: '‘'Performance capability and cost are
attributes of the systems’'-, ‘'The system has effectiveness only in the context of the super-system
that it becomes part of; the effectiveness as well value of the system can only be determined from
outside the system-from its impact on the world around //’ (Calvano et al 2000, p. 49).

WTrile the total sliip systems engineering (TSSE) consist of ship systems
engineering (SSE), combat systems engineering (CSE), and Mission systems
engineering (MSFi). They suggested the relationsliips among these disciplines are
(Calvano et aff 2000, p. 56):
Not:

-EŒ E +

, but:

=j|
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3.2.3

Multi-Disciplinary Design Optimisation (MDO)

While optimisation is employed in the multi-objective decision-making, MDO is
proposed to integrate and implement more than one optimisation algorithms in
the same time; it is a tool used in systems design problems, in the attempt to
solve the complex interaction between various disciplines in systems design.
Lovell & Bartholomew (1999) described MDO as it ^'‘enables the effectiveness of
products to he optimised and supports trade-off studies between the design objectivesfrom diverse
disciplined The key concept of MDO is the use of multiple optimisation, which

enable the optimisation algorithms implemented across disciplines e.g., fluidflow
solvers, structural analysis and detail stressing electromagnetic analysis, cost modeling and
reliability. While the biggest challenge for MDO’s application in systems design is
the lack of a product model to act as a standardfor data assessed across disciplines (Lovell &

Bartholomew, 1999), the primary requirement to implement MDO needs the
existence of objective functions. Although the MDO looks promising in dealing
with the complex relationships across disciplines, it suffers the same problems as
other methodologies when applied to alternative analysis, the lack of parametric
functions. Some studies of MDO application in aircraft design can be seen in
Kroo & Takai (1988), Kroo et al (1994), Burgee & Watson (1995), Korte et al
(1997), and Hajela(1999).
3.3

Criteria for Weapon System Evaluation

Systems are characterised by their effectiveness, and serve as the basis for the
cost-effectiveness study. Weapon systems are often large and complex, a
structural composition of systems’ values are necessary in the comparison of
alternatives. This section wiU first define the effectiveness of systems, and then
introduce a common framework of alternative comparison, the cost-effectiveness
study. Finally, the approaches in constructing a value tree for systems will be
discussed.
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3.3.1

Effectiveness

Effectiveness of weapon system is often regarded as an inherent property of a
system, which is interlinked with the performances of elements within and
beyond a system’s boundary, as Kirkpatrick (1995, p. 267) described:
“The effectiveness of afighting unit is a measure of its success in combat, where success may be
defined in terns of the relative attrition tofriendly and hostileforces, or the speed of advance or
retreat, or any other military operational objectives. Success in combat depends not only on the
overallpeformance of thefighting unit itself but on the performance of other national and allied
unitsparticipating in the operation and on thepeformance of enemy units engaged.”

Among all the definition of value or effectiveness, the decision scenarios in
weapon systems acquisition have been dominated by operational effectiveness,
which intends to judge operational effectiveness within different scenarios. An
extreme case is the effectiveness of warship, which is normally considered beyond
the level of mission, and was considered at campaign level. This makes warship
become a multiple systems and multi-mission system. Rains (1999) combined
different missions by probability and aggregate effectiveness by their importance.
For the case of combat aircraft, although recent development focuses on the
multi-role approach, each aircraft is only expected to conduct one mission at the
same time. For air superiority fighters, the enemy to friendly kiU ratio should be
the best terminology to represent effectiveness.
3.3.2

Cost-Effectiveness

There are various ways to judge if an investment is economically viable. For the
single criteria problem, the most intuitive way to evaluate the feasibility of
investment plan might be the cost-effectiveness, or cost-benefit analysis.
However, different criteria could lead to different results. For example. Mason
(1994, p. 153) described the capability of stealth bomber in Gulf War as he
addressed the low vulnerability: “Forty-two F-117 bombers were deployed to the theatre...
51

Th^ Jlew 1271 sorties, approximately 2 per cent of all Coalition attacks hut struck nearly 40
per cent of strategic targets mthout loss or damaged On the other hand. Freeman (1999)

focused on the operating costs of the B-2 stealth strategic bomber as he
compared the operating costs for dropping the same weight of bombs by B-2 and
conventional bombers, and concluded that B-2 was not cost-effective. These
examples demonstrated the common conflicts between lethality and survivability
requirements; the trade-offs between conflicting criteria are the major challenges
in comparing different weapon systems.
Rains (1990, p. 238) defined the Measure of Effectiveness (MOE) of naval
surface combatant as ''fraction of mission completed divided by task force cosf\ which is
different from the traditional systems engineering disciplines in ways of handling
cost issues. Alternatively, Mavris & DeLaurentis (2000) employed “affordability”
to evaluate aircraft, which was defined as the figure of “operational effectiveness”
divided by “cost of achieving this effectiveness.” They described it as "a measure of
value balancing a product’s effectiveness against its associated cost and risk.”

3.3.3

Objective Tree for Value Analysis

“Effectiveness” is used to embody aggregated measures of performance; the
hypothetic term of “value” has also been used to denote the measure of
attractiveness of systems if quantitative measures of system effectiveness are not
available. This strategy has been commonly applied in the concept smdies at early
stage of systems development, in which feasibility smdy is performed for
alternative concepts. For the weapon system analysis, objectives are often related
and even conflicting, the estimated vale through methodology like AHP might
not have its physical meaning and result in a non-realistic utility curve.
The steps of system value design were first constmcting an objective tree and then
defined a set of objective measures or design criteria (Armstrong, 1999, p. 949). The
content of objective tree are portrayed as Fig. 3.7.
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(Source: A rm strong, 1999, p. 955)

The concepts of value analysis are brought in the systems engineering process in
addition to the systems engineering framework. The values of different criteria
are often conflicting. Kayton (1997) described trade-offs as the ‘core technology’
of systems engineer during early design stage, he further claimed that the trade
off parameters can almost always be grouped as performance, reliability and availability,
human convenience, and cost. Chaudhary (2000) emphasised the importance of

reliability and claimed that system reliability should be viewed synonymously with
performance.
“Value for money” has been a world wide criterion for weapons acquisition as
seen in a study of acquisition system comparison among France, Great Britain,
Germany and the United States; it was observed that aU four governments are
perusing it as a target in the acquisition practices, while value have different
meanings to different countries, e.g., defense capability, economic growth, public
expenditure, and foreign policies (Kausal et al 1999, p. 5-6). The French approach is

extremely different by its export-oriented as quoted by Kausal et al, ^"'French tystems
are not designed to optimir^ individual weapon tystems but rather tofurther the nation’s military.
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political, and industrial interests'^ (Kausal et al 1999, p. 5-6). “Value for money” is

essential to military acquisition in the United Kingdom; in the initial assessment
stage, '''operationalperformance trade-offs are undertaken as the optimal balance between wholelife cost, peformance and time “(Kausal et al 1999, p. 3-25).

In the attempts to control cost, the initiative of “Cost as An Independent
Variable” (CATV) has been advocated in the United States, as it was recognised
that the capability of threats are not increasing as fast as in the past. The principle
of CAIV is to make cost a constraint that once the system performance and
target cost are decided on the basis of performance-cost trade-offs (GAO, 1997,
pp. 33). Kaye et al (2000) suggested a four-dimensional trade-off space comprising
peformance, cost, schedule, and risk for the implementation of CAIV. However, as

Kirkpatrick pointed out, any early cost forecasting would inevitably incorporate
some inaccuracy even in the most favorable circumstances (Kirkpatrick, 2000).
The attempts to keep cost as a constant could bear the risks of compromising
performances.
Although cost-effectiveness has played an important in the trade-off analysis,
Kirkpatrick & Smith (1990) pointed out, ^''combat aircrcft are designedfor war but
operate inpeaci\ Mason (1994, p. 266) also claimed that "cost effectiveness usually take

place in peacetime, while "operational effectiveness is the only effectiveness matters in
combat. In addition to the data collected through war, the effectiveness gained
through war game simulation might be the closest measure to the operational
effectiveness; however, owing to the cost, it is not possible to conduct a war
game simulation for each of the concept decision scenarios.

’O ffice o f T echnology Assessm ent, Congress o f the U nited States, Lessons in industrial Restructuring: the French
Experience, W ashington D C , US G P O , 1992, pp. 16
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3.4

Criteria for Combat Aitcraft Performance Analysis

While there are tremendous amount of variables concerning the effectiveness of
aircraft, this section will identify the critical criteria of evaluating combat aircraft
in different level of system hierarchy, and discuss the physical profile of each
performance criteria.
3.4.1

Systems Effectiveness

The smdies in this section focus on the effectiveness of aircraft as it encounters
the enemy aircraft. The closest way to measure operational effectiveness is by
combat simulation, which is the synergy of various parameters. The effectiveness
resulted from war game simulation could provide direction for weapon invest
evaluation. Attack aircraft can be measured as “number of targets lolled per
sortie”, but the effectiveness of fighter aircraft is measured by the ratio of enemy
to friendly killed, the exchange ratio. The realistic data could be obtained after a
war (Chan, 1997). British Aerospace (BAe) and Defense Research Agency (DRA)
have conducted comprehensive computer combat simulations focusing on
beyond-visual range (BVR) air-to-air combat to examine the effectiveness of
Euro fighter and other aircraft by assuming Su-27 (Su-35) as future threat aircraft,
in which a score of 0 means an aircraft wül always lose, a score of 1 means an
aircraft will always win, and a core of 0.5 means an aircraft will have a 1:1
exchange ratio (LoreU et al. 1995). This effectiveness is regarded as equivalent
operational effectiveness for aircraft in this smdy, and the effectiveness of BAe
will be the effectiveness to be predicted in the latter smdy of this paper.
While the best way to obtain the exchange ratio is by combat simulation, its cost
and complexities also limit its broad application by smaller countries. In addition
to the effectiveness achieved through system performance, there are also other
factors playing important roles in the force planning; e.g., reliability, availability,
and maintainability (RAM). Some aircraft (e.g., Gripen) is claimed to have high
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availability and hence a high sortie rate can be reached (Lorell et al, 1995). One of
the computer simulation parameters setting is the level of training skills, which
could also affect the effectiveness of aircraft. For example the level of training
skills in the air combat simulation of Shlapak (2000) are set in favor of the U.S.
pilots. Although all these factors could influence the effectiveness of aircraft in
combat simulation, they will not be discussed in detail in this study, while it wiU
only focus on the systems effectiveness as a results of performance parameters
trade-offs.
3.4.2

System Objectives

Systems’ objectives are used to identify the direction to improve systems’
performance. New technology insertion could dramatically impact the means to
achieve objectives. Different technologies were pursued along the years; e.g., high
speed and altimde between 1950 and 1960; manoeuvrability and agility between
1960 and 1970; and stealth between 1970 and 1990 (Lorell & Levaux, 1998).
Mason (1994, p. 239) claimed that stealth, accuracy, battle management, and assistance
from the space could jointly reinforce basic air power attributes to transcend natural
boundaries. Mason (1994, p. 245) further identified the force multiplier as one of

the measures to ‘''maximise the minimunf\ the “force-multiplication” should be
interpreted as ‘synergistic duality’ (ibid, p. 266) in the second century of air power
and be implemented by ‘multi-role’ (ibid, p. 267) approach in the frontline.
Skorczewski (1997) summarised customer’s key attributes for fumre combat
aircraft are 2frordability, lethality, flexibility, and availability and survivability. Bradford
(1998) summarised the equation used to rate military equipments include the item
of firepower, mobility, and survivability. Although the parametric coefficients are
unknown. Bitten (1990) suggested the relationships between aircraft performance,
manoeuvrability, and agility as “Peiformance relates to the state variables of the aircrcft,for
example velocity. Manoeuvrability relates to the time differential of the aircraft state (acceleration).
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Agility relates to the time differential of manoeuvrability (rate of change of acceleration^^. The

existence of differential relationship between manoeuvrability and speed made it
difficult to justify the application of simple additive weight (SAW) algorithm to
aggregate the performance among various parameters. Kutschera & Render (1999,
p. 29-1) suggested that the control power dominates the agility and controllability
of a fighter, whereas simple terms like speed, load factor limit and thrust to weight
ratio

(T(W )

dominate

the

performance.

Survivability,

lethality

and

manoeuvrability are chosen as the objectives in this thesis, and the performance
parameters are discussed in the next section.
3.4.3

Performance Parameters

In the study of Lorell et al. (1995), the parameters used to characterise combat
aircraft included maximum weight., design weight, empty weight, internalfuel, maximum
external loading, store stations, length, span, wing area, wing loading, maximum thrust, T / W,
g limit, maximum angle of attack, takeoff distance, landing distance and maximum distance.

The original technical performance of some chosen combat aircraft are
reproduced in Appendix A. Six parameters are selected to represent aircraft
effectiveness in this study: Maximum A oA , Thrust to Weight Ratio (TlW ), Maximum
speed, Wing loading (W (S), Radar Cross Section (R.CSJ, and Si^e (length multiplied by

wing span).
Sffe is a basic parameter for aircraft, the physical dimension of aircraft are

normally represented by length, width, and height. An aircraft that needs to fly
for a long distance needs to carry more fuel; hence it needs a bigger fuel tank, but
also reduces the payload for weapon systems. The air-refueling technology can
increase the ferry range of smaller aircraft. Traditionally, a bigger aircraft wül have
a bigger RCT, which makes it vulnerable to enemy fire; thanks to the stealth

Q u o ted in K utschera & R ender (1999, pp. 29-1)
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technology, this is not necessahly the case for modem aircraft. In this study, the
parameter of size will be represented by length multiplying width.
Maximum speed has been regarded as the most important criteria in for air combat.

This is regarded as the critical element to increase the survival rate. Although the
high performance of other systems e.g., the beyond visual range (BVR) missile or
HDU (helmet display unit) can be used to trade-off the speed requirement, it
remains the top priority for fighter aircraft.
Maximum Angle ofAttack (AoA) refers to the angle between the chord of the aircraft and
the airflow, or the angle between the wing of the aircraft and the direction of airflow^, or the
angle betweenflightpath and the longitudinal axis of thefuselage (Mair & Birdsall, 1992, pp.

4). A pilot has to control the aircraft within the maximum AoA limit, in order not
to cause air separation or stall. While high maximum AoA is related with high
turn rate, or high manoeuvrability (Whitford, 2000), an aircraft with higher
maximum AoA could have the benefits of tighter turns and improved pitching
response The maximum A oA of modem fighters are in the range of 15-25 degrees,

latest fourth generation aircraft can typically go to more than 30 degrees, Su-27
and F-22 can maintain at 60 degrees or more by using thrust vectoring
However, the official Max AoA of Su-27 is 24 degree, although it can achieve a
much high level by specialist”
Stealth, or

1 j) w

Observable (LG), is probably the most promising technology for the

last decade and in the future, low observable technology offers significant
benefits for fighter aircraft in terms of survivability (Whitford, 1996). Stealth
®T his is adopted from the Common Terms of Eurofighter, available on-line at h ttp ://w w w .en ro fig h ter.p so o n lin e.co m /c o m m o n /term s.htm l
9 ibid.
10 ibid.
11 A ccording to an interview with Dr. Igor Bashkirov, C hief o f G ro u p , R ussian C entral A erodynam ics
Institute, M arch 18*-22nd 2002. Taoyuan, Taiwan
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aircraft is defined as “ a stealth aircraft (orplatform) has a low Radar Cross Section (RCS),
a low Infra Red (IR) signature and an avionicsfit that reduce the probability of another aircraft
detecting emissionf’^^. This paper employs RCS as the major contributor to stealth

feature, as it is relatively more available than other factors. RCS is defined as “the
measure of a target's ability to reflect radar signals in the direction of the radar
receiver.. .’’(Sticht, 1999). While a target’s RCS (a) is represented by the product of

three factors as: a = Projected Cross Dection x Reflectivity x Directivity

there

are also other factors affecting RCT, including phase differences, polarisation, suface
impefections, and material type (Sticht, 1999). By reducing the RCT, fighter aircraft

are expected to have a better survival rate, the effectiveness of combat aircraft
could be increased dramatically while the aerodynamics and propulsions kept the
same. For a multi-role aircraft design, the increased survival rate could trade-off
for more lethal weapons and targeting capabilities, this is particularly useful in the
force planning; in which the same type of mission could be reached by much less
number of aircraft. Low observable technologies could be implemented through
structure and material design. However, RCT reduction is difficult to achieve by
just modifying or updating current aircraft, as maintaining good aerodynamic
capability and manoeuvrability has always problems with shaping stealthy
airframes (Lorell & Levaux, 1998, p. 134), and the requirement for aircraft to be
stealthy in some case results in performance penalties (Aronstein & Piccirillo,
1997). Hence the best performance could only be achieved through a total new
design. At designing of an advance fighter the search of trade-offs between low
signature and high performance is necessary (Bashkirov, 2001). Owing to the
confidentiality and prediction difficulty, the figures of RCA for aircraft are
normally estimated; the data from various sources often give inconsistent values.
T his

is

adopted

from

the

E urofighter,

available

on-line

at

h ttp ://w w w .eu ro fig h ter.p so -

o n lin e.co m /E urofighter/structure.htm l
A ccording to Sticht (1999), 'Reflectivity is the percent o f pow er radiated back (scattered) by the target;
Directivity is the ratio o f the pow er scattered back in the radar’s direction to the backscattered pow er under
the circum stance o f uniform scattering in all directions.
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Sticht (1999) estimated KCI of various weapons as; missile 0.5 sq m; tactical jet 5
to

1 0 0

sq m; bomber

1 0

to

1 0 0 0

sq m; and sliip 3,000 to

1

,

0 0 0 , 0 0 0

sq m.

O'Hanlon (1999) illustrated the detection range versus their RCS for conventional,
modified, and stealth design aircraft as in Figure 3.8.
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Figure 3.8 RCS vs. D etection Range
(Source O'! lanlon, 1999)

It is difficult to quantifv’ RCf by one single value, as it is affected by many factors,
such as the Radar band, or angle of measurement; however, an AGARI9 report
summarises the head-on RC3’ for different technical approach rough order of
magnimde for different level of low-obser\"able performance as Table 3.1
(AGARD, 1998). Table 3.1 has given universal units with physical meaning to
represent the RCA of different class of combat aircraft, in which RCA of modem
tighter aircraft are classitied by four classes, needing not to compute for a precise
tigure yet stül bear with certain level of uncertainly. This categorisation will also
be employed as index for the alternatives intended to evaluate.
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Table 3.1 RCS Magnitude of Order
(Source; A G A R D , 1998)

o f Design

Conventional

Blended^^

Improved^ ^

Stealthy^^

Type of

Bomber
Fighter
Missile

10

1

0.1

0.01

1

0.1

0.01

0.001

0.1

0.01

0.001

0.001

Thrust to weight ratio (T/ W) could be one of the most important factors in aircraft

design. While T /W for a jet engine is not a constant, it is normally referred to the
T /W ratio it generates at design take-off weight with maximum throttle setting

during sea-level static (zero-velocity), standard-day conditions; it could also refer
to the combat condition (Raymer, 1999, p.89). Raymer described the T /W as:
aircraft with a higher T /W will accelerate more quickly, climb more rapidly, reach a
higher maximum speed, and sustain higher turn rati’’ (Raymer, 1999, p.89). On the other

hand, a bigger engine wiU consume more fuel and increase total weight of aircraft.
Raymer summarized the Typical T /W values for different types of aircraft as
Table 3.2. (Raymer, 1999, p.89):
Table 3.2 Typical T /W Values
(Source: Raymer, 1999)

Aircraft type

Typical installed T/W

Jet trainer
Jet fighter (dogfighter)
Jet fighter (other)
Military cargo/bomber
Jet transport (higher value for fewer
engines)

0.4
0.9
0 .6

0.25
0.25-0.4

A conventional design w ith a blended wing body.
’5 A m o d est redesign to im prove stealth.
A totally new stealth design.
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Wing loading (W jS) is the weight of the aircraft divided by the areas of the reference wing.

Wing loading nonnally refers to the take-offwing loading, but can also refer to combat
or any other flight condition. Wing loading affect stall speed, climb rate, takeoff and
landing distance, and turn performance. For a jet fighter, typical take-off W /S value is

70 lb I ft^ (Raymer, 1999, p. 94). T /W and W /S are both influenced for some
performance; e.g., takeoff distance (Raymer, 1999, p. 87); high T /W and low
W /S are sought for the highly manoeuvrable air combat fighter, lower T /W and

higher W /S has traditionally been the domain of the interceptor type, as
illustrated in Figure 3.9 (Whitford, 2000, p. 201).
Air Combat
Fighter

O)
■<U

\ \
^

Interceptor/
Strike
Aircraft

W ing loa d in g (W /S )(lb /ft^ )

Figure 3.9 T /W vs. W /S
(Source: M odified from W hitford, 2000, p. 201)

3.5

Value of Combat Aircraft

While the criteria used to describe aircraft have been explained in the previous
section, this section intends to establish the framework to represent the value of
combat aircraft in decision analysts’ mind. Different aircraft are expected to be
compared according to the value interpreted by the value tree. The rest of the
section will first define the objective tree of combat aircraft; after that, the value
tree wiU be constructed; and finally, the performance data to be employed
throughout the rest of the dissertation.
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3.5.1 Objective Tree of Combat Airctaft
In order to construct the object tree of combat aircraft for decision analyses, the
effectiveness is regarded equivalent to the goal on the top of value tree; the
objectives are considered as manoeuvrability, \ethality, and survivability which have
been defined in section 3.4.2; and function/activities are viewed as thrust-to-might
ratio, maximum angle of attack (AoA), maximum speed, nnng loading, sii^e, and radar crosssection defined in section 3.4.3. The objective tree for combat aircraft is

constructed as Figure 3.10.

Goal

E F FE C TIV EN E SS

Objectives

Attributes

Thrust to
weight
Ratio
(T/W)

Maximum
AoA

Maximum
Speed

Wing
Loading
(SAV)

Size

Radar
Cross
Section

Figure 3.10 Combat Aircraft Objective Tree
For the case of new aircraft design, analyses start from top of the objective tree;
objectives are formulated as parametric objective-function according to physical
characteristics and used to generate performance parameters through sequential
optimal-design techniques and value trade-off between objectives. For the
situation of off-the-shelf procurement, analyses start from the bottom of
objective tree by comparing performance parameters of alternatives against
objectives and then aggregate to get the overall value of each alternative. The
multi-criteria decision-making methodologies will be surveyed in the next chapter.
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3.5.2

Value Tree of Combat Aircraft

In order to capture the user’s preference profile against combat aircraft, a
questionnaire'' designed using AHP method was employed to sun^ey the fighter
pilots of a squadron, in which the indigenous fighter aircraft, Ching-kuo are
deployed. The questionnaire is attached in Appendix E, and the appearance of
software tool Expert Choice is illustrated as Fig. 3.11, in which the numbers in red
represent a reciprocal number of that.

Wi»h re s p e c t to GOAL

LETHALTY
50

IRexL Fill
MANOEUVR
LETHAL TY

1
1

SURVIVAL
70
70

W ith re s p e c t to MANOEUVR < GOAL

IRosI Fill
T/W
AOA
SPEED
S /W
SIZE

4.

AOA
20

1
1

1

SPEED
3.0
2.0

1

S /W
1.0
3.0
2.0

1

SIZE
10
7.0
5.0
6 0

RCS
10
2 .0
2 0
2 .0
2 .0

With resp e c t tolETHALTY < GOAL

AOA
30

IR eslF itl
T/W
AOA
SPEED
S /W
SIZE

SPEED
20
20

^

S /W
1.0
1.0
2.0

1

SIZE
3 0
3 0
1.0
2 0

11

RCS
3 0
20
2.0
2.0
5.0

1

SIZE
5.0
3.0
3.0
5.0

1I

RCS
10
30
3 0
30
30

With resp ect to SURVIVAL < GOAL

IRerü Fill
T/W
AOA
SPEED
S /W
SIZE

4-

AOA
30

SPEED
20
2.0

1

S /W
2.0
2 0
1.0

Figure 3.11 Pairwise Com parison Survey
I'hc survey is implemented to the Seventh I nctical high ter Stjuadron, during M arch 18* -22™', 2002.
I'otally six pilots were interviewed, the decision are docum ented as group consensus is reached.
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The weights of each criteria and sub-criteria in the objective tree of Fig. 3.10 are
obtained from the AHP software, and are summarised as Fig. 3.12. The full
implementation of AHP for the problem study of combat aircraft selection wiU
be conducted in Section 4.3, whereas the alternatives will be evaluated and ranked.

Thrust/Weight Ratio 0.215
Max AoA
0.275
Max Speed
0.142
Wing Loading
0.199
— Size
0.079
Radar Cross Section 0.090
-

Manoeuvrability
0.184
(C.R. 0.2)

Effectiveness
1.0
(C.R. 0.28)

Thrust/Weight Ratio 0.209
Max AoA
0.111
Max Speed
0.131
Wing Loading
0.133
Size
0.203
Radar Cross Section 0.214

Lethality
0.063
(C.R. 0.3)

Thrust/Weight Ratio 0.209
Max AoA
0.119
Max Speed
0.112
Wing Loading
0.155
Size
.
0.049
Radar Cross Section 0.296

Survivability
0.753
(C.R. 0.05)

Figure 3.12 Value Tree of Combat Aircraft
Another survey is done to the director of ROC Air Force OT&E Centeri®, the
interviewee was invited to give direct weighting factor to the objectives in the
second layer of objective tree (manoeuvrability, lethality, and survivability), and
the results are: 0.4, 0.5, and 0.1, which dramatically different from the results
obtained from pilot questionnaire survey above.

Interview with D r. Sway Chang, D irector o f R O C A ir F orce O perational T est & E valuation C enter, 31®^
May 2002
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3.5.3

Perfotmance Data of Combat Aitcraft

The criteria used to define the performance of combat aircraft have been
explained in previous section. Different from social-technical problems, the data
employed to estimate the performance of combat aircraft are precise figures,
which can be found in the commercial specification or public sources. Although
there are relatively abundant data about the attributes of combat aircraft, there is
only a small amount of data concerning their operational effectiveness, which was
defined in Section 3.4.1. The data available for constructing and validating the
scheme of aircraft selection are summarised as Table 3.3. The first half of Table
3.3 is the aircraft whose effectiveness is known from the result of computer
simulation, while the seventh and eighth are artificial data invented to constrain
the learning process of artificial neural network. The second half are the aircraft
whose effectiveness are not available and expected to predict according to the
data of first half, in which there are also artificial data, the eleventh, twelfth, and
thirteenth, invented to test the sensitivity of model against RCT, the most
concerned feature in modem aircraft design.
An important prospect embedded in the selection of sample data is that the
continuity of aircraft model, for example, F-18E is the upgrade of F-18C, which
are the two aircraft with certain level of similarity, and their effectiveness are
improved through advancement of certain attributes. Another two related model
are F-15E and F-22, the latter is the replacement of former. O f course, aU these
data only exist for one reason: to find out the effectiveness of the tenth aircraft,
Ching-kuo against the fifteenth aircraft, Su-27, the common threat of aU Western
modem combat aircraft.
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Table 3.3 Combat Aircraft Data Set
^Aircraft
Types

Training
sets

1. F-18C
2.
EF-2000
3. F-15E
4. R A F A L E
5. F-16C
6. F-22
7. Ceiling^
8. Bottom^
9. Gripen
10. Chingkuo

Prediction
sets

11. F-22X
12. F-22Y
13. F-22Z
14. F-18E
15. Su-27
16. Mirage
2000-5

RCS'

L*W
(sf)

Wing
loading
(psf)

T /W
Ratio

Max
AoA
(°)

Max
Speed
(Mach)

1
0.01

2262.4
1879.70

98
61

0.54
1.23

50
33

1.8
2.0

1
0.01
1
0.001
0.001
1
0.1
1
0.01

2730.40
1793.6
1529.23
2787.5
4000
1000
1275.58
1318.78
2787.5
2787.5
2787.5
2707.47
3465.58
1440

81
68
91
69.4
50
110
61
103.4
69.4
69.4
69.4
94
90
85

1.39
0.98
0.87
1.4
1.5
0.1
0.9

30
32
26
60
90
20
265
267
60
60
60
60
248
30

2.5
1.8
2.0
2.2
2.9
1.0
2.0
1.7
2.2
2.2
2.2
1.7
2.35'’
2.2

0.1

1
0.1

1
1

0.876

1.4
1.4
1.4
0.5
0.92
0.95

Rand
Effectiveness^
(Training
targets)
0.21
0.82
0.60
0.50
0.21
0.91
1
0

' O w ing to the confidential and difficulty in predicting, com bat aircraft’s RCS reported in different
publications vary by units and figures. ITiis classification is adopted from A G A R D , w hich categorised RCS
o f d ifferent vehicle into four groups. T he group locations o f subject aircraft is by a u th o r’s ow n judgem ent.
- The Gray Threat: Assessing the Next-Generation European Fighters, by M ark Lorell, D aniel P. Raym er, Michael
K ennedy, and H ugh Levaux, M R-611-AF, 1995
^ A fter prelim inary sim ulation, it is found extremely difficult to keep predictive effectiveness w ithin the
b oundary within 0 and 1. A n expedite solution is to add tw o set o f artificial m odeling data, the ceiling and
b o tto m data, w hich are the best and w orst data in criteria. T he effects o f these artificial data are to be
discussed further in section 7.4.5.
^ ibid.
5 A ssum ed to be the sam e as o f F-16.
6 ibid.
7 ibid.
®A ccording to the ch ief o f Sukhoi, Mikhail Sim onov, the aircraft has virtually n o A oA lim itations. I t can fly
flat wise to the air stream , with its tail forward; w ith 90° and even 180° A oA

(www.bharat-

rak sh ak .co m /lA F /ln fo /S p ecs-C o m b at.h tm l). Follow ing the private interview w ith the scientists o f
Russian Central A erodynam ics Institute (TSAGI) on Su-27, its RCS is p u t as 24°
^ A ccording to Æ r Force Technology, available on-line at: h ttp ://w w w .ak fo rcetech n o lo g y.com /p ro je c ts/s u 2 7 /specs.html
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3.6

Summary

As cost and effectiveness are the two main criteria considered in weapon systems
evaluation, this chapter focuses on the definition concerning effectiveness of
combat aircraft. When decision-making is considered consisting of objective
attributes and subjective judgement, the value tree developed according to
professional knowledge was employed to elicit the weighting coefficients in
effectiveness function, and critical criteria were selected to formulate a common
framework to evaluate alternative aircraft.
The effectiveness of weapon systems is considered from the viewpoint of
systems development, and represented by a system hierarchy and inter-related
components in each layer of system. The comparison of effectives of different
aircraft is expected to comprehend the interrelationships anatomised in this
chapter. Although there are tremendous amount of factors affecting effectiveness
of combat aircraft, the framework representing their effectiveness have been
approximated as a three-layer hierarchy, with goal on the top, objectives in the
middle, and attributes down the bottom. The value tree of combat aircraft is
obtained by a questionnaire survey, which is expected to be employed to evaluate
alternative aircraft’s effectiveness.
The objective tree constructed for combat aircraft is expected to include the
technological characteristics such as aerodynamics and stealth, and the differential
relationships identified between criteria illustrating the nonlinear relationships
between effectiveness and parameters. The nonlinear relationship between
systems criteria has been addressed by the strategists emphasizing the effect
caUused by synergy. While the value function and preference pattern are core
strategies in the development of decision methodologies, how to evaluate a
system consisting intrinsic complex relationship become the challenge for system
analyst and call for the tools of decision support.

68

CHAPTER 4
MULTI-CRITERIA DECISION-MAKING METHODOLOGIES

Highly nonlinear value functions of combat aircraft are to be solved using
artificial neural networks. This chapter attempts to solve the alternative aircraft
selection problem, as defined in Section 1.1, using conventional multi-criteria
decision-making methodologies that are based on the hierarchy structure of
combat aircraft effectiveness and critical criteria defined in the previous chapter.
This chapter will start with reviewing fundamental issues of MCDM, such as the
altemative-focused and value-focused approaches, and the connections between
decision-making and systems engineering. Secondly, the issues concerning value
wül be reviewed and a strategic decision-making method, Value-FocusedThinking (VFT) (Keeney,

1992)

will be compared to the requirement analysis

used in systems engineering (Buede,

1 9 9 4 ).

An objective network that represents

decision-making interactions of combat aircraft following the VFT concept wül
be established. Thirdly, a method frequently used to compare alternatives, the
AHP, W Ü 1 be applied to solve the combat aircraft selection problem. Fourthly, the
method based on linear programming incorporating an alternative's attributes and
rank, UTA, wül also be applied to the combat aircraft evaluation problem. The
logic of UTA almost identical to that of the neural nets method, whüe the latter
employs artificial neural network algorithms to capture the relationship between
performance inputs and effectiveness output. Furthermore, some other decisionmaking methodologies that have connections with the aircraft evaluation wül be
briefly discussed. FinaUy, cognitive decision analysis and the theory of inverse
problems wül be reviewed to iUustrate the connections between human behaviour

and decision-making.
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4.1

Multi-Criteria Decision-Making

This chapter intends to highlight the features of the MCDM problems and
explain the difference and similarity between systems engineering and traditional
decision-making methods when they are applied to weapons procurement issues.
It wül first introduce the idea of space mapping that converts multiple variables
into a single variable for the easiness of human judgement. After that, the
comparison

between

altemative-focused

and

value-focused

thinking

methodologies will be explained. Furthermore, the approaches of multiple
attributes and multiple objectives wül be highlighted regarding the context of
problems. FinaUy, the theories proposed by other researchers that connect the
systems engineering disciplines and decision-making science wül be reviewed.
4.1.1

Consequence Mapping Space

Most decision-making problems involve more than one objective. Judging
multiple-objective alternatives using a single value can thus be considered to be a
mapping between two spaces. Keeney & Raiffa (1976, pp. 66-67) treated multiple,
conflicting objectives as value trade-off problems, in which a decision-maker is
faced with trading off the attainment of one objective against that of another.
They visualised this process in the foUowing way: Assume ^ is a feasible
alternative and the set of aU feasible alternatives are represented in the A ct space, a
has n attributes. Its value is a mapping consequence from the Act space to a point
in an n-dimensional consequence space. Figure 4.1 depicts the mapping process.
In this overview, the n attributes are given. In practice, these attributes that
describe the consequences of actions must be created (ibid, p. 67).
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9^ 0

9* • • 9

Consequence space
Act space

Figure 4.1 The Mapping of Acts into Consequences
(Source: Keeney & Raiffa, 1976)

4.1.2

MODM vs. MADM

In this study, objectives are used to describe the target to achieve by alternatives,
and attributes are used to describe the functions contributed by alternatives.
Hwang & Yoon (1981) classified multi-criteria decision-making (MCDM)
methodologies as multiple attribute decision-making (MADM) and multiple
objective decision-making (MODM)

. They stated, “ALTDM methods are for

selecting an alternative from a small, explicit list of alternatives, while M ODM methods are
usedfor selectingfrom an infinite set of alternatives implicitly defined by the constraints^ This

classification is consistent with the view of Hipel et al (1999, p. 1098): ^^Multiple
attribute decision making (MADM) applies mainly when there is a small number of actions,
multiple objective mathematicalprogramming (MOMP) when the number of actions are large.”

Alternatively, Belton (1999, p. 12-10) distinguished two methodologies, of which
top-down tends to be objective-led, and bottom-up tends to be alternative-led. Pratt &

Belton (1999, p. 49) suggested using a bottom-up approach to identify and structure

' A ccording to H w ang & Y o o n (1981, p. 16), criteria are bases o f evaluation; they are form s o f attributes or
objectives in the specific context o f the problem . A ttributes are synonym ous w ith perform ance param eters,
com p o n en ts, factors, characteristics and properties. A n objective is som ething to be pursued to its fullest,
and generally indicates the desired direction o f change.
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relevant assessment criteria when alternatives are known in advance, and top-down for
problems when alternatives are not initially well defined.
In problems of weapon systems engineering, trade-offs among multiple criteria
are performed iteratively, especially to apply systems engineering disciplines that
generate solutions from objectives, which can be regarded as MODM problems
and implemented top-down using objective-led methodologies. The problems
defined in Section 1.1, when alternative aircraft are evaluated by their
performance, and their attributes are already known, can be considered to be
MADM

problems:

they

are

solved

bottom-up

using

alternative-led

methodologies. Figure 4.2 compares MODM and hLVDM.

Goal

Value

MADM

MODM

Objectives

Attributes

Figure 4.2 M O D M vs. M ADM
4.1.3

Alternative-Focused vs. Value-Focused Thinking

In terms of the means of approaches, tliis smdy classifies MCDM methodologies
as value-focused and ‘altemative-focused approaches. WTien apphing value-focused
approach, the attempt to establish the overall performance of each alternative will
be contemplated, and then the alternatives are compared with their overall
performance. The advantage of tliis method is the capability' to start with one
alternative, and the disadvantage is the construction of value functions. For the
alternative-focused, relative importance of alternatives with respect to one
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particular criterion is first formulated, the score of alternatives are decided by
relative importance of criteria and alternatives. The advantage of this method is
the values are decided by relative importance; the disadvantage is that it has to
wait for the arrival of al the alternatives; otherwise, it has to be reformulated
whenever a new alternative is added. The value-focused problem is like those
tackled by means of typical systems engineering, and the decision-making process
reiterates along the system life cycles. The altemative-focused approach is similar
to the problem of combat aircraft selection as defined in Section 1.1. The
challenge is to judge upon a set of alternatives when the weighting factors of
criteria are unknown.
In order to depict the difference of outputs between altemative-focused and
value-focused approaches, the triangular objective tree of Figure 3.7 is adopted
and further developed in Figure 4.3, in which each altemative is represented by a
triangle; the top of triangle shows the value, and the bottom part consists of the
criteria of altematives. The value-focused decision-making is considered as
closed-loop operations within a triangle, altematives are directly compared
according to their values In contrast, the altemative-focused approach starts with
the comparison across the bottom parts of triangles, and the values of altematives
are aggregated by their relative importance. AHP is a typical example of
altemative-focused employed in many cases short of quantitative values. The
drawback of AHP is the difficulty in interpreting final score, as stated by
Rosenbloom (1996). Further exploration and application of AHP will be
contemplated in latter part of this chapter.
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ValuGN
ValuGN-i .
ValuG
Alternative n - î I terna tiv
^alue■ ocused

AlWrnative,Focused ^

AttributGs

Figure 4.3 Alternative-Focused vs. V alue-Focused M ethodologies

h'oriTiulating problems according to the context of a scenario involves a concept
of “inverse problems” applied to approximate functions. I'he concept is essential
in classifring methodologies employed to

evaluate altematives.

In all

mathematical problems, soKing inverse problems involves determining unknown
causes by observing effects. (Conversely, solutions of direct problems are effects
determined from a complete description of causes (\X oodbuny 1995). Top-down
MODM therefore represents a direct problem, while bottom-up MADM
represents an inverse problem. As will be detailed below, in chapters six and
seven, artificial neural networks are to be used to solve inverse problems of offthe-shelf procurement.
4.1.4

MCDM and Weapon Systems Acquisition

I lazelrigg (1996) described engineering design as a decision-making process by. Cole
(1998) recommended using an objective tree, a common tool in decision analysis,
during system development to ensure that a customer’s requirements are met.
Armstrong (1999) further proposed the use of “value system design” in the early
stage of a systems engineering effort, where value refers to various outputs of
altematives; and vaine system refers to the set of objectives used when making a
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decision (Armstrong, 1999, p. 950). Multi-criteria decision-making methodologies
have thus been employed jointly with optimisation in new systems. Especially in
requirement analysis, multi-criteria decision-making hierarchy has been suggested to
represent a ^stem’s value hierarchy (Buede, 1994). However, systems engineering is
a decomposing and aggregating process, and the operations that determine
system parameters from system performance are irreversible. In off-the-shelf
procurement, the difference between top-down and bottom-up approaches is
important.
Pratt & Belton (1999, p. 47) classified MCDM problems in four groups - choosing a
single best option, classifying options, ranking options and selecting a preferred portfolio —of

which weapon systems acquisition can involve any one. A decision-making
agenda may evolve during the course of acquisition because of its long duration.
Initially, military analysts must identify aU potential alternatives, before the
alternatives are considered against requirements, and the most cost-effective one
is chosen. Buede & Bresnick (1992) evaluated the applications of multi-attribute
utility analysis in different phases of military systems acquisition. For some
analysts, the decision results are a ‘qualitative reminder’, and for others, they are
‘analytical tools’ for comparing options. Decision-making is extremely difficult
when the situation spans various services since it involves politicalfactors, bureaucracy
and service rivalries and causes an analytic model that is ^technically correct stillfa il’
(Buede & Bresnick, 1992).
4.2

Value Issues of Decision-Making Methodologies

The construction of a value function consisting of several variables has been a
natural way for decision makers to evaluate alternatives with more than one
criterion. This section will first describe the form of multi-attribute value function.
Secondly, the strategic thinking concept of Value-Focused Thinking (VFT) will
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be described. Finally, the application of VFT to the combat aircraft selection
problem will be developed.
4.2.1

Multi-Attribute Value Function (MAVF)

In multi-criteria decision making problems defined by a decision hierarchy, a
common way to obtain a single value for an alternative is to sum many criteria
using their weights as below (Kirkwood, 1999, p. 1128).
v{x^,x,_,....x,) = w,vXx,)+w,v,{x,)+---+w^v„{x„)

where

(4.1)

) is a value function, v. (jv.) is a single dimensional value

function, jv- is the weighting.
The weighting factors are defined as the importance of each criterion to the
overall value; they are normally decided by group decision-making tools. (Buede
& Bresnick, 1992, p. 120). This type of value function ‘''implicitlj assumes that the
increment in overall value received by improving any single evaluation measure by a specified
amount is the same regardless of the levels of the other evaluation measured (Kirkwood, 1999,

p. 1129). Although the evaluation measures such as attribute, measure of effectiveness,
performance measure, or metric are treated the same by Kirkwood (1999, p. 1120), they

represent values at different levels of the objective tree in this work, as explained
in Section 3.5.2. Differential relationships exist among speed, manoeuvrability,
and agility. If speed is an attribute and manoeuvrability is an objective, then
manoeuvrability is said to relate to the time differential of speed, and agility to the
time differential of manoeuvrability. Deterrnining a holistic evaluation from
differentially related parameters has been neglected by traditional decision-making
methodologies.
Thefield of M CD A concerns a body of approaches which seek to support decision-makers by
making explicit, and modeling, the multi-faceted nature ofpreference (Belton, 1999, p. 12-4).
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MAVT is a branch of MCDA (Belton, 1999, p. 12-7), and a simplified version of
multi-attribute utility theory (MAUT), which does not model the decision maker’s
attitude towards risk (Belton, 1999, p. 12-2). Value theory represents an individual’s
preferences in a defined context as a valuefunction (Belton, 1999, p. 12-2). Although a

value tree is intuitively used to capture the preferences of decision-makers, a value
tree should reflect the decision makers’ values, or objectives, rather than simply being a means of
discriminating between options (Belton, 1999, p. 12-13). Unlike the pairwise

comparison ratios used in AHP, MAVT uses an absolute measure of
attractiveness to establish the value trees and evaluated value for each alternative.
Pratt & Belton (1999, p. 48) defined the general model for the construction of the
value tree as,
(4-2)
j

Where V. is the overall figure of merit for alternative i; Wj is the weighting of
criterion j; and s.j is the score of alternative i against criterion j. Zero represents
the lowest level of a criterion, 100 represent ‘ideal’. A case study of C I selection
4

strategy has been proposed by Pratt & Belton (1999), in which three methods of
procurement of C I were evaluated: tactical (primarily COTS based with bespoke
4

data distribution mechanism), COTS (entirely COTS based), and strategic
(primarily COTS based but reuse batdefield strategic system component) options.
A value tree was constructed and weighting assigned by experts, according to the
steps described above. It was concluded that MCDM is close to current military
practice (i.e., then the Procurement Executive in the UK Ministry of Defence),
and hence could be easily applied to current ways of working (Pratt & Belton,
1999, p. 54).
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4.2.2

Value-Focused Thinking (VFT)

Keeney (1992) suggested focusing on values rather than alternatives when making
decisions, and advocated the application of value-focused thinking (VFT) to
distinguish from those that focus on evaluating alternatives. Keeney distinguished
fundamental objectives from means objectives in a decision frame, in which fundamental
objective refers to reason for making a decision (ibid, p. 30), and means objectives

determine ways to achieve fundamental objectives (ibid, p. 35). The distinctive feature
of VFT is its separation offundamental objective hierarchy from means objective networks
and the use of linkages between these two structures to communicate between
objectives and alternatives. Objective hierarchies can be decomposed at lower
levels untü decisions can be reasonably made (ibid, p. 80). This use of distinct
objectives recalls the use of a decision frame in systems engineering process of
Buede (1994, p. 1871), who equated the higher level of objective hierarchy to
Measure of Effectiveness (MCE) and the lower level of objective hierarchy to
Measure of Performance (MOP). The equivalence of systems engineering
processes with a decision-making hierarchy implies that a bottom-up process
should be

employed when making decisions

concerning

off-the-shelf

procurement.
The focus on value has also been addressed in military planning, although the
terms, “effect” or “capability” rather than “value” are employed. For example, a
recent military acquisition policy tends to place emphases on a system’s
performance rather than the process of manufacture that was stressed previously
(Kaye et al 2000, p. 357). Furthermore, strategic issues in modem warfare
planning concern the effects beyond systems’ physical boundaries (Deptula, 2001,
p.25). These approaches have shown that the intrinsic properties of alternatives
are not only of concern in decision-making smdies, but are also critical to
planning the allocation of forces, and acquiring weapon systems.
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4.2.3

VFT For Combat Aitctaft

The VFT strategy described in the preceding section provides a framework for
creating and evaluating alternatives, and involves building an Ends-Means
network consisting of fundamental and means objectives; alternatives can be
compared against objectives using measurable attributes. Figure 4.4 depicts an
incomplete Ends-Means network to illustrate the relationships and decisions
involved in evaluating combat aircraft. The objectives and attributes are taken
from Fig. 3.8 in Section 3.4. The objectives on top of arrows depend on the
objectives below them. For example, the goal of the fundamental objective
hierarchy is to maximise effectiveness, and the aims are to maximise
manoeuvrability, lethality, and survivability. Thmst, empty weight, and
aerodynamic design must be maximised to optimise manoeuvrability. In the top
layer of the means network, thrust is related to maximum speed, thrust-to-weight ratio,
and maximum angle ofattack (AoA).
The fundamental objective hierarchy indicates the direction of improvement, and the
means objectives network refers to depict the means of achieving objective items. One

additional level that was not shown in Fig. 3.8 was added into the hierarchy. This
extra level represents the hidden objectives in decision analysis as described by
Keeney (1992, p. 157), and illustrates the complex relationships of weapon
systems to be explored.
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Fundamental
Objective
Hierarchy

Maximise
Effectiveness

Maximise
Manoeuvrability

Maximise
Thrust

Max speed

Maximise
Lethality

Minimise
Empty weight

TAV

W/S

Maximise
Survivability

Maximise
Aerodynamic
Design

Maximise
Stealth

M axim ise
W eapon
Eayloads

Max AoA

Size

RCS

Means Objective Network

Figure 4.4 Combat Aircraft Ends-Means Network
4.3

Analytic Hierarchy Process (AHP)

This section will first describe the background of AHP. After that, the pattern of
other researchers in applying it to aircraft evaluation problem will be discussed.
Thirdly, the problem of aircraft selection in this study will be solved by AHP
according to the questionnaire survey results of Section 3.4. Finally, the potential
optimality/sensitivity issues wdl be discussed.
4.3.1

Introduction

Out of various decision analysis tools. Analytic Hierarchy Process (AHP) (Saaty,
1980) has been extensively used to solve priority-ranking problems since it is
intuitive and supports a systematic hierarchic approach. The ‘goals’ are broken
down layer by layer according to the system hierarchy to simplify a complex
decision scenario and compare alternative solutions. Each layer includes
numerous elements. AHP has been described as “a ^stematicprocedurefor representing
the elements of any problem. It organises the basic rationality by breaking down a problem into
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its smaller constituent parts and then calls for only simple pairwise comparison judgments to
developpriorities in each hierarchy” (^2L2Lty, 1986).

4.3.2

Example

Hwang & Yoon (1981) considered the case of selecting fighter aircraft using four
alternatives using six parameters following the AHP scheme. Their AHP
hierarchy included six parameters as criteria, as shown in Fig. 4.5. Each criterion
and each aircraft was assigned a matrix; criteria matrices were determined by
comparing each criterion’s relative importance to the overall goal. The aircraft
matrices were formed by pairwise comparison of aircrafts according to each
criterion. Weighting factors were determined from the principal eigenvectors of
each matrix. The products of the aircraft weighting factors and each criterion
weighting factors: yielded a final score for each aircraft for a particular task. A
ranking was generated by comparing these final scores.
First Level
Second

Spee^-

Third Level
Fighters

Figure 4.5 Selecting Fighter Aircraft by AHP
(Source: H w ang & Y oon, 1981, p. 105)

Although AHP was originally developed to solve water resource allocation
problems, the priority-ranking scheme is applicable to most MCDM problems.
The processes of structuring a hierarchy and applying a pairwise comparison
scheme offer a useful mechanism to solve complex problems when quantitative
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measures are unavailable. Although the accuracy of the scheme of obtaining
weighting factors by normalising the eigenvector of maximum eigenvalue has
been proven for a physical system (Saaty, 1990); human judgement is an
important part of AHP, its inconsistency makes AHP unsuited to the evaluation
of complex weapon systems such as combat aircraft. The prerequisite for AHP,
that the criteria should be mutually independent, is the biggest problem with its
application to complex systems, as several criteria that judges weapon systems,
are inter-related, or interdependent. ^‘Many decision problems cannot be structured
hierarchically because they involve the interaction and dependence of higher-level elements on
lower-levelelements”{fi2C3i\y, 1996, p. 75).

Unlike the mapping in value space described by Fig. 4.1, the AHP scheme that
trades-off alternatives according to relative importance is clearly a mapping from
attributes to a new consequence space defined by ranks. This fact might explain
why some have suggested that the score from AHP is difficult to interpret
(Rosenbloom, 1996). Each weapon system has its intrinsic property (Kirkpatrick,
1995). Viewing the intrinsic properties as consequence values and performance
parameters as attributes, a weapon system’s intrinsic effectiveness is a point in the
consequence space that results from the attribute-effectiveness mapping function.
4.3.3

Combat Aircraft Selection

Equation 4.3 is employed to represent the value function of alternatives used to
solve the aircraft selection problem defined in Section 1.1 by AHP.
EffectivenesSj = Weight;

x Attribute ; ................................................................... (4.3)

The hierarchy of Fig. 3.8 is applied to elicit the weights of the criteria, and the
weights of the criteria determined by the questionnaire survey, as in Fig. 3.9, are
applied. The employed hierarchy differs from the example in the previous section
by the addition of one extra level, included to capture the differential
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relationships among criteria by which combat aircraft are judged, as discussed in
Chapter 3. As the six criteria all have different units, the attributes of alternative
aircraft in Table 3.3 are normalised (divided by the maximum values of all the
peer aircraft to yield comparable units.

Moreover, the mechanism of AHP

cannot distinguish whether the attributes should be maximised or mininiized; it
basically judges aU attributes as “higher is better”. However, this assumption
conflicts with the physical meaning of the two attributes, RCS and

hoading,

which are perceived as “the smaller the better”. Finally, the consistency ratio
imbedded by the AHP method should be less than 0.1, whereas that due to the
first two layers is 0.28. The consistency ratio of the overall hierarchy is 0.08: the
bias in human judgement is compensated by the physical measurement.
Figure 4.6 summarises the final scores for each type of aircraft. At this stage, only
eight alternative training sites are considered to compare the operational
effectiveness obtained by computer simulations. As stated above, the scores
obtained by AHP are used to compare ranks without any physical meaning, as
shown in Table 4.1. The results of the AHP methods are almost coincident with
the ranking according to effectiveness already determined. The only difference is
that the ranking of F-16C and F-18C are equal according to their operational
effectiveness, yet are in the sixth and seventh places respectively according to the
AHP results.
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Aircraft Effectiveness Evaluated by AHP
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Figure 4.6 Aircraft Order Ranked By AHP
Table 4.1 Ranking Order Comparison Between BAe Effectiveness And
AHP
Ranking

Ceiling

F-22

EF-2000

F-15E

Rafale

F-16C

F-18C

Bottom

1

2

3

4

5

6

6

8

1

2
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4
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6

7

8

Mechanism
BAe
Effectiveness

AHP
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4.3.4

Potential Optimality, Dominance and Sensitivity Analysis

Athanassopoulos & Podinovski (1997) studied multiple criteria problems
involving a finite set of alternatives with only partial information, possible ranges
of values or constraints on normalized sums. They solved these problems as if
they were Linear Programming problems. They defined the optimal alternative as:
A decision alternative

e X is an optimal alternative if

= max ^w,x-*^ holds for aU ^ g

A decision alternative x^" e X is a potentially optimal alternative if there
exists w e W such that

(w,x-'“)= max (w,xM

Lee et al (2002) described dominance as the preference for relationship between
actual alternatives, while potential optimality consists of virtual alternatives generated
by the actual alternatives. The set of non-dominated alternatives implies the set of
potentially optimal alternatives.
Sometimes no optimal solution exists (Athanassopoulos & Podinovski, 1997).
Therefore, the geometrical representation of potentially optimal alternatives is
required. Zionts (1981) suggested a simpler method for representing feasible
solution, using three criteria related by the equation X = 1- X-j - . . The Expert
.3

7 2

Choice functions follow a scheme similar to this one, and the sensitivity analysis
function can be applied to the AHP case study in the preceding section. Figure
4.7 presents the results. limited by the software, only nine alternatives can be
allowed in one set of alternatives. Figure 4.7(a) shows the ranking using the
original weights. Figures 4.7 (b), (c) and (d) show the ranking when one of
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manoeuvrability, lethalitv^ or sur\ivabilit)^ is set to 1. , and others are set to zero.
0 0

As shown in Fig. 4.7, the length of the bar represents a change in the weights.
The only three alternatives whose rankings are changed with the weight are
Mirage-2000, F-16C, and F-I8C, whose orders changed from the original (1,2,3) to

(2,3,1), (1,3,2), and (1,2,3) respectively. The F-22 is the dominating alternative.
The rankings of EF2000, F-15E, Rafale, and Su-27 were not affected at all, and
the Ching-kuo was always dominated alternative. 1 hus the Cliing-kuo will not
outperform other aircraft, regardless of how the weighting factors are adjusted.
This finding reveals a fundamental difference between applying sensitivity
analysis to the problem considered in tliis thesis and its original scheme. Since the
weights of the criteria are considered to be intrinsic properties of the combat
aircraft, wliich cannot be changed according to the preference of decision-makers
after they are developed. The attributes, rather than the weights, should be
adjusted to see the variation of ranks.
Senattvily Analysis
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Figure 4.7(a) AHP Sensitivity Analysis
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Figure 4.7(d) AlIP Sensitivity Analysis
4.4

UTA

I ’liis section wtiU describe UTA method whose logic is ver)’ similar to that of
proposed neural nets, and present the results of apphing it to the combat aircraft
selection problem. I'he difference is mainly for its approaches of ranking orders
compared to the numerical values of effectiveness in the neural nets approach.
UTA is relatively simple and easy understanding and capable of dealing with
inter-correlated criteria, which make it an ideal approach in the comparison of
alternatives.
4.4.1 Introduction
The aim of Ud A is to assess additive utilit}’ functions which aggregate multiple
criteria in a composite criterion, using the information given by a subjective
ranking of a set of stimuli or actions and the multi-criteria evaluation of these
actions (jacquet-Lagreze & Siskos, 1982). UTA is an ordinal regression method
that uses linear programming to estimate parameters of the utüit}' function,
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assuming such a utility function exists (ibid.). The UTA method addresses the
following problem (Siskos, 1986).
Given a weak-order preference structure f>, ~), where > represents strict preference and ~
represents indifference, over a set of stimuli or actions, adjust additive utility functions based on
multiple criteria in such a way that the resulting preference structure would be as consistent as
possible with the initial one.

4.4.2
A

Algorithm
utility

M

function

under

certainty

is

a

real

valued

function

5Rsuch that

a > 6 o w[g(a)] > u[g[b)[...................................................................................(4.4)
a ~ b o u[g{a)] ~ w[g(6)]....................................................................................(4.5)

where g{a) = [g,(a),g («)v-g„(^^)]is the profile of the action a consequence on the n
2

criteria.
The UTA regression is used to estimate an additive utility model as follows
(Siskos & Zopounidis, 1987, p. 307):

=

(4-6)
/=1

«/(§,•) = ,v /,.................................................................................................... (4.7)
0

Ui{g*)=l , ^ i , ..................................................................................................... (4.8)

i=1

............................................................................................................(4-9)
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where g = {lS^,g2>---> S n)
criteria,

g.,

criterion g , ,

and

g.

vector of performance of an action on n

respectively the least and most desirable level of

the relatively weight of utility

and

the global

utility of g .
Kendall’s value: Kendall’s coefficient t is used to measure the correlation between

the ranking defined by the user and the ranking obtained using the utility function
determined by ordinal regression. The value x varies from —1 to 1. If x =1, then
the rankings are identical; if x= -l, then two rankings are completely inverse.
Usually, X> 0.75 is assumed to be acceptable (Kostkowski & Slowinski, 1996).
In the case considered in the following section, UTA+ software is used to
perform UTA analysis. UTA+ assumes marginal utilities in piecewise linear form.
For each criterion, the user must set the number of breakpoints that defines the
number of linear pieces. Fig. 4.8 is an example of three breakpoints defining two
linear pieces (Kostkowski & Slowinski, 1996).

Figure 4.8 Piecewise Linear Marginal Utility Function
(Source: Kostkowski & Slowinski, 1996)
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4.4.3

Combat Aircraft Selection

The combat aircraft selection problem in Section 1.2 is solved using UTA+
software. The options average function & default threshold are applied to the Linear
Programming problem. The two criteria required to be minimised, RCT and Wing
loading, specifv' the cost function. Figure 4.9 presents the obtained utilit}^ function.

The parameter considered to examine the result, Kendall’s coefficient, was 0.98,
after 52 iterations {Kendall’s value is satisfactory^ when it is > 0.75). Table 4.2
summarises the results of the analysis. ITie shaded training site in Table 3.3 was
used to approximate the preference protile, except in that the effectiveness value
is replaced by ranking order.
^X j

-inixi

oo

/<- 00 P

^X j

ooo

5.0 .0 0

Figure 4.9 Utility Functions
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Table 4.2 Ranking Orders by UTA
[odels

Predictions

Scores

0.669 0.504 0.503 0.444 0.379 0.386 0.378 0.447 0.476 0.284 0.366 0.200 0.310 0.212 0.183 0.136

Ranking
Order

Although UTA+ embeds a function that involves preference intensities, rather
than rankings, the problem was too complex to solve.
UTA has a very similar logic to that of the ANN proposed later in this
dissertation. The method aims to predict the rank of another alternative by
solving the LP problem set by the attributes of the alternatives and their tanks.
The disadvantage of applying this method to combat aircraft is the great difficulty
in ranking alternative aircraft that are highly complex. However, the decision
method is expected to yield such knowledge.
4.5

Other Methodologies

This section will describe the methodologies partly contributing to the
development of the proposed neural nets methodologies but inevitably bear with
some limitation. TOPSIS employs vector distance between ideal and subject
alternatives; Goal programming establishes the coefficients of criteria via linear
programming, and know-based methodology that can select the best
methodologies according to the information available. ANP (Saaty, 1996) is a
method proposed to enhance AHP with neural nets algorithms, and is an
undergoing development.
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4.5.1

TOPSIS

Hwang and Yoon (1981, p. 128) developed the method of Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS). The aim of the technique
was to implement multi-criteria decision-making using multi-dimensional
geometry. In TOPSIS, the value of each criterion was assumed to increase
monotonicaUy and to be normalised as non-dimensional attributes. The ideal
solution was the one that met the maximum benefit and minimum cost criteria.
The Euclidean distance between each alternative and the ideal/non-ideal
solutions were used to rank the alternatives, based on the idea that the best
alternative should be nearest to the ideal solution (A^) and farthest from the
negative-ideal solution (A), as shown in Fig. 4.10.

i

a?

f

I
X

I

A"

A ttrib u te Xi (in c re a s in g p re fe re n c e )

Figure 4.10 TOPSIS Euclidean Distances
(Source; H w an g & Y oon, p. 129)

The shortcoming of TOPSIS is that the alternative with the shortest distance
from the ideal solution will not necessarily be the one farthest from the non-ideal
solution. For example, alternative Aj in Fig. 4.10 is nearest the ideal alternative A^,
but it also is nearest the non-ideal alternative A ; thus, selecting alternative A,
could be difficult to justify (Hwang and Yoon, 1981, p. 128). However, when
TOPSIS was applied to the aircraft selection example in Section 4.3.2, it obtained
the same result as that obtained from AHP (Hwang and Yoon, 1981, p. 128).
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4.5.2

Goal Ptogtamming

Goal programming is the pioneering management science used to solve problems
that involved several objectives (Lee & Olson, 1999). It is applicable to both
linear and nonlinear problems. Its underlying concept was to define a target (7) )
for each objective, to use a function (7\ ) to represent a measurement of that
objective, and to use variables to represent underachievement (
overachievement

) and

these variables are given a weighting factor (Lee & Olson,

1999).
F . + d- - d ^ -T j

When “less is better” (as for example, for an aircraft’s empty weight), the goal
(was OR is) to minimise the overachievement variable, and vice versa. A linear
objective function is, (Lee & Olson, 1999)

M in im ise ^

+ w-^d^ )

where K is the total number of objectives, and the weightings minimise the
deviation variables from target /.
4.5.3

Knowledge-Based Decision-Making System

While each MADM methodology has its individual strengths and weaknesses,
depending the context of the problem, Poh stated), most M A D M methods select the
best alternative based on inter and intra-attribute comparisons. These comparison may involve an
explicit or implicit tradeoff' (Poh, 1998, p. 316). Decision-makers cannot easily

understand every kind of methodology, and so Poh proposed a microcomputer
implementation system that can guide the users ystematically towards selecting the most
appropriate M AD M method, the Dominance Method, Maximin Method, Maximax method.
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Conjunctive Method, Disjunctive Method, lexicographical Method, Elimination hy Aspect,
Vermutation Method, Linear Assignment Method, Simple Additive Weighting Method
(SAW ), Elimination et Choice Translation Reality, (ELECTRE), and TOPSIS. He also

proposed a case study of aircraft selection and the critical attributes of jet fighters.
And their value and weighting factors used are in Table 4.3 and Table 4.4;
Table 4.3 Attributes of Combat Aircraft
(Source: P oh, 1998)

F ig h te r

T h ru s t

Speed

R ange

(lbs)

(M ach)

(m iles)

C eiling (ft)

M a n o e u v ra b ility

C o s t( $ )

Ai

29000

2.0

2415

50000

A v e ra g e

100000

A

18300

2 .3

1300

56000

G ood

110000

A

18960

2.2

1525

70000

Poor

90000

A

21385

2 .2 6

1118

59000

G ood

105000

Table 4.4 Weighting Factors of Combat Aircraft Attributes
(Source: P oh, 1998)

A ttribute

W eig h tin g

T h ru s t

Speed

R ange

(lbs)

(M ach)

(m iles)

0.1

0.2

0 .1 5

C eiling (ft)

M an o e u v ra b ility

C o s t( $ )

0 .0 7 5

0.2

0 .2 7 5

Although the system developed by Poh (1998) is called “knowledge-based”, it
follows from analytical decision-making methodologies. like other alternativefocused methodologies, it fails to address the differential relationship that exists
between speed and manoeuvrability (as described in Section 3.5.2). The system
cannot recognise the difference between speed and manoeuvrability, and
therefore treats each one equally.
4.5.4

Analytic Network Process (ANP)

While AHP is restricted to problems that involve mutually independent
objectives, analytic network process (ANP) was developed by Saaty (1996) to
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make decisions that depend on a large amount of information, interaction and
feedback with a high degree of complexity (Saaty, 1996). ANP is defined as ''a
theory of measurementgenerally applied to the dominance of influence among several stakeholders
or alternatives with respect to an attribute or a criterion... The A N P is also applied to evaluate
the dominance of criteria with respect to a higher criterion” (Saaty, 1996, pp. 4-5). ANP

supports inter and intra relationships among criteria. Lee & Kim (2000)
recognised this fact and applied ANP to selecting information systems projects,
involving interdependent relationships among criteria.
Figure 4.11 presents the feedback network employed by ANP: components 2licç.
used to designate all the main factors that contribute to the goal; each cluster can
be further broken down into elements (Saaty, 1996, pp. 78). The relationships
among clusters and elements can be quantified by pairwise comparison on a scale
of one to nine in AHP. Outerdependence and interdependence are used to describe the
relationships between components and within components respectively (Saaty,
1990, p. A-159). Finally, the value of alternatives can be obtained by multiplying
the weighting factors.

c I [

Source
Component
(Feedback l o c ^ C 2

Source
Component

Outerdependence
Intermediate
Component
(Transient statey
Intermediate
Component
C aN ^G C urrent state)

Sink
Component
(Absorbing state

nterdependence

Figure 4.11 Feedback Network
(Source: Saaty, 1996)
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A normalised principal vector obtained from a (pairwise comparison matrix,
similar to those obtained in AHP, is called priority vector by ANP; it represents the
impact of a set of elements in a component on other elements. For elements with
no impact, zero is entered. Each priority vector is a column vector in a supermatrix
of impacts, as shown below (Saaty, 1996).
For a system consisting of N components, component h is denoted by
h = \^..,N and has

elements, which are denoted by

• •■>^hn '

Nn,

w =
2N

N1
N2

Nn,

A
where W-j

A
M

^ ,)
0

M

M
A
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NN

,

each column of

is a principal eigenvector that represents the impact of all

elements in the i'*’ component on each o f the elements in the j* component (Saaty,
1996). The limiting priorities, the impacts of all the elements against other
elements, are derived through the Lagrange interpolation formula (Saaty, 1996, pp.
112).

Saaty also considered increasing the utilisation of AHP in other disciplines, for
example neurology, genetics, physics, chemistry and cosmology) to explore the
raù'o scale measurement approach of AHP and ANP (Saaty, 1996, p. 311). He believed

that neural decision-making co\Ad be a cmcial discipline (Saaty, 1996, p. 312). Unlike
other Artificial Intelligence (AI) researchers, Saaty assumed that anj intelligent life
form in the universe must develop its knowledgefrom basicphysical laws (Saaty, 1996, p. 316),

and suggested that the brain is a collection of clusters (components) and subclusters
(elements) which interact to create and ynthesi^ information contained in electrical signals
whose intensities correspond to priorities

^ 1996, p. 321). He observed connections

between neurons and decision-making: 'W neuron is like a decision maker whose output
is an eigenfunction ofpriorities^ (ibid, p. 329). He dehned the relationship between

studies relating decision-making and neural firing as a neural network process
(NNP), and is still under development (ibid, p. 311). However, the need for a
powerful technique for prioritising alternatives is clear.
4.6

Cognitive Science

Decision-making is a very human action (Zeleny, 1982) and a complex cognitive
activity (Usher & Zakay, 1993). Man is acknowledged not to be an optimal
decision-maker (Kahaneman et ai, 1982). Following various attempts to
understand the pattern of human decision-making, people have been concluded
to make heuristic choices that lead to consistent violations of even the most basic
axioms of rational choice (Kahaneman & Tversky, 1979). Usher & Zakay (1993)
studied decision processes using neural modeling, and suggested that Vacillation’
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is a distinctive process in personal decision-making). It allows human beings to
fluctuate between alternatives. Their simulation demonstrated that decisions
made over a longer period are less likely to violate rational rules.
In studies of cognitive decision-making, decision-processes have been categorised
into three approaches, holistic^ alternative-based, and attribute-based (Usher & Zakay,
1993, p. 352). The holistic approach does not decompose criteria into sub-criteria,
and is equivalent to expert judgement, dominated by the decision-maker’s
experience and intuition. Alternative-based decision-making considers an alternative
according to aggregated values is equivalent to the value-focused approach in
MCDM categorisation. Attribute-based decision-making considers one attribute at a
time, is used to compare alternatives, and is comparable to the alternative-focused
approach in MCDM. Table 4.5 summarizes the categorization of terminology as
pertaining to decision analysis or cognitive decision processes.
Table 4.5 Comparisons of Decision Analysis and Cognitive Decision
Strategy
Decision
Analysis

Cognitive
Decision
Strategy

Expert judgement

Holistic

Value-Focused

Alternative-Based

AlternativeFocused

Attribute-Based

Usher & Zakay (1993) developed a neural model, illustrated in Fig. 4.12, to
understand the process of decision-making in the human brain. The selection of
decision strategies was governed by the willingness of a decision-maker to apply a
specific type of decision strategy, incorporating, for example, a weighing of the
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reward of making a decision versus the effort required to make that decision.
Their smdy applied the attribute-based strategji, which models a decision process by
aspect and alternative sub-networks. Each assembly (represented by a group of

circles) is one of the various components in the decision process, including
alternatives and their aspects (ibid, p. 356). The circles on the left represent aspect
assemblies. Each circle represents one criterion; the circles on the right represent
altematives. Each circle represents one alternative. The ellipses represent
inhibitory assemblies that mediate the competition in each sub-network. The
arrows that connected aspects to altematives imply that a criterion is satisfied by a
certain alternative. This model simulated human decision patterns by assigning
parameters that are activated by the context, such that different decision strategies
can be prompted accordingly. This model differed from the pattern recognition
model that uses artificial neural networks, since the former involves no external
inputs, and the aspect assembly represents the “state of mind” of the subject (ibid,
p. 356).

Inhibitory
a ssem b lies
T rade-off
nd c o m p a re
com p etito rs)

A spec
Network

Alternative
Network

(C riterion on w hich to m ake
d e cisio n s)

(T he list from w hich c h o ic e is
m ade)

Figure 4.12 Attribute-based Decision Network
(Source: U sher & Zakay, 1993)
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Usher & Zakay clarified an important issue in selecting a decision-making strategy
- that an attribute-based process is implausible when altematives are presented
one at a time, and that an appropriate internal representation of the decision
space may have to be constructed if such a representation is not already available
(Usher & Zakay, 1993, p. 352). Hence, for problems in which altematives vary;
for example, off-the-shelf procurement, an ideal methodology that can determine
the values of altematives based on the intrinsic properties of altematives from
attributes is required.
4.7

Summary

Traditional weapon systems are enabled by systems engineering disciplines.
Decision-making problems often involve multiple criteria and hence drive diverse
approaches for particular needs, nature of background formulate MODM and
MODM, and directions of approaches invent altemative-based and value-based
approaches. Although systems engineering and MCDM intersect at value-focused
thinking (VFT) strategy, the lack of practical algorithms make it difficult to
implement. The evaluation of complex combat aircraft equivalent to a selection
from a finite set of alternatives value-focused methodologies has been solved
using AHP and UTA methods.
The AHP approach implements the value tree developed in last chapter (Section
3.5), which represents users’ holistic requirement by aggregating each criterion
with fighter aircraft through pairwise comparison, while aircraft’s performance
data are gathered from open sources. Sensitivity analysis showed that the subject
aircraft, Ching-kuo is dominated; as the potential optimality analysis indicated that
the change in weight does not reflect obvious change in ranking order. Another
drawback of implementing the weighting scheme is that it does not support any
physical interpretation. Furthermore, the addition of new altemative will result in
a shuffle of complete set of altematives, which makes the results from different
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scenarios incomparable. Distinct from any other MCDM method, UTA
implements a reverse approach by approximating the weight coefficient of value
functions using linear programming algorithms between attributes of the
altematives and their rankings. The approximated value function can then be
used to predict new alternatives’ values. The modelling of ordinal preference
shares the common shortcoming of AHP that has to reshuffle when new
altemative is added. The subjective preference ranking might not be easy for
altematives with multiple criteria, which is exactly the need driving the
implementation of this study. Although both these methods satisfy the
consistency test, the weaknesses of applying subjective MCDM methodologies to
evaluate complex weapon systems are revealed.
As well as AHP and UTA, some frameworks of other MCDM methodologies
considered in other studies in the context of aircraft selection are discussed.
Cognitive science has elucidated the inconsistency of human judgement and
artificial intelligence has been suggested to enhance its consistency. The logic of
UTA is almost identical to that proposed below in the chapters concerning
Artificial Neural Networks (ANN) Approximation, which has been suggested to
improve AHP and described as Analytic Network Process (ANP) (Saaty, 1996) or
applied to replicate the AHP (Stam el al, 1996) and replace goal prograrnrning
(Malakooti & Zhou, 1994). Prior to the implementation of ANN, The following
chapter considers approaches to multivariate statistics.
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CHAPTER 5
MULTIVARIATE STATISTICS ANALYSIS

The MCDM methodologies reviewed in previous chapter focused on
deterrnining the weight or coefficients of the value function, in a direct or a
reverse way, in which multi-dimensional aspects of multi-criteria decision-making
problems were revealed. Although geometric representation is the most
illustrative way to represent the relationships among variables and altematives to
support a holistic approach, most decision-making problems involve more than
three criteria, which cannot be represented by two-dimensional geometry.
Techniques of lower-dimensional approximation or reducing the numbers of
dimensions have been attempted by multivariate statistics techniques.
Continuing the aircraft selection problems in previous chapter, this chapter first
re-analyses the correlation between criteria by correlation analysis. Secondly, the
multiple linear regression is employed to reveal its feasibility to predict the
effectiveness of combat aircraft. Thirdly, the technique of reducing the
dimensions of criteria through principal component analysis (PCA), the biplot is
used to explore relationships between variables and altematives and their relative
importance. Fourthly, methodologies that employ the same concept as that of
biplot, the GALA, are demonstrated using specially developed software. Finally,
the PROMETHEE method accompanying GALA is also utilised, yielding ordinal
preferences. The results obtained in this chapter will be compared and contrasted
with the results of artificial neural networks in chapter nine.
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5.1

Attribute Data Analysis

In order to proceed the problem solving with the assistance of methodologies
with more multivariate statistics background, this section wül anlysed the data of
combat aircraft in Talbe 3.3 by traditional data analysis techniques. The data wiU
first be analysed for their correlation; secondly, the multiple linear regression
method wiU be employed to predict the effectiveness of aircraft. Finally, the
techniques of PCA wiU be explained for the foundation of study in next section.
5.1.1

Correlation Analysis

Data must be analysed before they are applied for model building. Correlations
of two variables measure the degree of their linear association, which is expressed
by sample correlation coefficient (Teles, 2002).

XY

^SS^SSy ......................................................

.(5.1)

where SS^ =

The significance test for Pearson’s correlation coefficient is"*^;

(=

^

(5.2)

h ttp ://d av id m lan e.co m /h y p erstat/B 1 3 4 6 8 9 .h tm ]
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(N-2) is the degree of freedom, N is the number of pairs of scores went into
the computation of r between the two variables.
The following results are determined using ST A T IST IdA software. The first six
altematives, including six attributes, are analysed for correlation, as shown in
Table 5.1. Two variables are considered significandy correlated if p value is less
than 0.05.
Table 5.1 Correlation Analysis o f Aircraft Data

■ ■ ■ ■ ■

^□i^l

BASIC
STATS

Marked c o rrelatio ns are signi fic an t at p <
N=6 (Casewise de letion of mi ss ing data)

Varia bl e

H

SIZE

u_s
T W
MAXAGA
MA XSP EE D
EFF

B I I
1.0000 1
p = --0216
p= 968
9060
p= 013
- 4396
p= 303
- 2592
p= 620
2056
p= 696
- 7462
p= 088

SIZE
0216
p= .968
1 0000
p = --- 0377
P' 943
5163
p= 294
6243
p= 185
6703
p= 145
4918
p= 322

T_U
- 4396
p = .383
5163
p= 294
-.6962
P » .124
1 0000
p = --0215
p= .968
7820
p= 066
8647
p= 026

¥ S
9060
p= 013
- 0377
p= 943
1 0000
P * --- 6962
p= 124
0162
p= 976
- 1165
p= 826
- 8545
p= 030

05000

MAX A G A
- 2592
p= .620
6243
p= 185
0162
p- 976
0215
p= 968
1 0000
p = --- 0533
p= 920
.3278
p= 526

MAXSPEE D
,2056
p= 696
6703
p= .145
- 1165
P ” .826
7820
p= .066
- ,0533
p = .920
1 0000
p = --.4500
p= 371

EFF
- 7j62
p= 088
4918
p= 322
- 8545
p= 030
8647
p= 026
.3278
p= 526
4500
p= 371
1 0000

p = ----

FT
A significant correlation between RCS and

Ijoading is shown in the

correlation analysis, which raises the concern if they both represent the same lype
of information"’, llie reason may be that they are both data of the t\y)e, “lower is
better”. Another reason may be the non-linearity of the effectiveness, which
cannot be captured by linear correlation analysis. To illustrate the phenomenon
further, the result of a bivariate analysis is illustrated in Fig. 5.1.

O n e o f the issues raised in the tliesis defense held on !"'* D ecem ber, 2001

105

1
I

RCS vs. W_S (Casewise MD deletion)
W_S = 65.8 9 2 + 24.108 * RCS
Correlation: r= .90600
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Figure 5.1 Bivariate Analysis o f RCS & Wing Loading
5.1.2

Multiple Linear Regression Analysis

''Ke^'ession analysis is the statistical methodology for predicting values of one or more response
(dependent) variables from a collection ofpredictor (independent) variable valnesr Johnson &

W'ichem, 1998, p.337). For the data set with m dependent and r independent
variables, the regression equations can be represented as Eqs. 5.3 (ibid, p. 410).
h - /^Ol + A 1^1 +

L=

^ 0 2

+^

2 -^1

+ ......+

- Am +
the error term

+ f^ r f^ r + 4

+

(5.3)

^2

+ .......+ Prin^r +

e

-

has E {s) - 0 and
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Var{e) = ^

The problem of aircraft selection in Section 1.1 is modeled by Eqs. 5.3. The six
attributes are considered as independent variables and the effectiveness is
considered as dependent variables. The results of regression analysis by
STATISTIQ A are summarised in 'fable 5.2.
Table 5.2 Multiple R egression Analysis Result

^ x j

*j^ Regression Siunmaiy for Dependent Variable: EFF
9 9 9 9 9 9 3 8 R? .99999877 A d j u s t e d R? .99999136
1 ) = 1 3 5 0 E 2 p < .00208 S t d . E r r o r of es ti m a t e : .00108

Continue...

St. Err.
of B E T A

N=8
1 . 80 524
04899
-2 02077
2 26706
1 11086
-2 .92034

RCS
SIZE
U_S
T ¥
MAXAOA
MAXSPEED

014566
.006242
.014276
010938
.008450
017484

B
4.16975
1.25070
.00002
- 03674
1.70994
01759 .
-1 92076 ''

St. Err.
of B
___ t(l)____
02 7773
150 .135
010091
123 937
000002
7 849
-141. 551
000260
008250
207 264
000134
131 463
.011500
-16 7 .025

p-level
.0 04240
005137
.080676
.004497
003072
004842
.003811

Eolumn “B” in fable 5.2 represents the coefficients (weights) of value function, and the
function of effectiveness is formulated as Eqs. 5.4
E ffectiveness = 4.16975 + 1.25070 x R C S + 0.00002 x Size - 0.03674 x T / 5

.(5.4)

+ 1.70994 X r / I f + 0 .01759 x M axAoA - 1.92076 x M a xS p eed

4’he effectiveness of aircraft in the prediction site is calculated according to Eqs. 5.4,
and the effectiveness of each aircraft and ranking orders are summarised as Table 5.3.
Table 5.3 Predicted Effectiveness and Rankings by MLR
Aircraft

Predict

Upper Bound

Lower Bound

Rank Order

Gripen
ChingKuo
F-22X
F-22Y
F-22Z
F-18E
Su-27
Mirage2000

0.23313
0.32681
0.91005
1.02201
2.14824
-0.46128
-0.33744
0.25192

0.25909
0.34690
0.92373
1.03950
2.27440
-0.37665
-0.25521
0.27431

0.20720
0.30673
0.89637
1.00573
2.00209
-0.54591
-0.41968
0.22953

6
4
3
2
1
8
7
5
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Although the linear regression yields the predicted effectiveness of unforeseen
aircraft, some of them exceed one that is the maximum operational effectiveness,
and some are negative which are beyond the minimum operational effectiveness
and make them uninterpretable. The reliable predictions are observed as two
factors, the non-linearity between dependent and independent variables and the
number of sample data. As Osborne & Waters (2002) suggested, standard
multiple regression could only accurately estimate the relationship between
dependent and independent variables when the relationships are linear in nature.
The non-linear relationships between parameters of combat aircraft have been
stated in Chapter three as there are many occasions in the social sciences where
non-linear relationships occur, such as anxiety (ibid.), the assumption of linearity
might seriously underestimate the non-linearity of a system. While some authors
have suggested that 15 subjects per predictor is sufficient (Pedhazur, 1997),
others have suggested rninimum total sample of 400 (Pedhazur, 1997), others
have suggested a minimum of 40 subjects per predictor (Cohen and Cohen, 1983;
Tabachnick & Fidell, 1996), the number of sample data employed in the smdy is
obviously not large enough. In addition to the unreliable predictions, Krzanowski
(2000, p.64) questioned the physical meaning represented by MLR, which is the
summation of values of different units, such as the summation of speed, radar
cross section, and thrust to weight ratio and others in the problem of combat
aircraft selection, while the physical meaning of systems effectiveness is important
to the systems engineering and operational analysis problems.
5.1.3

Principal Com ponent Analysis (PCA)

The idea of principal components is to describe p dimensional data in as small a
number of dimensions as possible (less than p), while preserving as much as
possible of the structures involved. PCA transforms an original set of variables
into a new set of principal components that are at right angles (90*^ to each other
(uncorrelated). Algebraically, principal co?nponents are particular linear combinations of the p
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random variables X p X 2,..,Xp. Geometrically, these linear combinations represent the selection of
a new coordinate y stem obtained by rotating the original y stem with

as the

coordinate axes.

The algorithms of PCA are defined as follows (Johnson & Wichem, 1998, pp.
458-459).
Principal components depends solely on the covariance matrix Z (or the
correlation matrix p ) of X,,X^,.. ..X),. Let the random vector X ’= [ X;,X^,.. ..XJ
have the covariance matrix S with eigenvalues A.., > Àg

>0

Consider the linear combinations

T| = a^X =

^2 ~ ^ 2 ^ ~

+«.,2X2 4

^

CI22 X 2 4

va^pXp

4-C l 2 p ^ p .......................................................(5.5)

Yp - a p X - f l p i X ^ + ^ p 2 ^ 2 + " ’ + ^ p p ^ p

Var{y. ) = a '.'^ a.

i = l,2 ,...p ....................................... (5.6)

C ov (Y. , Y k ) = <^iYj^k

h^ =

12,... p .................................... (5.7)

The principal components are those uncorrelated linear combinations Y^,
Y , ... Yp whose variances in (5.6) are as large as possible.
2

First principal component = linear combination
(a.jX) subject to a/a^=l
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that maximizes Var

Second principal component = linear combination a-^X that maximizes

Var (« ^ ) subject to a ’a = l and Cov{a^X, a 2 X ^ = 0
2

2

2

At the i"^ step, i* principal component = linear combination a.\X that
maximizes
Var ( a^ X) subject to a^’aj^l and Cov(fl.V,< ^v ) = 0 for k<i
2

5.2

Biplots

This section wiU explain a visual decision analysis technique, biplot, which has
been applied to represent multiple dimensional information in a two-dimensional
geometrical plane. Its background of origin wül be discussed, and the
methodology wül be employed for the analysis of combat aircraft selection
problem.
5.2.1

Inttoduction

Visualised comparison is generally easier for decision analysts to make judgement,
especially a two-dimension graph. Simüar tool is like linear programming that
serves as the aide for cost-effectiveness analysis. For most decision-making
problems, analysis is consideration involves the comparison of multiple
altematives under more than two criteria (dimension), which is difficult to be
directly represented by a two-dimensional graph. Biplot is a technique to convey
multi-dimensional information by a two-dimensional graph; the “Bi” of Biplots
reveals the relations of row and column variables and altematives. Most statistics
software package incorporates the tool of graph generating tool, including Matlah
and SAS^ and others, this chapter applies the S-PLUS 4 for biplot plane analysis
for its weU-developed graph-generating interface as suggested by Losa etal. (2001).
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5.2.2
•

Methodology Development
Exact biplots

Any nxm matrix Y of rank r can be factorised as, Y = GH' , G is an nxr matrix
and H a

matrix, both are necessarily of rank r (Rao, 1965 a, lb.2.3), which

can represent n+m vectors in r-space. Vectors g^,.. .g„ may be considered to be
the “row effect”, and h^,...h„ may be considered to be the “column effect”.
For a matrix of rank two, the effects of g^... gn and h j.. .hn may be considered
to be vectors of order two, which can thus be plotted in a plane, to represent
the nm elements (Gabriel, 1971).
•

Matrix Rank higher than two

Matrices of ranks higher than two, which cannot be directly represented by a
biplot, are attempted to be “approximated” by a rank two matrix. The
approximation of an nxm matrix Y of rank r, by an nxm matrix of lower rank
is enabled by singular value decomposition according to Ekart & Young (1939),
Good (1969), and Golub & Reinsch (1970) (Gabriel, 1971).
•

PCA biplot

PCA is employed to reduce the number of dimensions of the matrix to enable
representation as a two-dimensional figure. The feasibility of a rank-two matrix
approximation is measured by the percentage of variance representation, which
must exceed 85% to yield an effective representation. The PCA biplot steps are
as follows (Gabriel, 1980, p. 172).
(1) Start with a matrix Y;
( ) compute a reduced rank approximation Ypp
2
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(3) factorize using Y^pAB^; and
(4) display the ‘a’s and I d’s in a biplot.

•

Correlation Biplot vs. Covariance Biplot.

Losa et al. (2001) stated that the covariance biplot contains more information
than correlation biplot. The criteria applied to the combat aircraft selection
problem defined in Section 1.1, involve different units. The first principal
component of the covariance biplot reaches 100% and 99.99% representation
of the training sites (with effectiveness) and the fuU list (without effectiveness),
respectively. However, the biplot graphs are dominated by a single criterion,
area, and are indistinguishable, as shown in Figs. 5.2 and 5.3. Clearly, the

covariance biplot is not applicable to the problem when criteria are in different
units. The following section applies the correlation biplot to the aircraft
selection problem. The biplot graphs are generated using S-PLUS statistical
analysis software.
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5.2.3

Combat Aircraft Selection

The biplot analysis of the problem corresponding to the combat aircraft selection
as specified in Table 3.3 of Section 3.6 is implemented as two parts - training site
with effectiveness and full list without effectiveness - to explore the relations
between criteria and altematives.
•

Training site (with effectiveness):

Figure 5.4 shows the biplot analysis for altemative aircraft in training site (with
effectiveness), which represents 90.7% of total variance. The six criteria are
indicated by arrows, and the alternatives are marked by their designations. The
criteria are clustered into two groups - RCf and jving loading on the left-hand side
and MaxA-oA., thrust to weight ratio^ max speed (MACH); and area (sir^) on the righthand side. The lengths of the arrows represent the importance of each criterion
compared with others. The length of an altemative on criterion represents the
significance of that criterion. The cosine between two criteria represents their
correlation. As illustrated in Fig. 5.4, the angles between RCJ and max speed and
area are almost 90 degrees, indicating that the variables are unrelated. It is revealed

that the arrow of holistic effectiveness is pointing at the same direction as the
other four criteria on the right-hand side, which are to be maximised. Wing loading
and Res’ on the left-hand side of the biplot are to be minimized, which explains
the significant correlation between RCT and wingloadingr^oAtà. in Section 5.1.1.
Furthermore, Fig. 5.4 shows another two groups of correlated criteria - effectiveness
and thrust to weight ratio-, max A oA , sif^e, and max speed, in which max A o A and max
speed are nearly identical, which are information not revealed by the correlation

analysis, possibly because the sharing of the direction the correlation in the
analysis. As the four criteria to be maximised approximately point horizontally to
the right, alternatives are considered to be superior to the others if they are on the
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far right side. Consequently, the ranking orders of the altematives are considered
to be consistent with the ranking order of their effectiveness.
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Figure 5.4 Correlation Biplot of Training Site
•

Full list (without effectiveness):

The full list of altemative aircraft in Table 3.3 are compared using biplot analysis.
The percentage of variance representation is reduced to 80.9%. The biplot is
illustrated as Fig. 5.5, wliich is slightly different from Fig. 5.4 in the pointing
direction of criteria. Although effectiveness is not expressed in Fig. 5.5, the four
criteria are shown pointing to the same direction of effectiveness in Fig. 5.4. The
cei/ing is at the far right end, which is a hypothetical aircraft; F-22 is the most

preferred aircraft. The tracks of aircraft positions have revealed dramatic
information that three artificial lines, ‘A’, ‘B’, ‘C’, can be drawn, as shown in Fig.
5.5. Line A shows that F-22X, F-22Y, and F-22Z are in ascending order along the
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RCS axis, which is interpreted as that aircraft with similar configuration
deteriorate as RCS increases, recalling that they are actually the duplicates of the
F-22, with the modification of reducing RCS by one order of magnitude. Further

along upright RCS axis are the F-15 and Su-27, whose preferences decrease as
their attributes on RCS increase. Line B is seen as a line parallel to line A shifted
along the opposite direction of four major criteria (size, maximum speed, thrust
to weight ratio, maximum AoA). As F-18Cis the predecessor of the F-18E and is
both on the line, F-18C is mo\ing towards the lines of RCA and WSng Loading,
wliile others remained unchanged. The F-16C, Mirage-2000, EF-2000, Rafale, and
Gripen are mo\ing on the reverse direction along line B, wliich is interpreted as

their overall performance being inferior to that of the F-18E in temis of RCA and
II

In addition to RCA, the effectiveness of Cliing-kuo also

leading.

deteriorates along with axis of iring loading, as shown moving upright along line C.
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Figure 5.5 Correlation Biplot of Full List
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0 .6

80.9%

Biplot enables important information contained in multiple dimensions to be
revealed. Altemative aircraft are grouped into three clusters - conventional,
modem, and future. The main weakness of the PCA biplot, as applies to most
multivariate analyses, is that the complexity is replaced by the complexity of
statistical analysis (OHverira et al., 2001, p. 78). In addition, as Gabriel (1980, p.
160) stated, biplot is more exploratory than confirmatory, which is specialised in
the sorting of entangled data by cluster analysis, rather than the single output of
ordinal order.
5.3

PROMETHEE II & GAIA

This section wiU introduce a weU-developed user-friendly software package
(Decision Lab 2000) for the analysis of altematives via biplot, which is caUed as
GAIA, and also incorporates the PROMETHEE method that quantifies
alternatives’ values according to preference profiles of criteria. The tool wUl also
be used to solve the problem of combat aircraft selection and compare the biplot
plane obtained form the general statistics software package (S-PLUS 4).
5.3.1

Introduction

PROMETHEE belongs to the Roy family of ELECTRE method and is a simple
and clear methodology (Brans et al., 1986). GAIA is a biplot method using weUdeveloped software. The combination of GAIA and PROMETHEE provides
extra benefit of biplots indicating the optimal solution using a “decision stick”.
Two treatments are proposed - the partial preorder (PROMETHEE I) and a
complete one (PROMETHEE II). This section deals with PROMETHEE II
only.
5.3.2

PROMETHEE II

The principle used by the PROMETHEE methods is that each action is
compared pairwise to aU others, using preference functions and the weights
defined by the decision-maker. The results of the comparisons are used to
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calculate the preference flows (Brans et al, 1986). PROMETHEE differs from
other MCDM methodologies in that it uses a “preference function”, in which the
preference of altematives with respect to a criterion is the function of difference
between two evaluations. The overall preference is the weighed sum of aU the
scores of preference functions. The following algorithms are adopted from Brans
etal (1986):
P{a,b) =

, a function H(d) is defined direcdy in relation with the

preference function P

Hid) =
^ there are six types of H as summarised in Table 5.4.
^ ’ \P { a ,b \d < 0 "

where ti/ is a measure of relative importance of criterion fj
Y\{a,b) « 0 denotes a weak preference of a over b for all the criteria
Y\{a,b) « 1 denotes a strong preference of a over b for all criteria
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Table 5.4 Types of PROMETHEE Pteference Function
(Source: Brans et al., 1986)
Types of generalized criteria

I. Usual criterion

II. Quasi-criterion

H(d)

III. Criterion with linear
preference

IV. Level criterion

V. Criterion with linear
preference and
indifference area

VI. Gaussian Criterion
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Parameters

The problem defined in Section 1.1, and in Table 3.3 in Section 3.5 is solved
using the software Decision Lab 2000 (version 1.01. 0388, 2000). Following the
same pattern of analysis as done to the biplot of pre\tious section, the first
analysis involves aircraft data within training site (with effectiveness). The
preference between actions on criteria can be determined by the performance
data of each altemative against each criterion. The importance attached to each
criterion is unknown. For comparison, each criterion is considered equally, and
the RCF and Wing Loading are set to “minimise” while others are set to
“maximise” in the software’s dialogue box. Figure 5.6 displays the ranking result
output by the software.
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Figure 5.6 P R O M E T H E E II Ranking in Training Site

1 he rankings obtained by PROMFTFIEE II are compared with the rankings
determined by aircraft’s effectiveness as listed in Table 3.3. Table 5.5 summarises
the comparison. The results are almost consistent, except that according to the
original operational effectiveness results, the overall performance of F-16C and
F-18C are equal, although there are difference in sub-criteria. In contrast,
according to PROMFITFIEE II, F-16C is ranked as the seventh and F-18C as the
sixth.
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Table 5.5 Comparison of P R O M E T H E E II and Operational
Effectiveness
Ranking

Ceiling

F-22

EF-2000

F-15E

Rafale

F-16C

F-18C

Bottom

1

2

3

4

5

6

6

8

1

2

3

4

5

7

6

8

Mechanism
Operational
Effectiveness

PROMETHEE!!

The second comparison involves the fuil-list (without effectiveness) evaluation of
altematives; Figure 5.7 presents the resulting rankings.
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Figure 5.7 PR O M E T H E E II Ranking in Full List

Keyser & Peeters (1996) sur\ eyed the application of the PROMFTTIEE method,
since user-friendly software is available to support it. d'hey suggested that six
issues must be considered before the PROMETHEE method can be
implemented.
•

Tbe decision-maker can express his preferences for one of two actions according to all the
criteria, using a ratio scale.

•

The decision-maker can express the importance attached to the criteria on the ratio scale.

•

The decision-maker seeks to take all criteria into account and is aware the weights
represent trade-qfls.
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¥G8

16 I
I [ 16
1

Bottom
-0.92

•

For all criteria, the difference between evaluations must be meaninfful

•

Flone of thepossible differences on any of the criteria can cause discordance.

•

The decision-maker knows exactly what can happen if one or more actions are added or
deleted and isfully aware of the influences on thefinal decision.

Following the second point above, applying PROMETHEE II to the problem
may result in a certain degree of uncertainty, as the weights of the criteria are
unknown and treated equally.
5.3.3

GAIA

Adopting the same concept of biplot, GAIA represents the multi-dimensional
matrix with the first two principal components. User-friendly software. Decision
Tab 2000, (version 1.01. 0388, 2000), enables the biplot to be easily applied to

analyse multi-criteria alternatives. The only difference between GAIA and the
biplot of the preceding section is the addition of a Pi Decision A xis, which is a
graphical representation of the weighting of the criteria in the GAIA plane. The
orientation of the axis determines the type of compromise corresponding to the
PROMETHEE ranking (Mareschal & Brans, 1988). The percentage of
information retained in the GAIA plane is called the delta value, a delta value higher
than 70% implies a “good” quality graphical representation (Mareschal & Brans,
1988).
Following the same pattern of analysis, the GAIA analyses are implemented by
two parts. like the biplot analysis, the first GAIA analysis starts from the aircraft
data in the training site of Table 3.3, except to effectiveness, to ensure that the
interpretation not to be repeated by the addition of effectiveness, the results are
illustrated in Fig. 5.8. F-22 is nearly identical to the direction of decision stick, and
can be assured to be the most preferred option. The six criteria are equally
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distributed on the right half of the graph; the EE-2000 and F-15E are comparable
as they both are proportional to three of the criteria. The overall preference order
is consistent with that resulted from effectiveness comparison.

RCS
Rafale

Bottom
^
F-16C

Ceiling

T/W
Size

Figure 5.8 GAIA Plane in Training Site (without Effectiveness)
The second part of GAIA analysis consist of the alternative aircraft in the training
site including effectiveness (marked as “E” in the figure), as illustrated in Fig. 5.9
Wliile effectiveness is perceived as the single variable formed by aggregating all
six criteria, it should be pointing to the direction of the potential optimum, which
is the direction of the decision axis. However, an angle between the direction of
effectiveness and the decision axis exists, and is believed to be the result of
unexplained factors. Furthermore, Fig. 5.9 is different from Fig. 5.4 for their
direction of RCS and VGng loading, which would be explained later in this section.
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Figure 5.9 GAI A Plane in Training Site (with Effectiveness)
One of the advantages of the GAIA

software is the function of

maximise/minimise option predetined for criteria definition. As explained
preMously, the criteria must be defined to indicate whether they are to be
maximised or minimised. Using the built-in function in GAIA, this can be easily
handled. The differences between Fig. 5.9 and Fig. 5.4 lie in the definition of
criteria. When wing loading and RCiS are both considered to be maximised, as in
Fig. 5.10, the GAIA plane is identical to the biplot of Fig. 5.4.
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Figure 5.10 GAIA Plane Identical to Biplot
Ingure 5.11 shows the GAIA plane for the complete data set (without
effectiveness). The F-22X, h’22h’ and F22Z are created artificially by duplicating
the attributes of F-22 except to reducing the RCS value by one tenth
consecutively. The effectiveness of these artificial aircraft is shown in a
descending order in the opposite direction of RCS, which is identical to their
physical meaning. Ceiling is at the right end of the graph, and is the optimum
solution of the alternatives. The Pi direction axis points toward ceiling with a slight
delation. Pottom is at the left end of the graph, and is the least preferred option.
The subject aircraft, Clting-kuo is right next to bottom and makes it the second
worst alternative in the list.
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Figure 5.11 GAIA Plane of Full List (without Effectiveness)
5.4

Summary

'I’liis chapter has investigated the applications of multiple linear regression
analysis, and methodologies that originate in statistical multivariate analysis to
reduce the complexity of multi-dimensionality using principal component analysis
(PCA). As explained with reference to particular contexts, the methodologies that
employ dimension-reduction techniques can only “approximate” the original
value function, and the greatest disadvantage of using linear regression techniques
follows from the nonlinear characteristics of combat aircraft, as already discussed
in Chapter 3. Moreover, as Krzanowski (2000) described, no mathematical
equation can represent the physical relationships the question arises from the
multiple regression analysis is the meaning of the sum of various attributes with
different units.
Biplot and GAIA are both based on the PCA technique, and are exploratory^
rather than confirmator\’ (Gabriel, 1980). They are used to reveal previously
undiscovered relationships. .Although their results are criticised as adding
complexity of statistical interpretation, user-friendly software has mitigated this
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issue. PROMETHEE II transforms measurements of functional difference
between alternatives, as measured against each criterion, into preference Junctions,
and aggregates them in a single index for ranking. The disadvantage of employing
PROMETHEE II to the combat aircraft selection is the lack of knowledge of the
weights of criteria, like most other MCDM methodologies, the output is often
perceived to be inaccurate.
like the uncertainty of UTA and the inconsistency ratio of AHP, discussed in
Chapter four, the percentage of covariance in biplot, and the unavailability of
weight information generate some uncertainty and inaccuracy, which may cause a
poor judgement to be made. The reviewed methods all involve ranking using an
aggregated value without any physical meaning that is essential to the threat
evaluation supporting defense procurement. Although the results obtained using
the methods reviewed in this and previous chapters are consistent with the
rankings according to operational effectiveness for the alternatives in the ‘training
site’, the solutions are dominated as surveyed in AHP sensitivity analysis, and the
influence to output values caused by changes in aircraft specification is
indistinguishable. As analysed in the beginning of the chapter, there exist the
correlations between two criteria; however, traditional MGDA methods such as
the AHP, requires an independent inter-relation among criteria, while the UTA
has been capable of dealing with the interrelations between variable. The
institutional shift of ranking orders of the same alternatives between UTA and
AHP has been explained by this.
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CHAPTER 6
MULTI-LAYER PERCEPTRONS (MLP) NETWORK MODELLING

The traditional means of multi-criteria decision making (MCDM) to compare the
rankings of alternative combat aircraft has been implemented in previous
chapters, in which the alternatives are given an order of preference to indicate
their overall value compared to the others. Common to all techniques simplifying
the numbers of variables to consider, the approach by ranking order
approximation inevitably contains unexplained factor and insensitive to the
search of potential optimality. The search for a reliable mechanism that can
approximate the cardinal information contained in the problems of multicriteria
decision-making has become the aim of this study. Artificial Neural Networks
(ANN) is originated by observing the subject entity as a neural net and process
the information of multiple dimensions by an input-output relationships, instead
of the additive weighing scheme of aggregating multiple criteria into one criteria
employed by most MCDM methods. This dissertation assumes the existence of
relationships between parameters and effectiveness of combat aircraft, and this
chapter will explore the feasibility of solving inverse problem by Multi-Layer
Perceptron (MLP) network, the first of the two ANNs to be investigated in this
thesis.
The rest of the chapter is arranged as follows. Section 6.1 wül introduce the
biological background of artificial neural networks. Section 6.2 will describe the
components and structure of artificial neural networks. Section 6.3 wiU explain
the algorithms of artificial neural networks and their application in other studies.
Section will describe how the artificial neural networks are incorporated into the
problem of combat aircraft selection.
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6.1

Biological Background

According to Arbib (1987), the human ner\-ous system can be regarded as a
system with three blocks as in Fig. 6.1. Neural net (brain) is the central element of
ner\mus system, which continually receives and perceives information and makes
decisions. Receptors convert stimuli from human body or emtironment into
electrical impulses that convey information to neural net (brain). Effectors convert
electrical signals from neural net into discernible responses. The right arrows are
feedforward; the left arrows are the feedback of signals (Haykin, 1999, p. ).
6

R eceptors
S tim u lu s ^ -

N eural
N et

Effector:

Response

Figure 6.1 Nervous Systems Block Diagram
(Source; I laykin, 1999, p. 6)

d'he concept that brain is composed by neurons was first revealed by the Spanish
neuroanatomist Ramon y Cajal after he studied thousands of sliced brains and
hypothesised that the brain consists of many small elements called neurons, he
received the Nobel prize later in 1906 for his studies (Spitzer, 1998, p. 4). The
greatest discovery^ in the first fift\' years of neural studies was that the signal
transmissions between gaps of neurons are carried out by the release of chemical
substance, and neurons don’t process energf, but information (Spitzer, 1998, p. 5).
rhe studies of neuron network function reached groundbreaking stage in late
1950s and early 1960s during the birth of neurophysiology; however, the study of
neurons stagnated after the book of Minsk}' and Papert (1969) that pointed out
theoretical limitation of single-cell models (Gallant, 1993, p. 25), and bounced
back in the 1980s and now widely studied across disciplines (Spitzer, 1998, p. ).
6

The human brain was perceived as computing in an entirely different way from
the conventional digital computers and hence inspired the development of
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artificial neural networks (ANN). As Haykin described: “The brain is a highly
complex, nonlinear, and parallel computer (information-processing y stem)” (Haykin, 1999, p.

1). Neural network derives its computing power through massively parallel-distributed
stnu'ture and its ability to learn andgeneralise, in which generalisation refers to the neural

network producing reasonable outputs for inputs not encountered during
learning (training) (Haykin, 1999, p. 2). The capability of neuron’s parallelstructured computing can be revealed as neural transmits in the speed of
millisecond

( 1 0

^ s) and silicon transmits in the speed of nanosecond

neuron’s energetic efficiency is

( 1 0

'^ s),

joules (|) per operation per second and that

1 0

of the best computer today is 10 ^ joules ()) per operation per second (Faggin,
1991) (Haykin, 1999, p. ). According to Rodriguez (2001), most neurons possess
6

tree-like strucmres as illustrated in big. 6.2. There are three parts in a neuron, the
first part is a neuron cell body; the second part is the branching extensions called
dendrites wliich receive income signals from other neurons across junctions called
s)<napses-, the tliird part is an axon that carries neurons’ output to the dendrites of

other neurons. Some neurons communicate with only a few nearby ones, whereas
others make contact with thousands.

Axon (Carries
signals away)

r'

Nucleus
Dendrites (Carry
signals in)

''A
Synapse size changes in
response to learning

Figure 6.2 Biological Neurons
(S ource: C k lk in , 1 9 9 1 )
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6.2

Multi-Layer Perceptron (MLP) Network

MLP network has been selected as the decision analysis for weapon system
analysis tool in the beginning of the research for its similarity of architectural
pattern of more than one layer as most weapon systems have. This section
explains the components and architecture of a traditional form of artificial neural
network, its basic algorithms, and derived network architectures to be employed
as the modelling network for the simulation of combat aircraft effectiveness.
6.2.1

Components in Artificial Neural Networks

Neuron is the basic unit of ANN. There are two operations in a neuron: signal
receiving and neuron activation. Signal receiving is straightforward summation of

weighted inputs. Activation function is also called transfer function, which
transfers input to output signal. The types of transfer functions include Yiard limit.
Unear, Log Sigmoid, and Hyperbolic Tangent Sigmoid, as illustrated in Fig. 6.3

(Demuth & Beale, 1992-1998). Log Sigmoid and Hyperbolic Tangent Sigmoid are
often employed in hidden layers for nonlinear problems, as they are differentiable.
Log Sigmoid’s outputs vary within the range between 0 and 1, and Hyperbolic
Tangent Sigmoid’s outputs vary between —1 and +1.
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a. Hard Limit Transfer Function

b. Linear Transfer Function

1

0.8

5

hardlimit(n)= 1 if n > 0
Oift k O

purelin(n)= n

0.6
0
0.4
0.2

0

■5
■5

5

0

5

d. Hyperbolic Tangent Sigmoid
Transfer Function

c. Log Sigmoid Transfer Function
1
0.8

togsig(n)= 1/(1+exp(-r))f)

0.5

tansig(n)= 2/(1 + eA(-2*n))-1

0.6
04
-0.5

0.2
0
•5

0

5

Figure 6.3 Transfer Functions
(Source: Matlab N eural N etw ork T oolbox, V ersion 5)

The operations of a neuron with Log Sigmoid transfer function are illustrated as
Fig. 6.4. The first part of neural operations is the network input, wliich is
straightforward as the summation of each input multiplied by weight. The second
part of neural operations is the activation of network input, which is the transfer
function’s output from its network inputs.
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Wkigf^

1 + exDf- net

Figure 6.4 Algorithms of A Single Neuron
(Source: T soukalas & U hrig, 1997, p. 230)

Perceptron is a single layer of neural network, the pioneer structure of neural
networks.
Multi-Layer Perceptions (MLP) is the network with more than one layer,
which is able to learn more complex tasks. The layers between input and output
layers are called hidden layers. The more hidden layers a neural network has, the
more capable the neural network is. The neural networks smdied in this paper is
only moving forward, in which there are no feedbacks between layers or
interactions among neurons. A generic model is illustrated as Fig. 6.5.

Input Layer
Hidden Layer
Output Layer

Figure 6.5 Generic A N N Architecture
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6.2.2

Backpropogation Learning Algorithms

Backpropagation (or known as backprop, back propagation) is one of the most
important concepts in the developments of ANN. The key concept of
backpropagation is gradient descent^ which stipulates to adjust the initially randomly
assigned weights towards the negative direction of its gradient of errorfunction (the
difference between network outputs and target values) to reduce prediction errors,
until the accepted error is reached. The concept of backpropagation is
hypothetically illustrated in Fig. . .
6

6

DC

Figure 6.6 Gradient Descent Learning
(Source: V an G rondelle, 1997)

Tveter (1995) depicted the algorithms of bacl^ropagation via a three-layer
network as illustrated in Fig. 6.7, which is composed of one input layer, one
hidden layer, and one output layer. In some literatures, the input layer is not
considered as a layer. Unit (neuron) i, j, and k are used to represent units in each
layer to illustrate the process of weight searching in each neuron. Although
backpropagation is a key breakthrough in increasing neural network’s learning
capability, some researchers critised that it is not efficient (e.g., Sima, 1996), and
various learning algorithms have been proposed to increase neural networks’
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learning efficiency; for example, the Levenberg-Marquardt, which is to be
employed in the simulation at later this chapter.

O u tp u t
Layer

• é •

H id d e n
Layer

O

-O

O '

-T + e

o o

Input
L ayer

Figure 6.7 Feed-Forward Back-Propagation Neural Networks
(Source: Modified fro m 'I'v eter, 1995)

The following algoritlims are adopted from Tveter (1995):
The output of neuron k: o,. = ...........................................
'

*

.(6 .1)

li

r h e n et input o f n eu ron k: net^ =

.(6.2)

tt'^^0^..............................

TTe output of neuron j: o ^ =

..(6.3)

+ e'
The net input of nemon j: net ■=
1

...(6.4)

W-.Q.

The error between target and actual values: E = —

,,k

pk )

(6.5)

r \ k

WTere p is the subscript for the pattern and k is the subscript for the output
unit. The subscript p wTll be dropped out from here on for the simplicit}^ of
expression.
In order to train the network by adjusting the weights in the negative direction of
gradient of error function, the first thing is to calculate the errorgradient^ which is
the partial differentiation of error with respect to weight:
For output layer, the changes in

only affect on the error of one output unit, k.

(Tveter, 1995).
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^yt

..........................................

a»gr;t ^ y t

By introducing a term learning rate, r\, the size of adjustment at each learning cycle,
the formula to adjust weight is:
^jk ^ ^jk +

(6-7)

^ '^ j k = (“ ^)(~ k ~ ^k y^k (i - ^k )oj )

For hidden layer, the changes in w,j affect the error on aU the output units
(Tveter, 1995), the errors according to w-will be expressed as the summation of
units in output layer.
ÔE _ y ^ d E

^ij

k

dOf^ dnet,^ doj dnetj
dnetf. doj dnet. dw.j

= Y^~{h~Ok)pk^~(^k )^jk^j (l - K ......................................................( - )
k
The formula of weight adjusting is:
..........................................................................................(6-9)
6

AW
j, =r-tl>Xk - h -

8

0- 0»Kj oJ(1- oJ)>.

As illustrated above, the differential transfer function makes it possible to adjust
the network weights by difference between network simulation output and target
output.
6.2.3

Modular Neural Networks (MNN)

A complex task is easier to tackle by decomposing learning tasks into a number
of expert networks; the combination of expert networks constitutes the concept
of committee machine (Haykin, 1999). Haykin divided committee machine into
static and c^namic stmctures, which are also known as hjbrid and modular neural

networks (MNN) respectively. A linear combination of individual network can be
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viewed as a basic form of hybrid network, whereas the MNN’s style of
combination varies according to the input data. Haykin’s (1999) block diagram of
static committee machine is illustrated in Fig. . .
6

8

Expert
1

Output

Input
Expert

Combiner

2

c(n)

W )
Expert
K

Figure 6.8 Block Diagram of A Committee Machine
(Source: Haykin, 1999)

Ronco & Gawthrop (1995, p. 10) proposed MNN as a solution to the problems
encountered in generalisation, in which a priori knowledge is needed to design a
network composed by more than on network; the steps of MNN design are:
•

the decomposition of the task into suhtasks

•

the organiî^ation of the modular architecture

•

the communication between modules

A comprehensive survey of combining artificial neural networks can be seen at
Sharkey (1998).
6.3

MLP Network Applications

The architectures employed to the problems are selected according to previous
experiences and decision-makers’ perception upon the problems. This section
introduces the benchmark XOR problem and the application of artificial neural
137

networks in the multi-criteha decision-making and aerodynamics, which are
perceived as principal knowledge to the problem of combat aircraft selection.
6.3.1

XOR Problem

The XOR problem has been a popular benchmark example to verify network
design; the capability to reach z with the input of x and y is used as indication of a
network’s prediction capability in pattern recognition, as illustrated in Table 6.1.
Table 6.1 XOR Problem
(Source: T veter, 1995)

Inputs

Output

X

y

z

1

0

1

0

1

1

0

0

0

1

1

0

Tveter (1995) used the backpropagation to train a three-layer-network (2-1-1) to
solve the problem; the trained network weight allocation is illustrated in Fig. 6.9,
which is a special case of network for the extra input-output connections
highlighted by dotted lines. The network shows that a trained network reaches an
output value of 0.91 when it receives the inputs of (1,0). While 0.91 is not equal
to the expected value of , the
1

1 0

% difference is acceptable to some applications.
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Output layer

bz (bias unit)

hidden layer
..4.95

-4.95-

bh (bias unit)

y Çq

ynput layer

Figure 6.9 XOR Solving Network Trained by Backpropagation
(Source: T veter, 1995)

The learning processes used in MLP network can be depicted by the
backpropagation learning process in XOR problems summarised by Tveter
(1995);
a. Put one of thepatterns to be learned on the input units.
b. Find the valuesfor the hidden unit and output unit.
c.

Find out how large the error is on the output unit.

d.

Use one of the backpropagationformulas to adjust the weights leading into the output
unit.

e.

Use anotherformula tofind out errorsfor the hidden layer unit.

f.

Adjust the weights leading into the hidden layer unit via anotherformula.

g. Repeatfor otherpatterns.
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6.3.2

Multi-Criteria Decision-Making Ptoblem

Decision-making is ''Hike a continuous activity to control a continuously changing state of
affairs in the work environmenf (Rasmussen et al, 1994, p. 113); multi-criteria

analyses for alternatives are often perceived as a discrete process (Stam et al, 1996,
p. 1192). Malakooti & Zhou (1994) attempted to capture decision-makers’ utility
function by adaptive feedforward artificial neural network (AF-ANN), in which
decision-makers were asked to give their scores upon novel alternatives, and the
data gathered were used to train ANN. The trained ANN is used to evaluate the
new alternatives data. The network employed in their study is illustrated in Fig.
6.10, which is a special case of feedforward network. In the weight design, Wj and
Wg didn’t exist in traditional neural networks; their inclusion is to reach a more
efficient learning process (Malakooti & Zhou, 1994).
n et=W5X1+ W6X2+W7y1+wgy:+h
y= l/[l+exp(-net)]

Output

Wg

yi

Vit
X, À

T

ÀX2

Input

n et I= w IXI+ W3 X2+ h I

T

n et 2 =W 4 X, +W 2 X2 + h 2

y I=1 /[ 1+ e x p (-n et 1)]

y 2 = 1/[ 1 + e x p (-n e t 2 )]

Figure 6.10 AF-ANN Network
(Source; M alakooti & Z h o u 1994)

As traditional multiple-attribute utility function (MAUF) used additive or
multiplicative algorithms to represent decision-makers’ preference, a simple Unear
Goal Programming method was used in their experiment as a benchmark (Malakooti

& Zhou, 1994, p. 1543). Malakooti & Zhou claimed that their neural net model
has several advantages over MAUF-Hke model; one of them is that there is no
need to know the property or stmcture of decision-maker’s utüity function in
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advance. They concluded that (AF-ANN) could solve MCDM problems for both
linear and nonlinear utility functions. (Malakooti & Zhou, 1994, p. 1556). This is
one of the pioneering works of applying ANN in decision-making.
A similar study was conducted by Stam el al (1996), which attempted to employ
ANN to model the algorithms of AHP, they proved that feed-forwardA N N s could
yield preference rating, while the pairwise comparisons are imprecise and
suggested that ANN is

poweful toolfor discrete alternative multi-criteria problemf’.

The works of Malakooti & Zhou (1994) and Stam el al (1996) have demonstrated
the capability of ANN in modelling decision-maker’s utility function.
6.3.3

Aerodynamics Simulations

As ANN is expected to solve the problems in systems engineering, the concept
of systems engineering also contributed to the developments of ANN, as Haykin
stated: ''''Neural networks need to be integrated into a consistent ^stem engineering approach.
Specifically, a complexproblem of interest is decomposed into a number of relatively simply tasks,
and neural networks are assigned a subset of the tasks that match their inherent capabilities

(Haykin, 1999, p. 2). The integration of systems engineering and ANN can be
demonstrated by the approximation capability in an aerodynamic systems
approximation design (Schroeder, 1991), in which a modified model to estimate
the supersonic missile aerodynamics stability derivatives from flight test data
using a pseudo-output backpropagation neural network was proposed, as illustrated in
Fig. 6.11.
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InpuLLayer

H i(@ i Layer

Pseudo-Output
Output
Layer

viach

Figure 6.11 Missile Aerodynamics Stability Derivation Prediction
Network
(Source: S chroeder, 1991)

In the model proposed by Schroeder, the first layer consists of five input vectors:
Mach number, dynamic pressure, vehicle mass, moment of inertia, and the
change in fin direction magnitude from the last examined time point. The pseudo
output layer consists of: M^, change in pitching moment due to a change in

transverse velocity;

change in normal force due to a change in transverse

direction; M^, change in pitching moment due to a change in pitch rate; Mg,
change in pitching moment due to a change in fin deflection; Zg, change in
normal force due to a change in fin deflection. The output layer consists of
rotational rate (q) and transverse velocity (w). The relationships between pseudo
layer and output layer are represented by predefined physical equations.
This is a special case of neural network structure, for the inclusion of “pseudo
output” layer to function as a liaison between measured parameters and expected
outputs. This experiment demonstrates the capability of artificial neural network
to simulate the behaviour of aerodynamics; the configuration of neural network
could be viewed as embedding the concepts of MNN, which design network
according to known knowledge in order to simplify the learning process.
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6.4

Combat Aircraft Effectiveness Predicted By MLP Network

This section will present the artificial neural network model used to predict the
effectiveness of combat aircraft. First of aU, the framework of processing
input/output data wiU be explained. Secondly, the strategy employed to train the
network will be developed. Thirdly, the networks used to evaluate the alternative
aircraft wiU be constructed. Fourthly, the results of simulation wiU be presented.
Furthermore, the results of simulations from different networks will be compared.
Finally, the modelling process and results will be reviewed.
6.4.1 Input/Output Data
The data used to train the neural nets are summarised in Table 3.3, which are
based on Lorell et al (1995) (as duplicated in Appendix A), and other references.
Based on the objective tree of combat aircraft constructed in Figure 3.10; six
parameters are selected as input parameters of the neural network, in which RCS
is chosen to represent survivability, the smaller the better. S/^e (length multiplied by
width) is chosen to represent manoeuvrability, lethality, and survivability, the

bigger the better. Wing loading (WIS) is chosen to represent manoeuvrability, the
lower the better.

Thrust-to-Weight ratio (TlW) is

chosen to

represent

manoeuvrability and survivability, the higher the better. Maximum A.oA. is used to
represent manoeuvrability, lethality, and survivability, the higher the better.
Maximum Speed is used to represent manoeuvrability, lethality, and survivability,

the higher the better. In the hidden layer, manoeuvrability^ lethality, and survivability
are chosen to represent the objectives employed in aircraft design. There is only
one output data in the output layer, effectiveness, which are represented by the BAe
combat simulation results. It ranges between zero and one, the higher the better.
In the data used for network training, the fiirst six types of aircraft are chosen
from the combat simulation with effectiveness (Lorell et al, 1995); the seventh
and eighth aircraft are invented to represent the best scenario (when all the
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parameters are better than the current best values, it should have the effectiveness
of one) and the worst scenario (when all the parameters are worse than the
current worst aircraft, its effectiveness should be zero), which are designated as
ceiling and bottom aircraft respectively. The aircraft used to training are numbered

from 1 to

8

in the figure of simulation results. In the aircraft to be predicted,

Gripen (Q***) had a similar background and of development as Ching-kuo (10*),
whose effectiveness is eager to be found out from this simulation. F-22x (11*), F22y (12*), and F-22z (13*) are hypothetical data; they are exactly the same with F22 in addition to a different RCS parameter, which are intended to demonstrate
the capability of network to distinguish aircraft with different RCS. F-18E/F (14*)
is a recent programme in the US Navy, which is intended to replace its earlier
version, the F-18C/D. Along he development of F-18E/F, it has faced criticisms
that it can only achieve marginal advantage with a costly budget, as the
effectiveness given in various sources suggested a unreasonably low figure (Lorell
et ai, 1995). The result obtained from this simulation might help justify the

development of F-18E/F in terms of cost-effectiveness. Su-27 (15*) is the major
threat of the Republic of China Air Force’s indigenous fighter, Chingkuo, and
also the common threat employed in the original combat simulation. Mirage20005 (16*) is one of the Republic of China’s new generation fighters, in addition to
Ching-kuo and F-16.
6.4.2

Training Strategy

Input-output mapping in ANN is also known as supervised learning, or learning
with teachers. The strategy is to train an artificial neural network initially defined
by randomly assigned weights to reach target output value, when the simulation
output is within predefined tolerance, the training of networks is finished, and the
trained network can be used to predict effectiveness of unforeseen data. As
suggested previously, off-the-shelf procurement is regarded as an inverseproblem of
parameter-effectiveness mapping, in which coefficients of approximation
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functions are treated as cause, and effectiveness is regarded as effect. MLP is
intuitively selected as the neural network to solve this inverse problem for its
previous successful applications by others in multi-criteria decision-making and
aerodynamics problems as described in section 6.3. The structure of proposed
neural network is illustrated in Fig. 6.12.
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Hidden Layers
Output Layer

A).
îuvr^iril\;

Effectiveness

Man|)eiwrajbirit\y

! y
^uKiyHîiity
Figure 6.12 Proposed Combat Aircraft Effectiveness Prediction Network
A generic prediction process is illustrated in Fig. 6.13. First of aU, an appropriate
topolog}' is designed. Secondly, the prototype neural network is trained by the
examples. Tliirdly, the network training stops as it reaches predefined
perfonnance target. Fourtlily, the trained neural network predict s unforeseen
data by network simulation. Fiftlily, prediction result of neural network is to be
validated. Finally, the training and prediction of network is complete.
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Figure 6.13 Generic ANN Prediction Process
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This chapter focuses on the simulation by MLP network; the problems and
strategy defined so far are applicable to both the modeling exercises in this
chapter and the RBF network to be explored in the next chapter.
6.4.3

Neural Network Design

The algorithms and terminologies employed in the combat aircraft simulation are
based on the MATLAB Neural Network Toolbox, Version 5.3.1.29215a (R ll.l),
September 28,1999. Some basic computing algorithms are summarised as below:
Transfer function: Tansig (N) = 2/(l+exp(-2*N)) —1, which is equivalent to
tanh(N), but with a faster speed and only small difference. (Demuth & Beale,
1992-1998, p. 13-220)
Epoch: the maximum times of training before performance target is reached.
It is preset as 10,000 in this case.
Target: the minimum value of error; training terminates when the target is
achieved. The default value is set as 0.
Training method: When the steepest direction search in backpropagation
doesn’t necessarily produce fast convergence (Demuth & Beale, 1992-1998, p.
5-20), Levenberg-Marquardt (LM) algorithms achieve a faster convergence rate
by less computing complexities. Apart from the faster convergence speed,
Levenberg-Marquardt has the advantage of régularisation, which helps stabilise
the iU-condition during training (Chan, 1996). The algorithms of LevebergMarquardt are summarised as below (Demuth & Beale, 1992-1998, pp. 5-31,
32):
The Hessian matrix (second derivatives) can be approximated as H=J^J
The gradient can be computed as G=J^e
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The weights of networks are updated as:

Where J is the Jacobian matrix, which contains the first directives of the
network errors with respect to the network weights, and ^ is a vector of
network errors.
Data Preprocessing:
It is obvious that the six proposed input parameters are in six dimensions of
different units, to save the possibility that network learning might be
dominated by the dimensions with large numerical values, a solution is to
normalise the data to the range of

- 1

and +1. The algorithm used in MATLAB

is (Demuth & Beale, 1992-1998, p. 13-181):
Pn = 2*(p-minp)/ (maxp-minp) -1

Where Pn is the normalised input, p is the original inputs, minp is the rninimum
for each p, maxp is the maximum of each p.
Data Post processing:
The trained result can be transformed back to the original data pattern by post
processing, the default algorithms is (Demuth & Beale, 1992-1998, p. 13-178):
p —0.5(P+ 1)*(maxp-minp)-^minp

Simulation design:
As mentioned earlier, there is no standard way to construct the neural
networks; the architecture is often ad hoc and need to be verified by their
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consistency of performance. As a result, five variants of network structures are
designed, and the change of configuration is also the process of finding the
best performing architecture. The modeling process starts with a two-layer
network, in which there are four neurons in the first (hidden) layer, one neuron
in the second (output) layer. In theory, the approximation capability increases
according to the number of neurons and layers. Networks are designed with
different number of layers and neurons to compare their performance. It has
been shown in preliminary simulations that the predicted effectiveness of
aircraft for the whole list reaches a different value in each simulation, which
explains that the network might have an unsteady performance because of the
problem of degree of freedom. In order to cure this problem, each
configuration of network is programmed to simulate

1 , 0 0 0

consecutive times

and the final effectiveness is obtained by taking average of 1,000 results. All the
configurations of artificial networks are summarised in Table 6.2. The network
simulation programmes are attached in Appendix C.
Table 6.2 Design of Simulations
Simulation designation

MLP-1

MLP-2

MLP-3

MLP-4

MLP-5

Neuron in input layer

6

6

6

6

5

Neuron in output layer

1

1

1

1

1

Network topology

6x4x1

6x10x1

6x4x2xl

6x1

5x1

Transfer
Function
fhidden & output)
Training method

Tansig

Tansig

Tansig

Tansig

Tansig

LM

LM

LM

LM

LM

Figure

6.14

6.15

6.16

6.17

6.18

6.4.4

Results of Simulations

The effectiveness predicted from the simulation design in the previous section are
illustrated by boxplots from Fig. 6.14 to Fig. 6.18, part a of each figure is the
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architecture and part b is their predictions. The crosses are the predicted
effectiveness for each aircraft in each simulation

( 1 0 0 0

consecutive simulations

for each network). The numbers shown in each diagrams are the averaged values
of effectiveness from 1,000 consecutive simulations. The requirement for a valid
network is to reach consistent results in each simulation.
The first network has one hidden layer consisting of four hidden neurons, as
shown in Fig. 6.14a. The predictions of the first network are shown in Fig. 6.14b,
which are 1,000 different predictions in 1,000 consecutive simulations. The
second network increases the number of neurons in hidden layer to ten, as shown
in Fig. 6.15a. The prediction performance was not improved, as shown in Fig.
6.15b. The third network keeps the number in hidden layer as four but increases
one more hidden layer consisting two neurons, as shown in Fig. 6.16a. The
prediction performance is not improved, as shown in Fig. 6.16b. It is obvious
that the degrees of freedom are much greater than the number of sample data.
The fourth simulation was modified in a reverse way by simplifying the network
structure to only one neuron without any hidden layer, as shown in Fig. 6.17a.
The result showed a less scattered prediction as Fig. 6.17b, although the
predictions are stiU unsteady, it shows that a simpler network could reach steadier
results. However, one neuron is the simplest network architecture. The fifth
network is designed to reduce the number of neurons in the input layer to five by
leaving out the W /S parameter, as shown in Fig. 6.18a. The results finally achieve
consistent results as shown in Fig. 6.18b. Unfortunately, the effectiveness of F-22
used in training is 0.91 and the predicted effectiveness in simulation was close to
one, which explains that the generalisation capability of this network is poor.
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6.4.5

Comparative Analysis of Predictions

The predicted effectiveness from different MLP architectures are summarised
and compared with that of the original effectiveness from BAe simulation, as
Table 6.3 and plotted as Fig. 6.19, in which the eight aircraft in the left-hand side
are used in training the neural networks and the eight aircraft in the right-hand
side are to be predicted. There are only training data available for the row of BAe
in Table 6.3. In Figure 6.19, the line plotted by BAe and the three multi-layer
neural nets (4X1, 10X1, and 4X2X1) are in solid Hnes, and the two modeled with
only one neural are represented by dashed lines. It can be seen from the figure
that the BAe line and multi-layer lines converge and reach consistent results for
the training site, and the three multi-layer lines also converge in the prediction site,
which explains the average of multiple runs reach a consistent prediction result.
On the contrary, the two dashed lines representing one single neuron network
diverge, which indicate that although they reach more consistent predictions, they
are too simple to capture the relationships between inputs and output.
Table 6.3 Effectiveness of BAe and Predicted by Different MLPs
Model

3

?
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o
o
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CO o

Î

3
o>
o

S'

(Q

IO

3

3
^

^(D
=

?
^

I
&

zo
o

WIethodsX
BAe

0.21

0 .8 2

0 .6 0

0 .5 0

0.21

0.91

1

0

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

4X1

0.21

0 .8 2

0 .6 0

0 .5 2

0.22 0.91

1

0

0 .6 4

0 .0 7

0.91

0.91

0 .8 4

0 .2 5

0 .4 4

0 .4 7

10X1

0.20 0 .8 2

0 .5 8

0 .5 2

0.20 0.91

1

0

0 .6 4

0 .0 4

0.91

0 .9 2

0.86 0.21

0 .4 4

0 .4 9

4X2X1

0.21

0 .8 2

0 .6 0

0 .5 2

0.22 0.91

1

0

0 .6 0

0 .0 8

0.91

0 .9 0

0 .8 0

0 .3 2

0 .4 4

0 .4 7
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0.91
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0
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0
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6.4.6

Discussion

The results of predictions by different network configurations have shown the
issues of trade-offs between network generalisation and approximation capabilip\
As the networks are simplified, it can reach a consistent generalisation capabilit}\
it starts to suffer the problem of learning. However, as Haykin (1999, p. 208)
suggested, notliing can cure the lack of data, a rule of thumbs for the number of
data (N) needed is (I laykin, 1999):

N=0

.(6.10)
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Where W is the total number of free parameters in the network; s denotes
the fraction of classification errors permitted on the test data; and O (•)
denotes the order of quantity enclosed within.
This rule of thumb is read as

an error of 10 percent, the number oftraining examples

needed should be about ten times the number offree parameters in the network” (Haykin, 1999,

p.208). The numbers of data required are included in Table 6.3; the actual data
available in the simulation is only eight, including two of artificial data set. The
results show that the curse of dimensionality happens also to the function
approximation application, as weU as the pattern recognition application.
Table 6.4 Number of Data Required for Simulations

Number
^

of

weights:

MLP-1

MLP-2

MLP-3

MLP-4

MLP-5

33

81

41

7

6

330

810

410

70

60

[(input+l)x (hidden neurons)]

Number o f data required to have
90% confidence

There are various attempts to solve the curse of dimensionality problems in other
studies, e.g., régularisation, replicated networks, and knowledge-based neural nets, among
others (Read & Marks, 1999, pp. 266, 272, 275). According to Reads & Marks,
“regulariî^ation is to use supplementary information to restate an ill-problem in a stableform.
Approximation with ^ d ia l Basis Functions is equivalent to classical régularisation under
certain condition “(ibid, pp. 266,267). The application of RBF is to be explored in

next section. The theory of replicated networks is to combine the outputs of
different system by their weighted sums, and suggests that the averaged value is
good enough. The average-value approach has been applied in the previous
section. However, the standard errors were too huge and it might be difficult to
pursue the decision-makers to accept the final results. Knowledge-based is to embed
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rules in neural networks, this has also been applied in the simulation by including
the two artificial dataset that are expected to constrain the weight searching
spaces. Although the MLP simulation could not reach a satisfactory result at this
stage, its alternative form; for example, the modular neural network (MNN),
which

decomposes

networks into

small networks

according to

their

characteristics, is likely to perform well. However, this needs knowledge of
subsystems, and is beyond the scope of this smdy.
6.5

Summary

The applications of ANN in the fields of multicriteria decision-making and
aircraft design by other researchers have been briefed in the first part of this
chapter, which comply with the first rule of ANN employment that has been
successfiiHy appHed in same discipline. MLP has been chosen as the first type of
architecture to implement the simulation according to the hierarchical structure
with that of value tree constructed in Chapter three. Five variants of MLP
network learning with supervised feedforward backprogaion learning has been
built to predict the effectiveness of combat aircraft in this chapter; however, the
predictions against each alternative vary as a result that the degree of freedom
surpass the available sample data in the random search process. The inconsistent
prediction results of MLP learning was dealt with by running the simulation as
many as

1 0 0 0

times and take average of the final results, which is a simplest form

of modular neural network (MNN) approach. Although each simulation varies by
their predictions, the three variants of neural nets with multiple layer reached
consistent plots with respect to the averaged results of

1 , 0 0 0

consecutive

simulations (Fig. 6.19), while the two variants with only one neuron failed to
reach a reasonable result.
During the process of network training, the ad hoc change of network structure
did not reach a steadier result, which shows the performance of the MLP has
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reached its maximum and indicates the attempt should be employing a simpler
network that can leam complex tasks in the same time. The theory of modular
neural network shows promising features; however, the lack of knowledge of
combat aircraft’s internal relationships makes it unable to apply. A neural network
perceived as having a generalisation capability equivalent to modular neural
network but has a much simpler network structure, the Radial Basis Function
(RBF) network, wiU be explored in the next chapter.
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CHAPTER 7
RADIAL-BASIS FUNCTION (RBF) NETWORK MODELLING

While the MLP network showed huge deviation in consecutive simulations in the
previous chapter, the exploration for a neural network is aimed to search for an
architecture requiring less sample data. Broomhead and Lowe (1988) discovered
that the Radial-Basis Function (RBF) network is equivalent to multi-layered
artificial neural networks, which was comprehensively proved by Poggio & Girosi
(1990). This chapter applies RBF network to improve the prediction consistency
for combat aircraft effectiveness following the results from previous chapter, and
implements the combat aircraft selection problem by Matlab programme. The
predictions are straightforward and more consistent, which lead to the
exploration of validation method.
RBF network is fairly different from Multi-Layer Perception (MLP) neural
employed in Chapter , with respect to their learning algorithms. Radial basis6

function was originally developed in mathematical approximation theories, in
which régularisation theory was employed to solve the iU-posed inverse problems.
By the assumption of a smooth surface, input-output mapping becomes a
continuous and smooth function; similar input vectors are expected to achieve
similar outputs. RBF network has the capability of nonlinear transformation and
the simplicity of linear algebra. These features make it an ideal solution for the
dilemma encountered in the previous chapter, which needs a neural network with
two layers but the simplicity of a single-layer network. Although relatively high
computing costs limit its wide usage, this drawback will not affect its application
in this dissertation.
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The rest of this chapter is organised as follows. Section 7.1 introduces the
numerical approximation origin of RBF network. Section 7.2 explains the training
strategy employed by RBF network. Section 7.3 incorporates the RBF network to
the predictions of combat aircraft and performs simulations. Section 7.4 develops
strategies to verify the results of RBF networks in various perspectives. Section
7.5 compares the results of RBF with that of MLP network from the previous
chapter. Section 7.6 summarises the finding of this chapter.
7.1

Radial-Basis Function (RBF) Network

This section explains the background of RBF networks, the mathematical
background of RBF, and the incorporation of RBF into the artificial neural
network family.
7.1.1

Radial-Basis Function (RBF)

Radial-basis function (RBF) was first established by Powell (1987) to solve
inverse problems by interpolation, with the contribution of Micchelli (1986) who
proved that the interpolation functions create a non-singular matrix. Powell
described the motives of RBF study as: ^^When it is expensive to calculate an output
value from input vectors, one may preserve all calculatedfunction values, and then it may he
suitable to use an interpolation procedure to construct an approximation to function)

F ’(PoweU, 1987, p. 146).
In the RBF algorithms, learning is viewed as a problem of hypersurface
reconstmction from a set of data points that may be sparse (Haykin, 1999 p. 265).
Common to aU learning problems, the predictions tend to be unreliable when a
data set is too big and contains too little information. Tikhonov & Arsenin (1977)
defined a problem to be ‘'^wellposed' if the solutions are existent, unique, and continual
If any of these conditions is not satisfied, then the problem is defined as ''''ill-posed\
Régularisation was proposed by Tikhonov to solve the ill-posed problems
(Haykin, 1999, p. 267). The idea is the assumption that the input-out function is
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‘smooth’, which means that similar inputs could reach similar outputs (Haykin,
1999, p. 267). The regularised solution above can be viewed as taking the forms
of superposition of N Gaussian functions (Haykin, 1999, p. 276).
7.1.2

Radial Basis Function (RBF) for Interpolation

Broomhead and Lowe (1988, p. 323) summarised an interpolation problem as to
choose a function s: R n ^ R which satisfies the interpolation conditions s (xj=fj
i= l,2 .. .m, for a given set of m distinct vectors (data points), {x,.i=l,2.. .m} in R"
and m real numbers (f,; i= l, ...m}; the function s is constrained to go through
2

the known data points.
RBF constructs a linearfunction space, which depends on thepositions of the known data points
according to an arbitra^ distance measure fibidj. A set of arbitrary basis functions

(j)( X—y’.||] is introduced, where x e R " and | •| denotes a norm imposed on R " ,
which is the Euclidean distance between a pair of n-by-I vectors; y. G R" is the
centers of RBF functions. It could be any other form (e.g., the multiquadric form,
(j)(r) = -yj{c~ +r~)) in interpolation theory, (|) employs Gaussian transformation
for the RBF network as (|)(r) =

(Broomhead and Lowe, 1988, p. 329).

The interpolating function is (Broomhead and Lowe, 1988, p. 324):

■S'-.

x b

R"

.................................................................... (7.1)

y=i

After replacing the known data, the interpolating problem could be expressed by
the following linear equation (Broomhead and Lowe, 1988, p. 324):
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M

=

'4 , A
M O

Am]
M

A

■^mm J

M

(7.2)

where ^,yA())| X i - y ,

The coefficients of unique solution can be obtained by least square method for the
following equation (Broomhead and Lowe, 1988, p. 324):
(7.3)

7.1.3

RBF Method and Multi-Layered Neural Networks

Broomhead and Lowe (1988, p. 327) suggested that the interpolation function
mapping produced by RBF summarised in previous section has the form of
weighted sum over nonlinear function, and this naturally corresponds to the
three-layer network system, as illustrated in Fig. 7.1.
Input layer

Hiddendayer

Output layer

Figure 7.1 RBF-Equivalent Feed-forward Layered Network
(Source; B room head & L ow e, 1988)

Regarding the structure, the input layer represent n nodes taking one n-dimension
vector; the hidden layer is n^, nodes each with one n-dimensional vector; and the
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output layer are n' scalar values. Although RBF network’s structure is similar to
that of multi-layer network, the algorithms between input and hidden layers are
faidy different: firstly, the input layer receives input signals as one n-dimensional
vector, instead of n single scalar values; secondly, the input to hidden layer is the
Euclidean distance between input vectors and hidden neuron (or centers), instead
of weighted sums; thirdly, the transfer function of hidden layer is Gaussian
function, instead of sigmoid function.
The transfer function in hidden layer are more like multi-dimension geometry
approximation; the algorithms used in this exercise is adopted from Demuth &
Beale (1992), as described below:

^{n) = radbas(n) =

(7.4)

n is the input to the radial basis transfer function, « = ^ x ||jv — , ())(«)is

the output of RBF transfer function,
b is the bias of radial basis function, b —yj—/n{0.5) jspread ; spread is also

known as the width of radial basis function,
ll'll is Euclidean distance between a pair of m-by-1 vectors x. and Xj is
defined as (Haykin, 1999, p. 27):

I k- -

where
X.

II =

S

k=\

and

are the

- ^jk}

k* elements

and Xy respectively.
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(7.5)

of the input vectors

In the application of RBF, “generalization is synonymous with interpolation
between the data points with the interpolation being along the constrained surface
generated by the fitting procedure (Broomhead & Lowe, 1988, p. 325). The
nonlinear mapping in RBF has been reduced to the problem in linear algebra,
which has a guaranteed learning algorithm (Broomhead & Lowe, 1988, p. 325),
and this feature makes RBF able to cure the problems caused by asymmetry
between training data and degree of freedom in MLP network.
Haykin described the approach of RBF in multi-dimensional interpolation as:
^^Ljeaming is equivalent tofinding a suface in a multidimensional space thatprovides a bestfit
to the training data...”', he compared the generalisation approach of layered

networks to the approximation approach of RBF as; Generalisation is equivalent to
the use of multidimensional suface to interpolate the test datd’’ (Haykin, 1999, pp. 256).

The comprehensive history and development of RBF network could be found at
Poggio & Girosi (1990).
Since RBF was originally developed from the interpolation theory, it still inherits
the approaches in solving smooth surface built from sparse data, e.g., the
régularisation theory. Ill-posed problems have been common tasks to tackle in
input-output mapping, one of the approaches is the adoption of a priori knowledge,
which assumes that the mapping surfaces are “smooth” Hke Gaussian function
(Poggio & Girosi, 1990) and reconstructs it as weU-posed problem. In addition to
the over-fitting problems, this approach could be a remedy to the case of
deficient database.
7.2

RBF Network Learning Methodologies

Although RBF is a kind of artificial neural networks, it has different ways of
interpreting the weights than the traditional neural nets approach. This section
will describe the learning mechanisms of RBF and how it is employed as an
artificial neural network.
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7.2.1

General Learning Strategies

The distinction of RBF network from multi-layer network is that it only contains
one hidden layer. The learning processes are divided into two stages; the first
stage is a nonlinear process of Gaussian transformation of the Euclidean distance,
and the second stage is a simple linear algebra. The determination of nonlinear mcp has
become the problems of linear algebra, the problem of determiningprecise values has been reduced
to

a

linear

least

squares

optimi^tion

which

has

a

“guaranteed

learning

algorithm”(^morcùie.2id & Lowe, 1992-1988, p. 325). Chng et al suggested that

although the gradient method employed in MLP networks can still be used as
training mechanisms, which is designated as gradient radial basis (unction
network (GRBF), and reach a better generalization property, it also has greater
complexity (Chng et al, 1996). The two-stage training was described by
Broomhead & Lowe (1988, p. 329) as learning in “different time scale” between
hidden layer and output layer algorithms; as soon as the nonlinear transformation
in hidden layer is finished, the linear algebra algorithms in output layer follows.
Haykin summarised three learning strategies for the RBF networks based on
interpolation theory (Haykin, 1999, pp. 299-305). The first strategy is the Fixed
Centers-Selected-at-Random, which is based on random selection of centers and

needs large training data sets. The second strategy is SelfOrganit^d-Selection-of
Centers, which is based on the self-organising map that is beyond the scope of this

thesis. The third strategy is Supervised-Selection-of-Centers, which is to update centres
and all parameters based on gradient descent procedures and outperform the
multi-layer perceptrons (ibid, p 304). The training methods employed in this
thesis are the orthogonal lease square method suggested by Chen et al (1991), in
which centre selection and width selections methods are described as follows.
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7.2.2

Training with Different Function Width

The pattern of radial-basis function (transfer function) varies according to its
width as illustrated in Fig. 7.2. The approximation capabüit)^ of RBF network is
dramatically determined by the width employed by radial-basis function. “The
larger that spread is the smother the function approximation will be”; ”Too small a spread
means many neurons will be required to Jit a smooth function, and the network may not
generalise w//”(Demuth & Beale, 1992-1998). The width of transfer function is

adaptive according to the nature of problems, the adjustment of widths is \tiewed
as manual tuning the network; more manual tuning before training is robust and
efficient “(Sutton & Barto, 1998). Without a standard way of verifying the
“appropriateness” of width of transfer function, a strategy similar to sensitivity^
analysis was established to testify’ data ranging between zero and five. The detail
of tliis validation is detailed in Section 7.5.2, in which the width of one is verified.
Radial Basis Functions with Different VWAh

//
§05

^=5

W=4

W=3

W*2

fV=1

Figure 7.2 RBF Function with Different Widths
7.2.3

Selection of RBF Centres

Chen et al. (1991) developed Orthogonal Least Square (OLS), a method to
systematicaUv search radial-basis function centres. OLS was embedded in the
subroutine of training programme (TVL\TL^\B Neural Networks Toolbox,
Demuth & Beale, 1992-1998) employed in tliis thesis. The RBF network with n
inputs and a scalar output employed by Chen et al. (1991) is illustrated in Fig. 7.3.
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fX^)
^ j Linear combiner

'Non-Linear
Transformation
X -

Figure 7.3 Schematic of Radial Basis Function Network
(Source: C hen et a i, 1991)

The network learning algorithms starts from viewing the network in Fig. 7.3 as
implementing a f ^ . : R ' ' —>R mapping according to the function as (Chen et al
1991):

/.( ^ ) = ^o

,.« » (j|jr -c ,||).......................................................................................................... (7 .6 )

/=!
The function above is a special case of a linear regression model:
M

=

(7-7)

Z

=1

where d{t^ is the desired output; M is the number of all candidate regressor;
are regressors which are some fixed function of x(^): p.{t^ = p^ { x{ t^ ,
{x(^)}jl, are input data points; , are the parameters; e(^)is the error signal
0

uncorrelated with p ..

168

The problems of selecting RBF centers become the problems of selecting a
subset of significant regressors. Eqs. 7.7 is rearranged for t= l to N as the
following matrix form (Chen et al., 1991) of Eqs. 7.8.
d =■P 6 + E

...................................................................................................(7.8)

where d = [ d { \ ) - - d [ N ) Y \ P =

P m \, Pi = [ p i { 0 ' ” p X ^ ) Y

;

^ =K O "'

^=

0 that nainirnises

—P0|| could be determined by the original Least Square

method (Chen et al. 1989).

In order to expose the error contributed by individual vector, the Orthogonal
Lease Square (OLS) was developed to transform the regressor, P, into an
orthogonal basis vectors w„ hence each individual basis vector’s contribution to
the desired output can be disclosed. OLS algorithms are summarised below
(Chen et al, 1991) and initiated by rewriting P in a matrix form as follows.
P = WA

.(7 .9 )

1

A=

(X

^2

0

1

0

0

M

0

0

A

^13

A

« M

«23
O

A

« M
M

1

2

0

O

1

0

0

«M- M
1

1

W‘W =H

The classical Gram-Schmidt method is used to compute one column of A at a
time and orthogonahse P according to the procedure in Eqs. 7.10, the operations
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within the bracket illustrate the operations within one column, and these
operations are repeated from the 2"^^ to the

column (Chen et al.^ 1991, p. 304)

Wi = p ,
►k =

(7.10)

k-\
^k= P k-'Z .^!k^l
1=1

The space spanned by the set of orthogonal basis vector w,. is the same space
spanned by the set of p. Eqs. 7.8 can be rewritten as Eqs. 7.11 (Chen et ai., 1991,
pp. 304).
d = Wg + E

..............................................................................................(7.11)

where g = H~^W^d or g. = w f d f i w f w ^ ), \ < i < M
The sum of square or energy of i/(/)is represented as Eqs. 7.12 (Chen et al., 1991,
p. 304).
M
d ^ d = ' ^ g f w f w ^ +E'^E ............................................................................ (7.12)
/=l

In order to search for the subset, an error reduction ratio term is defined as Eqs.
7.13 (Chen et al, 1991, p. 304).
[err\ = g î^ w ^ wj(d'^d), \ < i < M

........................................................... (7.13)

The error reduction ratio can also be explained as “the increment to the explained
desired output variance introduced by >v. ’’(Chen et al, 1991).
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In the iterative process, the vector that has the maximum error reduction ratio is
selected as the centers of RBF network, until the error targets of network is
reached.
7.3

Combat Akcraft Effectiveness Prediction

Having explained the structure and algorithms of RBF network, this section will
incorporate the RBF network into the model predicting the effectiveness of
combat aircraft. It will first describe the architecture, and then the RBF network
in the form of equation will be presented, finally, the results of prediction will be
demonstrated.
7.3.1

RBF Network Construction

The combat aircraft effectiveness prediction problems described in Section 1.1
are implemented by RBF network, in which six types of aircraft dataset is use to
model the relationships between six parameters and one measure of effectiveness
and predict the effectiveness of future aircraft. The input data are normalised
before training, and output data are converted back into unnormalised units.
An RBF network is constructed to model the function of combat aircraft
effectiveness as illustrated in Fig. 7.4.
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Effectiveness

Figure 7.4 RBF Network Prediction Model
The elements of network in Figure 7.4 are described as below:
Input maximum speed, size (length multiplied by width), maximum angle of

attack, thrust-to-weight ratio (T/W"), wing loading (W/S), and radar cross-section
(RCS).
I lidden I^iyer. All the eight input data set will be used as liidden units, also known

as the centres of transfer function.
Output Effectiveness
'Vraining Data: The data in Table 3.3 is employed to train the RBF network.

7.3.2

Coefficients of Effectiveness Function

Fhe function approximating the effectiveness of combat aircraft can be written as:

Effectiveness^ = Aq + ^ A,.(j)(%-c,.|)

.......................................................(7.14)

;=l

^{n) = e "

'Fhe coefficients of approximation function after training are as below:
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X q = 0.4567 (output layer bias), b = 0.8326 (hidden layer bias)

X. = [0.5094,-1.2927,0.0727,-0.5414,0.0000,-0.5612,1.9859,-2.1404] (output
layer weight)
For the prediction of Ching-kuo, the input vector is:
Chingkuo

1.0000
-0.7875
0.7800

0.1000
-0.8286
-0.2632

and the centers (weights) of hidden layer network is:

7.3.3

Ceiling

B ottom

F -22

F-18C

F-15F

F-16C

E F - 2000

RAFALE

-1.0000
1.0000

1.0000
-1.0000

-1.0000
0.1917

1.0000
-0.1584

1.0000
0.1536

1.0000
-0.6472

-0.9820
-0.4135

-0.9820
-0.4709

-1.0000

1.0000

-0.35.33

0.6000

0.0333

0.3667

-0.6333

- 0.4000

1.0000

-1.0000

0.8571

-0.3714

0.8429

0.1000

0.6143

0.2571

1.0000

-1.0000

0.1429

-0.1429

-0.7143

-0.8286

- 0.6286

-0.6571

1.0000

-1.0000

0.2632

-0.1579

0.5789

0.0526

0.0526

-0.1579

Predicted Effectiveness

The results of combat aircraft effectiveness are illustrated in Fig. 7.5. The X-axis
represents types of aircraft, numbers one to eight are the data used in training;
numbers nine to sixteen are the unforeseen data to be predicted. Y-axis is
effectiveness. The first sign revealed from the prediction result is that a consistent
prediction results from ten consecutive simulations, which shows the network is
steady, which has met the first criteria of effectiveness modelling. The second
issue revealed from the prediction results they are aU positive figure between zero
and one, which satisfies the basis meaning of effectiveness.
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Alrcran Effectiveness Predicted by RBF Netvrorks (RBF wldth=1)
(Inputs: RCS, L*W, Wing Loading, T/W Ratio, Max AoA, Max Speed)

T rain in g S ite

P re d ic tio n S ite
Hi ,00

«,91

«,9097%.90202

HO,82

« 65988
0

«55415

57611, 565Ô,

« .50

1,30633
«.21

F18C

0.21

SF2000

F15E

Rafale

F16C

« 18672

F22

Ceiling

-è«e—L

Bottom G hpen C hingkuo F22X

F22Y

F22Z

F18E

Su 2 7

Mirage

A irc ra ft M o d e ls

Figure 7.5 RBF Simulations Results
(Source: Program m e R-1)

The effectiveness used for training, wliich were results of combat simulation by
the BAe (l^orell e/ al., 1995), the predicted effectiveness, and their inferred
exchange

ratio

( Exchange Ratio = effectiveness/(l—effectiveness) )

are

summarised in Table 7.1. In comparing predicted effectiveness with original
combat simulation results, the simulated effectiveness of training aircraft are
identical to their original values in combat simulations (Lorell et al., 1995). The
challenge is how to verify the prediction for unforeseen aircraft data. Before the
implementation of numerical validation in the next section, the effectiveness
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predicted by RBF network are anlaysed in terms of estimated performance
description from original reference (Lorell et al., 1995) and other information.
Prediction for the first unforeseen aircraft, Ghpen is 0.56. There was no
effectiveness of Ghpen revealed in BAe data set; alternatively, Defence Research
Agency (DRA) claimed it as well as F-18E (Lorell et al, 1995) and the
effectiveness of F-18E predicted by RBF network is 0.58, which is close to the
expected value by DRA.
The second unforeseen aircraft prediction is Ching-kuo, which had close links
with F-16 during its development, and its capability was deliberately restrained
infehor to F-16. The predicted effectiveness of Ching-kuo is 0.19, which is
slightly infehor to F-16 (0.21), which has reflected the background of
development.
F-22X, F-22Y, and F-22Z are hypothetical data based on F-22, but with infehor
RCS performance, which were designed to illustrate network sensitivity against
RCS. The results showed that the reduction of RCS caused dramatic impact on
effectiveness.
The sixth predichon is F-18E/F, which is used as a vehfication case to compare
the predicted figure and ohginal combat simulation result. The prediction is 0.58
showed a great improvement in performance than its earlier version (F-18C/D),
which is 0.21. Although the result is quite different from the result of BAe
simulation (0.25), Lorell et al (1995) suspected the fact that BAe simulation
suggested that a nearly all-new F-18E/F could only reach a relatively small
improvement in capability compared with the earlier F-18C/D.
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The seventh prediction is Su-27, the combat threat employed in the BAe combat
simulation. The effectiveness of Su-27 against Su-27 predicted by RBF is 0.57,
only slightly inferior to F-18E. Its inferred exchange ratio is 1.32:1.
The eighth predicted aircraft is Mirage 2000, which is 0.31. The result was close
to the results (0.35) of combat simulation revealed by another instimte, Defence
Research Agency revealed in Lorell et al. (1995).
Table 7.1 Comparison of Original and Predicted Effectiveness
(Source: Lorell et a i, 1995)

BAe Simulation

D a ta

F ig h ter

E ffe c tiv e n e s s

Inferred

S c o re

Exchange

7.4

Inferred
E xchange
R atio

.58

1.38:1
1.27:1

R atio

C la ssific a tio n

T rain in g S e ts

RBF Prediction
E ffe c tiv e n e s s
S c o re

F -2 2

,91

10:1

E F -2 0 0 0

.82

4.5:1

F -1 5 E /F

.60

1.5:1

R a fa le

.50

1:1

F -1 8 C

1:3.8

1:3

F -1 6 C

.21
.21

P red ic tio n

F -1 8 E /F

.25

S e ts

G rip e n

.56

M irag e 2 0 0 0

.31

1 :2.23

C h ln g k u o

.1 9

1 :4.26

S u -2 7

.5 7

1.32:1

1 :3.8

Validations

This section will verify the results predicted by the RBF model. Section 7.4.1 will
implement the strategy usually employed by the artificial neural networks. Section
7.4.2 to 7.4.5 win verify the configurations employed to the RBF network, and
Section 7.4.6 wiQ discuss the reliability of RBF modelling.
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7.4.1

Leave-One-Out Cross-Validation

Although the RBF network results from the previous section look plausible as it
can reach consistent results, the challenge is how to make sure that the predicted
effectiveness is correct. Cross-validation is one methodology needing minimum
statistics assumption (Moody, 1994), and this feature makes it ideal for the
problems of small data set in this thesis. The Leave-One-Out (LOO) CrossValidation methodology was adopted in the validation process. Its original
concept was to train neural networks with partial data sets and observe the
network prediction with data sets not used in training (Orr, 1996, p. 19). A simple
way to implement this validation is to leave out one data set each time, and take
average of various results at the end of training (Gallant, 1993, p. 165; Reed &
Marks, 1999, p. 257). For the problems with N data sets, there wiU be N
simulations, each with only N-1 sample data (Moody, 1994). For the training in
this exercise, eight consecutive simulations were implemented and each network
was trained with only seven data sets. The final predicted effectiveness was the
mean value of eight simulation results. However, the original finite data set might
be embedded with the risk of prediction when a network is trained with fewer
amounts of data (Reed & Marks, 1999). The LOO cross-validation results are
illustrated in Figure 7.6. The predicted effectiveness in eight simulations dispersed
as expected, and there was one set of prediction reached negative effectiveness,
which is obviously wrong. By comparing the network outputs, it was found that
negative effectiveness was the result of the simulation when the data of F-15 was
taken out from training. Having observed original performance parameters, its
maximum speed is the best among six aircraft training sets (excluding artificial
data); thrust-to-weight ratio and wing loading are the second best; wing loading
and radar cross-section are the fourth; maximum angle of attack is the fifth; and
effectiveness is the third. The prediction of negative effectiveness results of
training without F-15E/F suggested that transfer function used in original eight
data sets could be “steeper” than the transfer function needed for training
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without F-15E/F and might need a “smoother” form of transfer function. This
h^-pothesis is supported by the assumption that similar inputs should reach similar
outputs.

M ean Values of Leave-O ne-O ut RBF Predictions
(RBF wtdth=1)

T---- ---- ---- ---- T
1

1

1

t.9 6 9 4 5
«90665

0.53614

t.4 9 8 4 9

045064

f 2357

* 9 0 6 ^ 89441

-F

tl.42959
t

0.351

9^-:

*

«21439

F

|.1 7 2 1 3

p.025684
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EF2000 F15E

Rafale
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J
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I
L
Ceiling Bottom 3 r v e n Ctnngkijo F2ZX

F22Y

F22Z

FfdE

Su27

Mirage

Aircraft Models

Figure 7.6 Predictions by Leave-One-Out and Average Values
(Source: Program m e 11-2)

In the following cross-validation, the training programme was refitted with a
smoother transfer function, in wliich the width of RBF was changed to two. The
simulation results were improved and all the effectiveness became positive, as
illustrated in Fig. 7.7.
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M ean Values of Leave-O ne-O ut RBF P redictions
(RBF wtdtti=2)
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Figure 7.7 Leave-One-Out Validation with A Smoother Radial Basis
Function
fSoiircc: P ro ^ a m m c R-2 with width o f 2)

I lowever, the width of original transfer function was one. In order to obser\ e the
network prediction with transfer function of width of two, the original prediction
was re-simulated with a new transfer function width; the results are illustrated in
Fig. 7.8. It shows that some of the effectiveness predicted with a new transfer
function are much low^er than the original predicted values (e.g., Ching-kuo and
F-18E/F].

Further validation on the selection of transfer function is to be

implemented in Sections 7.4.2 and 7.4.3.
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Aircraft Effectiveness P redicted by RBF Netw orks (RBF wldtti=2)
(Inputs: RCS. L'W . Wing Loading. T/W Ratio. Max AoA. Max S p eed )
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Figure 7.8 Effectiveness Predictions with A Sm oother Transfer Function
(Source; I’rognim m c R1 with w idth o f 2)

After the results above, the validation is to be implemented by seven simulation
results. The 95% confidence inten-al (p) is calculated according to the equation
suggested by Lane (2001):
M -1.96(7^ < p < M + 1.96(7,,,......................................................................... (7.15)

where M is the sample mean, 1.96 is obtained the Z value deciding level of
confidence, a „ is the standard error of the mean.
d he confidence inter\^al, the mean values and the original RBF predictions are
plotted in Fig. 7.9, in which the original predicted values are shown within the
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95% confidence intentai. I fie predicted effectiveness results from pre\fious
section are validated.

Leave-One-O ut RBF Predictions (Excluding Outlier)
(Inputs: RCS, Size. W /S, T/W. Max AoA. Max S p eed )

RBF Values
LOO Mean values
95% Confidence interval
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Figure 7.9 RBF Prediction within LOO C onfidence (95%) Interval
(Source: Program m e R-4)

1

he sensiti\it}' analysis used in this section is only used to verify the selection of

transfer function widths. Its fuU calculation and further application will be
explored in the next chapter.
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7.4.2

Width Selection for Ttansfet Functions

A strategy similar to sensitivity analysis was developed to choose widths for
widths of transfer function to be employed. The width employed in transfer
function is decided by observing how output values change according to input
changes. Ideally, the effectiveness predicted by a network should vary smoothly
as the inputs are changed incrementally. In the simulation of this exercise, two
conflicting criteria (i.e., radar cross section and thrust-to-weight ratio)
representing aerodynamic and stealth technologies were selected to testify the
learning results of RBF network. Aircraft size and maximum speed were both
adjusted proportionally according to regression analyses against thrust-to-ratio
(T/W) with other aircraft. The other parameters remained unchanged, as wing
loading (W/S) and maximum angle of attack (AoA) didn’t show correlation with
T/W, and RCS data employed in input data were classified by order of magnimde
instead of size.
The results of simulations suggested the width of 1 to be employed. A
comprehensive of simulation is given in appendix B; four representative results
are shown in Fig. 7.10. The network with transfer function width of 0.1 (7.10a)
has poor generalization capability; it could only recognise Ching-kuo, and any
data other than Ching-kuo were treated as the same. The network with transfer
function width of 0.5 (7.10b) showed unreasonable effectiveness predictions that
reached the maximum effectiveness when T/W was the highest and RCS was the
lowest. The network with width of 1 (7.10c) showed a good generalisation
capability for the variation of input parameters. This was also the RBF width used
in original network simulations. The network with width of 2 (7.1 Od) showed a
poor identification capability for RCS. The simulations with various transfer
function widths concluded that the data set without F-15E/F was too smooth to
be generalised by original RBF network configuration, and the original transfer
function width was not to be changed. The prediction result with negative
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effectiveness should be treated as an outlier and disregarded in the validation
process. This suggests that the predicted results defend both on the training data
sets and on the transfer functions.
(a)Novel E ffed lv en e ss S urface
RBF Widlh=0.1

(blNovel Effectiveness S urface
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Figure 7.10 Effectiveness Predictions by RBF with Various Widths
(Source: Program m e R3)

7.4.3

Selection o f Transfer Function Width w ithout Outher

I ’he network training without F-15E/F was treated as an outlier and disregarded
in the cross-validation of Section 7.4.1. 1 Itis section wiU verifv' that judgment by
observing effectiveness variation according to changes of T /IF and RCi as in
previous section. The RBF network using four different widths of transfer
functions was trained with aU data sets except to F-15E/F, and was used to
predict the effectiveness of Ching-kuo when T / W and RCJ were incrementally
adjusted. The results are illustrated as Fig. 7.11. Fig. 7.11(a) shows that aU
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effectiveness was negative when network was trained with transfer function of
width of 0.1. Fig. 7.11(b) showed that effectiveness aU exceeded one when
network was trained with transfer function of width of 0.5. Fig. 7.11(c) showed
that effectiveness only varied slightly along various parameters changes when
transfer function had width of one. Fig. 7.11(d) showed that effectiveness was
insensitive to the changes of Rdb when network’s width was two. It follows that
a data sets without F-15E/F wiU not be able to train RBF network to predict
effectiveness of Ching-kuo in original setting, and it is acceptable to be left out in
the cross-validation of Section 7.4.1.
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Figure 7.11 Effectiveness Predictions by RBF (Training without F15-E/F)
(Source: Programme R3 Training without F-15E/F)
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7.4.4

Parameter Selection

The six input parameters were selected on a trial-and-error basis and consulting
with aircraft professionals, in order to demonstrate the effects of parameter
choosing, this section deliberately select the maximum thrust and maximum
weight as redundant parameters, for they are already represented in one of the
training parameters, the thrust-to-weight ratio. The following redundant scenarios
are designed and included as one of training parameters:
•

Training with additional maximum thrust

•

Training with additional maximum weight

•

Training with maximum thrust & maximum weight without T/ W

•

Training with maximum thrust & maximum weight with T/H^

The results are illustrated in Fig. 7.12. The pattern of plotted prediction Une of
T/ W with the addition of maximum thrust or maximum weight are similar, and the
pattern of plotted prediction line resulted from training with maximum thrust and
maximum w e i g h t T j W i s similar to that without T/W. The original plotted Une

of prediction resulted from training with T/

locates between the four lines of

prediction resulted from training with redundant criteria.
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C omarison of RBF P redictions Trained with R edundant P am ara ters
(Inputs: R CS, L'W , Wing Loading, Max AoA, Max S p e e d .)
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Figure 7.12 Redundant Training Pattern
(Source: Programme R-5)

7.4.5

Training without Artificial Data

According to preliminan' simulation results, it was found necessar\' to add a set of
artificial data, the ceiling and bottom data, in order to train the network more
efficiently by regulating the learning process in the direction of desired change.
The idea is to teach the neural network that when all the parameters of aU criteria
are better than the best among aU aircraft, the effectiveness should be one; when
all the parameters are worse than the worst among aU the aircraft, the
effectiveness should be zero. A simulation without these two sets of artificial data
is conducted as illustrated in Fig. 7.13; the result shows that the effectiveness is
0.33 where it should be 1, and 0.21 where it should be 0. The results demonstrate
the effects of including two sets of artificial data in the training process, and also
distinct the model employed in this thesis from the classical RBF networks. The
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employment of artificial data can also be found in Breiman (1998), which
generates data from existing in order to improve prediction accuracy.

C om parison of RBF Effectiveness Trained wtltiAvfthout Artificial D ata
(inputs: RCS. Size. W /S, T/W. Max AoA, Max S p eed )
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Figure 7.13 Training with/without Artificial Data
(Source; Program m e R-6)

7.4.6

Reliability of Predictions

fhe results of effectiveness predicted by RBF networks are ob\dously steadier
than that of predicted by Ml.P networks of previous chapter; a consistent result
doesn’t guarantee its coherence. low to verify the predicted effectiveness needs
1

further exploration. Although the best way to do that is to compare with the
acmal effectiveness of respective aircraft, it is not an option here as they are not
available. However, tliree ways could be employed to test the reliability of the
RBF results according to the intrinsic data as below.
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•

Comparing with Alternatives in the Training Site

The predicted result in Fig. 7.5 consists of two parts, the training site on the
left and the prediction site on the right. Focusing on the alternatives in the
training site, it is observed that the effectiveness predicted are fully compliant
with the original data used to train the network, the prediction of RBF network
could be interpreted as
•

1 0 0

% accurate.

Cross-validation

Following the leave-one-out cross-validation of Section 7.4.1, a confidence
level of 95% has been achieved by analysing the RBF prediction. Although
cross-validation has been employed by many others to verify the results of
artificial neural networks, there is a dilemma to employ this method in the
combat aircraft selection problem of this study as a result of the shortage of
sample data. The mechanism is observed as to validate the results of prediction
with less data.
•

Comparing the Normative Effectiveness of Su-27

The original effectiveness of alternative aircraft are interpreted as the
probability of winning the common threat aircraft, Su-27, the effectiveness of
Su-27 should be 0.5 when it is employed to defend a Su-27 and hence obtain
an 1:1 exchange ratio. In the prediction site, there is also a Su-27 and its
effectiveness predicted by the RBF network is 0.56584. It should be reasonable
to claim an accuracy of

8 6

. % as a result of comparing the predicted value and
8

the normative value of Su-27.
Should any of the above argument is employed; the fidelity of model is at least
higher than

8 6

%. Similar to the selection of network architecture, the

validation processes are also ad hoc, considering the fact that the input data used
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to train the neural networks are collected from various public resources, and
the information revealed by the networks, RBF has reached an outstanding
modeling.
7.5

Comparison Between MLP and RBF Networks

The comparisons between MLP and RBF in solving the problems in this study
are summarised in Table 7.2. Although MLP network could reach satisfactory
results in this thesis, it still has its strengths and future applications are possible.
Table 7.2 Comparisons Between MLP and RBF Networks
Advantages
RBF Network

1. Easy to train.
2. No local minimum.
3. Good for problems with
small quantities of data.

Disadvantages
1. The nature of interpolation
could make it unable to cope
with problems with dramatic
changes in the future.
2. High computing costs.

4. Learning process is
transparent and easily
understood.
MLP Network

Capable of approximating any
problems, even those of
extrapolation.

1. Global learning might lead
to local rninimums.
2. Black-box learning
schemes make it difficult to
decode.
3. Learning schemes involve
many degrees of freedom and
heavily dependent on the
quality of data.

189

7.6

Summary

Compared with the prediction results with a huge standard deviation of the MLP
networks in the previous chapter, the performance of RBF has been improved
dramatically. The input-out relationships between performance parameters and
aircraft effectiveness have been approximated. The aircraft effectiveness expected
to predict has been transformed by Gaussian functions from the distance of
subject aircraft and the whole list of aircraft. The predicted effectiveness does not
only represent the priorities of alternatives, but also represent the operational
effectiveness that can be inferred to exchange ratios. This has solved the
syndrome of ‘invented value’ criticised against the traditional alternative-fbcused
multi-criteria decision-making methodologies; e.g., AHP.
Although the predicted aircraft effectiveness were not in the original combat
simulation of BAe, and there is no data to compare with, the predicted
effectiveness have been validated by comparing the prediction in the training site;
the results of leave-one-out Cross-Validation and the prediction result of Su-27 all
show promising validation. Furthermore, the effect and necessity of artificial data
sets that are created to confine the network learning within boundaries have been
demonstrated; the inclusion of artificial data has also been seen in other literature.
A more precise way to describe the neural network approach employed in this
chapter should be designated as “RBF Network Combined with Artificial Data”.
The theory in function approximation assures the success of RBF as the inputoutput mapping is viewed as inverse problems (Haykin, 1999 pp. 265). While the
value-focused decision-making methodologies reviewed in chapter four are
treated as direct problems, the RBF approach to reconstruct those relationships is
viewed as inverse problems. Compared to the MLP network, the geometric
characteristics of RBF that treat inputs as vectors and learning process as surface
reconstruction more has made the training more transparent.
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The comparison of RBF and MLP network are summarised as below:
1) MLP network is the original form of ANN, which searches for ideal
network weights in a global space and could be trapped at local rninimum
points. RBF is based from function approximation theories; it assumes
the input-out mapping as a smooth surface, a similar input vectors should
lead to a similar output. RBF network successfully solves the problems of
local minimum and the curse of dimensionality for its local learning
process.
2) MLP searches the greatest descent direction in the error surface. RBF
inherits its geometrical meaning as hyper-surface reconstruction.
3) Although MLP and RBF are both claimed to be able to approximate any
functions, MLP was proved not having the approximation property of
the best approximation, while RBF does.
4) RBF is easy to train but with high computing costs. RBF is particularly
suitable for the problems with limited number of data sets.
5) A modular network design could improve the learning capability of MLP,
whüe RBF is already embedded with the properties of modular network.

6

) MLP network could be possible for extrapolation, while RBF network is
limited to interpolation.

The RBF network employed in this chapter has successfully built the model to
predict combat aircraft’s effectiveness. It treats the relationships between
parameters and effectiveness of combat aircraft as an inverseproblem based on the
assumptions of the existences of weapon systems’ intrinsic properties, and the
concept of consequence space of multi-attribute value problems reviewed in
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chapter four. It is distinct from those studies that model decision makers’
behaviour or aerodynamic characteristics as reviewed in Section 6.3. Its potential
as a concept evaluation tool is to be explored in the next chapter. A
comprehensive comparison among the methodologies employed in the study wiU
be implemented in Chapter nine.
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CHAPTER 8
FUTURE FIGHTER AIRCRAFT PREDICTION

The effectiveness of concerned aircraft have been predicted and validated
through Radial Basis Function (RBF) network in chapter six; the successful
effectiveness prediction has shown its potential for solving alternative-focused
problems by value-focused methodologies. This chapter illustrates how
effectiveness prediction by Artificial Neural Networks (ANN) can be applied to
weapon systems acquisition planning that considers threat evaluation and cost
forecasting. These are critical in the early stage of acquisition, especially for the
situations where weapons are designed from scratch, procurements are made offthe-shelf, or current systems are upgraded.
The case of the Republic of China Air Force in the development of indigenous
fighter, Ching-kuo, wiU be used as a study example to illustrate the need and
benefit of ANN modelling. The effectiveness of alternatives are deemed more
important than their ranking orders in the candidate list, as any alternative has the
possibility to become the ideal alternative. This chapter wiU demonstrate that
when the effectiveness from a comprehensive combat simulation is not avaUable
due to its complexity and cost, an ANN can produce effectiveness similar to that
generated by simulation. The rest of this chapter includes: the strategic issues of
air power balance, the analysis in current industry capability and the potential
approaches for the Republic of China’s next generation of combat aircraft.
8.1

Strategic Analysis

The acquisition of weapon systems are the means to satisfy the defence needs.
This section wUl describe the current threat that Taiwan is facing, its current
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defence strategy, and the air power balance, which is expected to highlight the
importance of the information of operational effectiveness, and hence
demonstrates the utility of the results obtained from this smdy.
8.1.1

Threat Evaluation

The recent tension in the Taiwan Straits has been present since mainland China
launched missile exercises to influence the ROC presidential election between the
8

* and 15* of March, 1996. During that exercise, one Chinese M-9 surface-to-

surface missile landed 35 km from Keelung, and another two landed 48 km west
from Kaohsiung." The situation was only controlled after the arrival of two US
aircraft carriers near Taiwan. However, tension was continually stirred and
reached its pinnacle in 1999, when China was set to take more action against the
ROC, its president, Lee, Teng-hui told a German journalist that the relationship
between Taiwan and China is a “special state-to-state relationship’’^ . The increasing
tension between the two sides only ceased after an earthquake reaching 7.4 on the
Richter scale hit central Taiwan and inflicted a death toll of more than 2000 on
2L' September 1999. Moreover, military capability build-up in the People’s
liberation Army (PLA) has never stopped; its number of inter-continental ballistic
missiles (ICBMs) is increasing at the rate of 50 per year”"^. Its acquisition of
Russian weapon systems since the 1990s include; Mi-17 helicopters, 11-76
transporters, Su-27 fighters, Su-30 fighters, S-300 surface-to-air missile (SAM)
systems, Küo submarines, Tor-Ml SAM systems, Sovremenny destroyers (armed
with the Sunburn anti-ship cruise missile), and Airborne Early Warning (AEW)
aircraft (Kan et al, 2000).

— Three Dud Missiles Crash N ear Taiwan T he China P ost, M arch 9 ,1 9 9 6
R esponse to an interview with the Voice o f G erm any (D uethche Welle) o n the 9* o f July, 1999, original
scripts available at h ttp ://w w w .dsis.org.tw /database/china_taiw an/lee_tw o_states_e.htm
A ccording to T h e W ashington Post, China deployed 50 M -9 missiles in 1995, and it had deployed 200 at
the end o f 1999. T he increasing rate o f 50 per year m ade P entagon believe th at C hina could have 800
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8.1.2

Defence Strategy

While China is continually modernising its military capability, the ROC is facing a
dwindling defence budget. Its number of personnel has been cut by around 13%
within the past four years'^, and is expected to be cut by a further 15% in the next
five years'"^. Should it devote its entire defence budget to the Theatre Missile
Defence (TMD) to build a shield against missile attack, to the building of a strong
navy fleet to prevent blockade, or to the procurement of more advanced MBTs
to counter the enemy landing operations? None of them is a cheap option.
Among other priorities, a study of Taiwan security suggested that air superiority
would be the most important for both sides, followed by maritime control, invasion
preparation, and landing operations (Shlapak et al, 2000, pp. 10). During the 1999

Taiwan Straits crisis, PLA Air Force J-7, J- , and Su-27 patrolled the central line
8

of the Taiwan Straits between the 13* of July and the end of September, 1999,
two aircraft even crossed the central line by five and ten km (Tang, 1999).
Although it was believed that both sides had radar locked-on each other, there
was no acmal fire exchange. The PLA planned to purchase and license-build
more Su-27 and Su-37, aircraft that are far more lethal than any aircraft in the
ROC’s inventory. Its loss of air superiority is inevitable.
As no plausible solutions for the threat of ballistic missile attack from China have
been developed, a more active way of defence is proposed, some smdies
suggested that the best defense is definitely a good offense and recommended
that aircraft is not the best means to defend aircraft attack (Bolkcom & Pike,
1996). This has affected Taiwan’s recent defence thinking and adjusted its
strategic national defence guidelines from “^//posture dejencé’’ to effective deterrenci'‘~'^.
missiles by 2005. (Source: R obert Kagan “How China willTake Taiwan” The. W ashington P ost, M arch 12
2000 )
N ational D efence R eport, Republic o f China, 2000. Available on-line at w w w .m nd.gov.tw
Liberty Tim es, Taipei, 28* July 2001
R O C 1999 D efnce R eport, R O C Ministry o f D efense, Taipei, 1999
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Although this guideline has expanded the primary mission of the ROC Air Force
from pure air superiority to include ground attack.
8.1.3

Air Power Balance

Although the ROC Air Force still enjoys air superiority over Mainland China, this
situation is on the brink of tipping in favour of the PLA. The ROC Air Force’s
indigenous fighter, Ching-kuo, was developed nearly two decades ago, and Su-27
is far superior to it. None of the other new-generation fighters (F-16 and Mirage2000/ 5) are comparable. The threats to Ching-kuo are illustrated in Figure 8.1.

iginal
Threat

P redicted
Threat

Current
T hreat

1995
J-8
J-10
Mirage-2000

2001
Su-27
Su-30
J-8II
S-7
FC-1

Figure 8.1 Ching-kuo’s Threat
(Source: Y oung, 1997, pp. 164)

Su-27 was regarded as a common threat to the western world during the Cold
War; it was regarded as a potential enemy in evaluating the effectiveness of allied
aircraft by combat simulations (Lorell et al. 1995).
The current number of Su-27s in the PLA inventory is 74; it was licensed to build
200 more from 1998. The PLA has also purchased 40 Su-30s, the ground-attack
version of Su-27; it is believed that 10 have been delivered in 2001, and the rest
will be delivered by 2003. The PLA has also been licensed to build 250 more Su-
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30s by the year 2015"®. As the role of Su-27s is in air superiority, Su-30 is to be
used in ground attack mission"^. On the other side, the ROC Air Force’s frontline
aircraft include 130 Ching-kuos, 146 F-16s, and 58 Mirage,2000/5s, and there is
no new fighter purchase plan announced for the near future. In order to compare
the strength of air power on both sides, the numbers of aircraft in the ROC Air
Force were converted to the number of Su-27 according to the exchange ratio in
Table 7.1. The results are summarised in Table 8.1.
Table 8.1 ROC & PRC Ftont-line Aitctaft Comparison
Countries
Type
Aircraft

PRC
of

Su-27

ROC

Su-30

N o . o f Aircraft

No. Of
Aircraft

2001 Balance
(Su-27
Equivalent)

2003 Balance
(Su-27
Equivalent)

2015 Balance
(Su-27
Equivalent)

Ex. Ratio
Su-27

vs.

F-16

Mirage

Chingkuo

146

58

130

1:3.8

1:2.23

1:4.26

N o . o f Su-27
(Equivalent)

74

10

38

26

30

N o . o f Su-27
(Equivalent)

74

10

38

26

30

84

Total
N o . o f Su-27
(Equivalent)

74

Total
N o . o f Su-27
(Equivalent)

Total

94
40

38

30

94

114
290

274

26

38

564

26

30

94

The strength comparison in Table 8.1 shows that although the ROC stQl enjoys a
surplus of 10 Su-27 in 2001, the air superiority wiU be tipped towards its
opponent with a deficit of 20 Su-27 in 2003. The situation will deteriorate after
the PLA Air Force deploys the licence-built Su-27 s/Su-30s. This result agrees
with a general observation that the ROC’s loss of air superiority is only a matter
of time (Shambaugh, 2000).

Shei, M eng-ru China to purchase S-30 AÎKK China T im es, Taipei, 19'*>]u^ 2001
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8.2

Indigenous Fighter Development

This section will discuss the weapon system acquisition strategy of the ROC,
review the historical background of the development of its indigenous fighter
aircraft, and investigate the current capability if its aviation industry and the
indigenous fighter, Ching-kuo’s performance specification.
8.2.1 Acquisition Strategy and Alternative Review
In the history of the ROC military acquisition, political and technological factors
have interwoven continually. Apart from the competition among foreign supplier
firms, the political situation has also influenced the choices of weapon systems in
the ROC. Weapons that are impossible to purchase abroad have to be developed
indigenously. A common dilemma occurs when the indigenous weapons are
developed and their foreign equivalents are released for export, then the local
industry has to terminate. For example, during diplomatic hardships, the ROC
started to develop its indigenous fighter, Ching-kuo in 1982. 250 aircraft were
needed. After the agreed sales of 60 Mirage-2000/5s from France in July 1992
and 150 F-16A/Bs by the U.S. in September 1992, the number of Ching-kuo
required was reduced to 130 (Hua, 1999). One of the drawbacks to the ROC Air
Force to deploy three types of new fighter aircraft in the same time was the high
aircraft loss rate^". Furthermore, the technologies of the three types of aircraft are
similar and are likely to become obsolete at the same time. Although the
procurement of foreign fighter aircraft at the expense of indigenous industry was
criticised as unwise and not cost-effective (Liu, 2000), the ROC is likely to face
the same dilemma in the future.

C hen, Shi-chang China to purchase 20 million US dollar worth of Russian Weapons United Daily News, 26, July 2000
R O C A ir F orce has lost four F -16A /B s and tw o M irage-2000/5s w hen they w ere initially delivered.
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For its next-generation of combat aircraft, the ROC Air Force has studied JSF, F22, Rafale, and Eurofighter Typhoon^' following the acquisition of Su-27s in the
PLA. Although the ROC has expressed a desire to procure JSF, it is unlikely to
happen before 2015 as the US Air Force is only scheduled to receive the first JSF
in 2008.^“ F-22 is expected to replace F-15, as F-15 has never been released to the
ROC; it is unlikely that ROC can procure it in the future. The French acquisition
channel was blocked after the sales of Mirage2000-5 fighter and Lafayette frigate.
The ROC is unlikely to purchase Rafale in the near future. Eurofighter’s
effectiveness is only slightly inferior to F-22, which could be an ideal option for
ROC’s next generation fighter aircraft. However, it is jointly owned by four
countries, the possibility of the ROC acquiring Eurofighter is uncertain. In the
domestic industry, the Aerospace Industrial Development Corporation (AIDC)
has proposed the upgrade of Ching-kuo in terms of low observable, vectoring
thrust, and electronic warfare (EW) technologies.^^ Another upgrade proposal for
Ching-kuo is to enhance its ground attack capabihty^^ to acclimatise the change of
defence policy; however, these are only in the stage of concept studies.
8.2.2

Industry Capability Review

AIDC is the organisation developing the ROC’s indigenous fighter; although it
has the experience of co-production of F-5E/F, it only accumulates aircraft
design and manufacmring capability through the Ching-kuo project. As the
production line of Ching-kuo terminated, it undertook a privatisation reform,
from previous military ownership to current state ownership, as an interim step
towards commercial ownership in the near future. Without any major orders
from the ROC Air Force, the AIDC has to compete in a commercial aviation
Flight International 24-30 N o vem ber 1999
Ping, K er-fu Taiwan is interested in Bi^ngJSF China T im es, 30* D ecem b er 2000 (in Chinese)
W ang, Jo n g-hua Breakthrough in the third generation aircraft development Central D aily N ew s, Taipei, 27*
D ecem b er 1998 (in Chinese)
5-* W ang, Jo n g -hua ID F Readyfor GroundAttack Central Daily N ew s, T aipei, 7 * D ecem ber 1997 (in Chinese)
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market. The contracts it has been awarded recendy include the joint development
of a helicopter, the engine for a trainer aircraft, the engine for a passenger aircraft,
and the rear fuselage of passenger aircraft, as summarised in Table 8.2.
Among those contracts, one that is worth mentioning is the F-124 (TFE-1042-70)
engine developed for Ching-kuo that has successfully entered the international
market in trainer aircraft as Hua (1997) predicted.
Table 8.2 Major AIDC Contracts Awarded
Items

Partners

Customers

S-92 Helicopter
cockpit

Sikorsky

Sikorsky

F-124 Engine^^

Honeywell

Czech FI 59 Trainer
(79 Units) & Italian
Aermacchi
M346
TraineH®

ITEC is 50% owned
by AIDC

AS-907 Engine
(ISOUnits)

Honeywell

Bombardier BD-100
regional
passenger
airplane, BAE ABRO

17% o f Engine is
manufactured
by
AIDC

BD-100
Rear
Hull Body

Short Brother, Mitsubish,
Allied Signal

Bombardier

Contract
March
1999/December 2002

8.2.3

Remarks

The Indigenous Defence Fighter Ching-kuo

The indigenous tighter project consists of four programmes: aircraft, engine,
radar, and weapon systems. The aircraft and engine were mainly developed by the

C hu, W o o -song Æ D C Bjcdved JntemationalEtiÿne Order Industry and Business T im es, T aipei 8* N ovem ber
2000 (in Chinese)
^ Liu, Chu-sung, Æ D C Delivered BD-100 Rear HullBotfy, Industry and Business T im es Taipei, 26* July, 2001
F124 is the non-afterburner version o f FI 25, the E ngine fo r C hingkuo, developed in 1982 by the IT E C
jointly ow ned by A ID C and Allied Signal. Max thrust 9250 lbs w ith after b u rn er (Source: A ID C ,
www.aidc.com .tw).
Liu, C hu-sung y llD C Received International Orders Industry and B usiness T im es, T aipei, 8* N o v em b er 2000
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AIDC, the Chung-Shian Institute of Science and Technology (CSIST) developed
radar and weapon systems. The development milestones of Chingkuo are
illustrated in Table 8.3. One of the Cldng-kuo two-seater protot\^es is illustrated
in Fig. 8.2. A fact sheet of Ching-kuo is summarised in Table 8.4.
Table 8.3 Ching-kuo Development Milestones
(Source: 'i’oung, 1997, pp. 63)

1982
1983
1987
1988
1989
1991
1992
1993
1994
1994
2000

OR definition
Project definition
first engine tested
first Ching-kuo rolled out
first Ching-kuo flight test
T&E
Low-Rate-lnitial-Production (TRIP) delivered
weapon system s integration test
first production delivered
first squad deployed
last production delivered

Figure 8.2 Ching-kuo Fighter Aircraft
(Source:

w w av.

aidc.com .tw)
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Table 8.4 Ching-kuo Fact Sheet

Manufacture: AIDC
Speed: 1.7M
Engine :2xTFE-1042-70
ISD: 1994
Cost:25-30Million
No produced: 130
Mission: Interceptor
Deployment: Taichung
Major Threat: Su-27

8.3

Feasible Study of Future Aircraft Developments

Beyond the capability of comparing current alternative aircraft, the proposed
artificial neural network can even predict the effectiveness of aircraft by replacing
the input data, which facilitate the feasibility of concept aircraft. This section will
present this unique feature of artificial neural network modelling applied to the
Ching-kuo. The result is only for the demonstration of methodology
development, and it will need further refinement on the quality of data for
practical appHcation.
8.3.1

Growth Potential Analysis

The effectiveness of Ching-kuo has been predicted in chapter six, which has
enabled the comparisons of air power on both sides of the Taiwan Straits. The
questions put to future fighter aircraft planning are: is it worthwhile to upgrade Ching
kuo? A n d how to upgrade it? This section will answer these questions by forecasting

the potential effectiveness growth based on the aerodynamic characteristics
employed in aircraft design and the effectiveness prediction network built from
chapter seven.
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8.3.2

T /W Regression Analysis

The effectiveness growth potential of Ching-kuo is expected to be revealed by
increasing T/ W incrementally to the largest of competitors and observing how
effectiveness varies with T/ W. The maximum speed and sif^e (length multiplied by
width) are assumed to increase proportionally with T/ W. Other inputs (e.g., wing
loading and maximum angle of attack) are unchanged as they are uncorrelated.
The increase of radar cross section by increasing aircraft size is insignificant. The
size and maximum speed corresponding to T /W are attained by lease-square-fit
regression analysis in MATLAB (Version 5); the results are shown in Esq. 8.1, 8.2,
and plotted in Fig. 8.3.
Y,=1.6166+0.1486t+0.2439t"

( .1)
8

(Yj: Maximum speed, t: T/W)
Y,=5214-7309.4t+3947.6t-

(8.2)

(Y,: Size, t: T/W)
The regression analysis of size against T /W revealed a concave curve shown in
Figure 8.3 (b), instead of the straight-Une relationship expected, this is because the
left part of curve is dominated by the characteristics of interdictor/strike aircraft
(e.g., F-18E/F and F-18C/D), and the right part of curve is dominated by the
characteristics of fighter aircraft, as discussed in Section 3.4 (Fig. 3.9). This
dissertation focuses on the fighter aircraft; only the right part of this curve is
concerned.
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(a) Max Speed & TAN Regression Analysis
2.6

22

•C HING KUO
06

07

0 9
T/W
(b) S iz e & TA/V R e g re s s io n A nalysis

3500

2500

2000
1500
•CHING KUO

1000

0 5

06

0.7

Figure 8.3 Regression Analyses
(Source: Program m e 11-1)

8.3.3
1

Effectiveness Growth Potential

Ia\ing adjusted the size and maximum speed in accordance with their regression

analyses with 7/11’', the new set of Cdiing-kuo parameters are regarded as the new
inputs to the ANN training for effectiveness prediction. I he simulation results
are illustrated in Figure 8.4, which show that the effectiveness of Cliing-kuo could
reach up to 0.56 from the current value of 0.19, if its T/IF" can be increased to the
maximum value among other aircraft.
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CHINGKUO EFFECTIVENESS GROWTH POTENTIAL
Size & Speed Increased with T/W
0.65

-i---------------r--------------- 1---------------1--------------- r

1---------------r

0.6
1.56841
0.55

0.5

/d^9018

045

!..

/ 0 4134

K .

,6:34337

0.3

X(28113
025
22709
0.2

Currenl=0 1867
0.6

0.7

0.8

0.9

1

1 1

1.2

1.3

1.4

T/W

Figure 8.4 Effectiveness Growth Potential
(Sourer: Program m e R-1)

8.3.4

Novel Effectiveness Surface

As described by Kirkpatrick (1995, p 267), '‘/be overall performance of an individual
ligl)ting unit is a compound oj its varions performance characteristic^'’', " .. .i t is extremely
difficult to formnlate a single quantitative measure of overall performance ivhich adequately and
faithfully reflect the fighting unit’s own intrinsic capability, and which could be used to compare
different fighting units and arrange them in an order of merit.” This chapter considers the
conflicting nature between radar cross-section (KCSJ and aerodynam ic perform ance
such as thnrst-to-weight ratio (T/ Ik) (Lorell & Levaux, 1998, p. 134). By expanding
the com puter program m e o f the precious section, a tliree-dim ensional surface
will be created on a rectangular coordinate system in w hich the x-axis represents
the R fii, the y-axis represents the thnrst-to-weight ratio ( T f W ) and the z-axis
represents the effectiveness. The effectiveness o f Cliingkuo with different RCS
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and T IW will be revealed, and the potential effectiveness growth will be
illustrated.
The simulation results are illustrated in Fig. 8.5. The Y-Z plane illustrates the
potential growth of effectiveness with regard to TjW. Curve (AC) is the same
one obtained in the last section, which is the effectiveness growth potential as
T j W is increased and RCT is unchanged. If both RCT and T / W can be increased

to the maximum at its peer level, the effectiveness can be expected to reach up to
0.71 (Point D). The fumre options for upgrade could faU in any region on the
effectiveness surface, depending on the technology and economics trade-off in
the engineering design process. The prediction of effectiveness by reducing radar
cross-section has to be used with extreme caution as it might involve
technological risk, which was not revealed in the prediction model. However,
recent development in the Joint Strike Fighter (JSF) shows that affordable and
low-risk stealth technology is imminent (Fulghum, 2001); to increase current
aircraft’s stealth capability could be feasible in the near future.
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CHINGKUO Novel Effectiveness Surface
(Max S p eed & L*W Increased with T/W)

0.70464
D(0 001,1 4)

0,56841

1

0 001

(1.0.5)

09

Y: T/W

X: RCS

Figure 8.5 Novel Effectiveness Surface of Ching-kuo
(Source: P ro g ra m m e R-1)

8.3.5

Cost Estimation of Future Fighter Aircraft

Potential improvements to Chingkuo’s effectiveness in the future have been
suggested in the previous section, this section intends to estimate the potential
cost to upgrade or design a new generation ol indigenous fighter. The nonlinear
pattern of stealth performance makes the application of parametric cost
estimating relationships (CERs) intractable (Tmdick, 1995). Correll compared the
cost between upgrading F-15Ei/F and designing a new stealth F-22 and claimed
that a modified F-15 will only provide one tliird of F-22 capability’ with ninetypercent of the cost (Correll, 1997).
The costs of other aircraft’s upgrades and developments could provide
information for a rough cost estimate. For example, F-22 is a new stealth aircraft
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designed to replace F-15E/F in the US Air Force, and F-18E/F was developed
by modifying its predecessor, the F18C/D of the US Navy. A graph can be used
to predict the effectiveness and cost of an upgrade. By viewing effectiveness as
the X axis, cost as the y axis and plotting the cost and effectiveness figures of four
aircraft on the x-y plane, the slope of the line connecting F-18C/D and F-18E/F
represents the “cost factor” for conventional upgrades, and the slope of the line
connecting F-15E/F and F-22 is a representation of the cost factor of a nonconventional design. Hence the products of potential effectiveness increases and
the cost factors obtained according to the experiences of F-18E/F and F-22
could reveal the costs of the two Ching-kuo upgrade proposals. The unit costs
are adopted from open sources and are converted to 2001 US dollar by inflation
factor of 3% per year^^, part of the inflation factors are summarised in Table 8.5.
Table 8.5 Inflation Index
(Source: US D o D )

Year

1994

1995

1996

1997

1998

1999

2000

2001

Inflation
Factors

94.35

97.09

100.00

103.00

106.09

109.27

112.55

115.93

The experienced costs of F-18C/D, F-18E/F, F-15E/F and F-22 are
summarised in Table

8 . 6

and plotted in Figure . . The line connecting F-15E/F
8

6

and F-22 is obviously steeper than the line connecting F-18C/D and F-18E/F.
The two options of upgrading Ching-kuo proposed previously are expected to
increase its effectiveness from 0.19 to 0.56 (conventional upgrade) or 0.71 (nonconventional upgrade); the estimate cost are also summarised in Table

8 . 6

and

plotted in Figure . .
8

6

3% is the official inflation index used for future price projection in US D o D , according to SPC
International C orporation.
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Table 8.6 Cost Forecasting for Ching-kuo Upgrades
Original Cost

2001 Cost

NÇategories

Operational
Effectiveness

Year

Unit
Cost
(then year)

Inflation
Index
Conversion

Unit Cost

F-15E/E

1998

$43M

115.93/106.09

$47M

0.6

F-22

2000

$105M$124M-‘o

115.93/112.55

I108.15M$127.72M
(Average:
I117.94M)

0.91

F-18C/D

1998

$39.5M

115.93/106.09

Î43.16M

0.21

F-18/EF

1998

$60M

115.93/106.09

$65.57M

0.58

Ching-kuo

2001

$25M

1

$25M

0.19

Ching-kuo-X
(F-22 like)

$144.08M

0.71

Ching-kuo-Y
(F-18E/F
Hke)

$47.4M

0.56

i\ircraft \ .
Model

Source: Testimony on Modemi^ng Tactical Aircraft, Congressional B udget O ffice, U.S. Congress, M arch 1999,
available on-line at: http ://w w w .cb o .g o v /sh o w d o c.cfm ?in d ex = 1 1 2 7 & seq u en ce= 0 & fro m = 5
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COST FORECASTING of CHINGKUO UPGRADS
160

■CHINGKUO-X(0.71,144.08)
140

120

:-22(0.91 ,117.94)

NorvConventlonal Upgrade

»100

5

80

:.18E/F(Q/8,65 57)

f-15E/F(0.6,47)

10/0(0 21,43.16)

CHINGKUO-Y(0.56,47.4)
Conventional Upgrade

CHINGKUO(0.19,25)
0.2

0.4

0.5
0.6
Effectiveness

0.7

0.9

Figure 8.6 Cost Forecasting o f Ching-kuo Upgrades

As illustrated in Table

8

. , a non-conventional redesign of Cliing-kuo could
6

improve its effectiveness from 0.19 to 0.71 (exchange ration 2.45:1); this can be
acliieved by impro\ing RCS and T/W’ to the level of F-22. This option is
estimated to cost US| 144.08 million per copy. Alternatively, a conventional
approach is to modib’ the current design by increasing T/W’ and aerodynamic
performance. This option is expected to increase its effectiveness from 0.19 to
0.56 (exchange ratio 1.27:1); the estimated cost is US$ 47.4 million per copy. If
accompanied by some limited stealth design, it could reach a liigher effectiveness.
With the estimation of aircraft upgrading costs, the users are able to evaluate the
cost-effectiveness of alternative systems or concepts. This is only a rough figure,
as the production runs could influence the acmal unit costs. While the number of
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F-22 to be procured is 339 and F-18E/E are 548"^% the manufacturing cost of F18E/F is likely to be reduced in the long run, thanks to the advanced
manufacturing technologies (Kandebo, 2000). The unit cost of F-22 could also be
reduced if more aircraft are to be procured (Tirpak, 2000). The effectiveness
could also be enhanced in other ways; for example, the lethality of weapon
systems and radar systems, which were not modeled in this exercise, will also
increase effectiveness if they are particular advantages.
8.4

Miscellaneous Factors

The recent adjustment in the ROC’s defence policy has addressed the
requirement to develop ground-attack capability in the Air Force, this made the
ROC Air Force actively consider the acquisition of short take-off and vertical
landing (STOVE) type aircraft. Although multi-role is the trend in future aircraft
design, the attempt to achieve all missions with one single type of aircraft is not
realistic. This can be shown from the experience of the United States who has
developed three types of aircraft to cover the diversity of missions. In coping
with the changed defence missions, the ROC Air Force might need to plan for at
least two types of aircraft in the future, the ground-attack mission and air
superiority fighters. The development of thrust-vectoring technology is perceived
as making a dramatic improvement to aircraft performance, a Ching-kuo with
thrust-vectoring propulsion, combined with limited stealth design, and full-scale
aerodynamics redesign is likely to be the most cost-effective stealth fighter for the
fumre of the ROC Air Force.
8.5

Summary

The effectiveness of Ching-kuo, the ROC’s indigenous fighter, was first revealed
in terms of the effectiveness against its major threat, Su-27, in the previous
chapter. This chapter has further identified future possibilities of upgrading
■" A ccording to the F ederation o f American Scientists, www.fas.org
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Ching-kuo. While the aircraft are characterised by selected performance
parameters, the trade-offs among multiple criteria have been converted to a look
up table by the construction of a novel effectiveness surface from the neural
network developed the in previous chapter. The effectiveness of available systems
or the potential versions of upgrades can be obtained. The utility of evaluating
alternatives by their intrinsic effectiveness has been illustrated, in which the
strength of force and cost-effectiveness could be derived. These benefits are
unachievable by the ‘measure of attractiveness’ employed in the traditional
alternative-focused decision-making methodologies.
The numerical results showed that Ching-kuo has the potential to reach an
effectiveness of 0.56, or exchange ratio of 1.27:1 if a conventional approach is
undertaken to improving T j W and aerodynamic performance. This is expected
to be better if upgrade is combined with partial RCT improvement. Another
upgrade for Ching-kuo is to take a non-conventional approach by designing a
stealth aircraft and also maximismg its T/ W and aerodynamic performance. This
option is likely to reach an effectiveness value of 0.71, or an exchange ratio of
2.45:1. The cost forecasting for the two options is undertaken by assuming that
the ratio of increased cost to increased effectiveness from other aircraft
developments can be used to forecast the cost in a similar upgrade approach. In
this case the cost-effectiveness ratio of F-22 to F-15E/F was used to forecast the
cost of a non-conventional upgrade, and the ratio of F-18E/F to F-18C/D was
used to forecast the conventional upgrade. The results showed that to design a
new stealth Ching-kuo with effectiveness of 0.71 is expected to cost US$ 144.08
million per copy, and to upgrade Ching-kuo to an aircraft with effectiveness of
0.56 will possibly cost US$ 47.4 million per copy. These costs could be affected
by the size of production runs.

212

Other technology; for example, the thrust-vectoring, is also a promising feature in
increasing the aerodynamic performance of aircraft. However, there will be
difficulty defining a scheme of measurement. Other subsystems (for example, the
range of missile, radar detection range) were not modeled in the ANN. The
scenarios in this case smdy are constrained by the availability of data; it is
assumed that there wiU be more information available in the real situation. The
forecasting of effectiveness growth potential proposed in this chapter only solves
the complexities of numerical analysis and identifies possible approaches in
improving system effectiveness; however, the difficulties in engineering design
still need to be tackled.
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CHAPTER 9
COMPARATIVE METHODOLOGY ANALYSIS

This chapter compares and contrasts the methodologies employed in previous
chapters to solve the combat aircraft selection problem, in which Chapters 4 & 5
reviewed conventional MCDM methodologies in the scheme of eigenvalues and
eigenvectors, least square method, linear programming, and Chapter

6

& 7

presented the ANN, a mechanism that numerically specifies preference in the
context of operational analysis. Some studies have suggested cardinal and ordinal
rankings and pairwise comparison, while others focus on the inter- and intra
criteria relationships among variables. The bias introduced by human judgement
in several multiple decision-making problems usually makes decision-making
schemes inconsistent since decision-making involves fuzzy human behaviour.
Many attempts to reduce bias have been suggested, such as the use of a statistical
approach or artificial intelligence.
The rest of this chapter is organised as follows. Section 9.1 compares the result
predicted by RBF network and AHP. Section 9.2 compares the results obtained
from RBF network and UTA method. Section 9.3 describes the difference
between the results from RBF and Multiple Linear Regression (MLR). Section 9.4
compares the results obtained from RBF and PROMETHEE II. Section 9.5
illustrates the results performed by RBF and biplot analysis. Section 9.6 compares
the results predicted by the artificial neural networks of different algorithms.
Section 9.7 compares and contrasts all the prediction performed in this study.
Section 9.8 summarises the finding of this chapter.
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9.1

RBF vs. AHP

AHP is one of the most popular methods used in the ROC military environment.
The clearest difference between AHP and the RBF is the direction of approach.
The methodology of AHP is such that it can decompose the overall goal into
sub-criteria and sub-sub-criteria if necessary, which bridges the gap between the
virtual goal and measurable attributes. The identified criteria are then compared
pairwise to elicit weight coefficients in the value fimction This feature is
consistent with the systems engineering process of decomposing and aggregating,
making AHP an ideal candidate for use by defense analysts to perform alternative
analyses. However, some researchers have questioned the axioms of the
methodology. In contrast, the motive for employing ANN in alternative analysis
is the fact that the weights of the weapon system’s value function are unknown,
and the only available data are the commercial specifications and the operational
effectiveness pertaining to a finite set of alternatives. The attempt to treat
multiple attributes as inputs and holistic effectiveness as a single output
constitutes a perfect basis for ANN applications. Although the limited number of
data available to build neural nets makes conventional ANN, the Multi-Layer
Perceptron (MLP), unsteady in predicting the outcome. The Radial-Basis
Function (RBF) is shown to fit the case studied most.
In order to compare predicted results of AHP and RBF, the order of appearing in
Fig. 7.5 (effectiveness of alternative aircraft predicted by RBF network) of
Chapter 7 is rearranged in an ascending order according to their ranking orders as
Figure 9.1, and is used as the basis to compare the results from other approaches.
The preference ranking predicted by AHP are plotted as Fig. 9.1. Table 9.1
compares the preference obtained by RBF with that of AHP. Although the
ranking order by AHP for the alternatives in ‘training site’ is identical to that of
RBF, the ranking orders for the fuU set of alternatives of AHP and RBF is not
matching. Comparing the ranking of each alternative shows that among the 16
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alternatives, the ranks of F-18E, Rafale, Mirage-2000/5, F-18C, and F-16C
determined by AHP are different from those determined by RBF
The overall Consisteng Ratio (C. R.) of AFIP is 0.08, which is acceptable when the
lowest value acceptable for C. R. is 0.10.

Aircraft Effectiveness Predicted by RBF Networt(s (RBF widtti=1)
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Table 9.1 Comparison of Ranking Order by RBF & A H P
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Although analysts have widely employed AHP by analysts, they are not quite
acceptable to senior pilot. In an interview

with a senior ROC Air Force pilot

and in an AHP questionnaire survey exercise performed with an Air Force
operational analyst, the mechanism of AHP that determines the effectiveness of
aircraft by pairwise comparison is perceived as impractical since it required the
interviewee to “guess” the weighting of criteria. This fact has been one of the
motives to search for an alternative approach.
9.2

RBF vs. UTA

UTA is a method for manipulating additive utility functions that aggregates
several multiple criteria as a single composite criterion using subjective ranking
information. It assumes the existence of a set of additive utility functions and
applies ordinal regression, using interactive linear programming, to reduce the set
of assessed utility functions to a single utility function (Jacquet-Lagreze & Siskos,
1982). UTA mechanism is the method most similar to ANN, which uses
information concerning the alternatives' attributes, performs a transformation
according to ANN, and outputs a value of alternative. As shown in Fig. 9.3, UTA
and ANN methods depend on a similar logic, except that the input of ANN is
the Euclidean distance between alternative vectors, and undergoes a Gaussian
transformation. Then becomes a linear problem to be solved by the normal least
square method. The whole process transforms nonlinear problems to linear ones.

In an interview conducted at the ten th Sym posium o n D efense m anagem ent, xxx
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Figure 9.3 Comparison of UTA & A N N Approaches
Table 9.2 summarises the predicted order of preference of RBF and UTA. Only
the orders of the three alternatives in the beginning and the two in the end of
Table 9.2 are identical, while aU the alternatives in the middle are different.
However, the correlation coefficient of UTA is 98%, which is a very favorable
value, given the minimum requirement of 70%. Although the software also
includes the option of choosing the figure intensities (numerical preference value
of alternatives) for the process of subjective ranking, which can be used to obtain
the effectiveness, the problem of combat aircraft selection was too complex to be
solved by this function.
Table 9.2 Comparison of Ranking Order by RBF & UTA
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9.3

RBF vs. MLR

Multiple linear regression (MLR) can also be observed as a form of input-output
relation mapping, the input values are attribute vectors and the output values are
the values of a linear utüity function. Unfortunately, the highly nonlinear
performance of combat aircraft causes difficulty in applying MLR, since some of
the output values are negative numbers, which are inconsistent with the physical
meaning of operational effectiveness intended to approximate. Table 9.3 lists the
results transformed into rankings, ignoring the fact that some of the effectiveness
is represented by negative number. The results indicate that only one alternative
has the same place of order as that of RBF, which may just be a result of luck.
Furthermore, (Krzanowski, 2000) the summation of properties with different
units cannot be explained.
Table 9.3 Comparison of Ranking Order by RBF & MLR
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RBF vs. PROMETHEE II

PROMETHEE II solves multiple criteria problems by introducing a preference
function that transforms the value of alternatives measured against a single
criterion into a preference scale between zero and one. Each preference function
is aggregated using an additive weight function. As stated earlier, the decision
makers must determine the type of preference function and the weight
coefficients for that criterion when applying PROMETHEE II, which are not
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available to the problem to be solved. Besides that, to relate the value function to
the performance profile of combat aircraft and the aggregation of more than one
criteria requires the assistance of expert knowledge.
This section intends to compares the rankings obtained by RBF network in
Chapter seven and by PROMETHEE II in Chapter five, the results are illustrated
as Table 9.4. It is shown that only five alternatives différé slightly in terms of
rankings between the two methods, while the ranking orders of the rest are
identical.
Table 9.4 Comparison of Ranking Order by A N N & PROMETHEE II
Model
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RBF vs. Biplots

Although more than one kind of biplot technique has been developed, the biplot
considered here is referred to as the correlation biplot of PCA, which reduces the
multiple dimensionality to two dimensions using principal component analysis.
Biplot concentrates on the exploring the relationships among variables and
alternatives. A two dimensional graph elucidates relationships constrained by the
complexity of a multiple dimension matrix. As stated above, biplot is too
complex to be interpreted by a non-expert in statistics. The shortcoming is the
focus on local criteria or the comparison of alternatives, rather than on a global
and holistic interpretation. Furthermore, as OHverira et al. (2001) stated, the
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complexity of multi-dimensional interpretation is replaced by the knowledge
required to interpret the statistical implications when employing the PCA biplot
analysis.
Most statistics analysis software packages include the biplot analysis module, such
as SA.S or S-PLUS, although their functions are not limited to that. S-PLUS was
employed in this study. Decision Dab 2000 is software designed specifically for
biplot analysis, applying the GAIA method and the PROMETHEE II method.
Both S-PLUS and Decision Lab 2000 are used for comparison. Restricted by the
nature of PCA approximation, the biplot analysis is rarely 100% accurate, as most
biplot techniques use the first two principal components to represent a high-rank
matrix. However, all the percentage of variance explained in the problem of
combat aircraft selection exceeds the threshold of 70% and are described as good
representation.
The biplot analyses in Chapter five are implemented in two parts, which consist
of the training site with effectiveness and the full list without effectiveness. To
highlight the complementary characteristics between biplot and RBF network
analysis, this section adds the third scenario, the fuU list with effectiveness
predicted by the ANN, which is shown in Figure 9.4 (a), and Figure 5.5 is
duplicated as Fig. 9.4 (b) for the easiness of comparison. As shown in Figure 9.4,
the percentage of representation is slightly higher when the effectiveness is
included as another criteria and is located above aU other criteria. Fig. 9.4(a) is like
the mirror image of Fig. 9.4(b) while relative relations of alternatives and criteria
of the two figures are almost identical. As biplot analysis intends to explore the
relationships among alternatives and criteria, and RBF focuses on the holistic
effectiveness of multiple criteria, these two methods are not compared in terms
of the ranking orders, instead, the complementary nature of biplot and RBF
network is demonstrated once more.
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(a) Full list Biplots with RBF Effectiveness
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Figure 9.4 Biplot Analysis of RBF Prediction
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80.9%

9.6

RBF vs. MLP

In Chapter six, Table 6.3 and Figure 6.19 have summarised the effectiveness
predicted by the traditional ANN, MLP. As the two plotted lines obtained by
networks with only one neuron in Figure 6.19 are obvious not successful for the
lack of generalisation capability, only the three results obtained by three multi
layer neural networks are kept to compared the result from RBF and are
summarised as Table 9.5 and Fig. 9.5. As illustrated in Figure 9.5, the results of
RBF and MLP networks converge for the aircraft in the training site, but diverge
for those in the prediction site. The plots of the three MLP predictions are
divergent with that of RBF in the prediction site, which shows the difference
between two methods. As explained earlier, the large deviation makes MLP
inferior to RBF when the consistency of precicting tool is concerned by decision
analysts.
Table 9.5 Effectiveness Predicted by RBF and MLP Networks
Models

T i m T i ^ J T i T i o o o o o T i

«

S

w

3

’

« r o l | - D ‘

O o m j 5 - o

3

o

0

>

| g l o i o » i b S
c

o

Ranking
Methods

RBF

0.21

0 .8 2

0 .6 0

0 .5 0

0.21

0.91

1

0

0 .5 6

0 .1 9

0.91

0 .9 0

0.66 0 .5 8 0 .5 7

0.31

MLP
(4X1)

0.21

0 .8 2

0 .6 0

0 .5 2

0.22 0.91

1

0

0 .6 4

0 .0 7

0.91

0.91

0 .8 4

0 .2 5

0 .4 4

0 .4 7

MLP
(10X1)

0.20 0 .8 2 0 .5 8 0 .5 2 0.20 0.91

1

0

0 .6 4

0 .0 4

0.91

0 .9 2

0.86

0.21

0 .4 4

0 .4 9

MLP
(4X2X1)

0.21

1

0

0 .6 0

0 .0 8

0.91

0 .9 0

0 .8 0

0 .3 2

0 .4 4

0 .4 7

0 .8 2

0 .6 0

0 .5 2

0.22 0.91

224

C o m p ariso n of MLP and RBF Predictions
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Figure 9.5 Comparison of RBF and MLP Prediction Plots
9.7

Comparative Analysis

WTiilc the comparison of RBF with other methodologies in pairs have been
implemented in previous sections, this section aims to compare the
methodologies according to Cihapter four, five, six, and seven. The evaluation of
alternatives in the training site for the problem of combat aircraft selection will be
used to verib" the coherence of different methodologies. The prediction of
alternatives in the full list will be used to jusdb,' the forecasting capabilit}' of
different methods. I ’he consistency of each method will be used to compare their
reliability
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9.7.1

Ttaining-Site Comparison

Training site is the alternatives whose numerical values of operational
effectiveness are known. These effectiveness are the only normative values
available to test the prediction of potential MCDM methodologies. For the sake
of comparison, the cardinal information have been converted to ordinal values as
summarised in Table 9.6, and plotted as Fig. 9.6. It is revealed that in the original
BAE simulation of the operational effectiveness, F-16C and F-18C have the
ranking orders while their attributes are different. This has put a challenge to the
traditional MCDM methodologies. RBF was the only method predicting the same
information with the BAe values, while AHP and PROMETHEE II only differ
at these two alternatives.
Table 9.6 Ranking Orders of Alternatives in the Training Site
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Figure 9.6 Ranking Plots of Alternatives in the Training Site
9.7.2

FuU-Iist Comparison

'Fable 9.7 compares the rankings detennined by each method with the full list of
data to discover the variation among ranking orders. The results of MLR are
completely out of order. Fhe alternative aircraft are ordered from top to bottom
to illustrate differences between these results, which are presented from left to
right as in Fig. 9.7. Fhe ANN is used to represent the result of 1TBF in Fig. 9.7, as
another ANN approach, the MLP network has been disqualified for its large
de\iation in each prediction.
To focus on the valid data sets and determine divergence or convergence of
methodologies. Fig. 9.7 is rearranged by omitting the M3.R results as in Fig. 9.8.
Synchronised results of orders obtained by all four methodologies concerning the
top two and bottom three alternatives is presented, wliile the track of Su-27’s
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ranking orders take a zigzag route from different methods, and the three novel
aircraft, F-22X, F-22Y, and F22Z are different for the first three methodologies
(ANN, AHP, PROMETHEE II), probably because of nonlinear relationships
among variables. Additionally, EF-2000, Rafale, and Mirage-2000 differ slightly
for the fifst two methodologies (ANN, AHP), but in a way believed to represents
acceptable inconsistency. Finally, the ranks of seven aircraft marked within a red
dashed circle are shifted in the same way for the last two (PROMETHEE II and
UTA) methodologies, implying an institutional bias between PROMETHEE II
and UTA, which could happen when different evaluation schemes are applied.
Table 9.7 Ranking Orders of Alternatives in the Full List
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9.7.3

Methodology Profiles

Most well-developed methodologies are associated with a scheme to verify their
results, such as the cousistency ratio of AHP, the percentage representing
variance for biplot, is called delta value for G AI A and Kenda/ds coefficient for
UTA, as described in preceding chapters. Three ways exist to verify the result of
ANN, wliich is 100% accurate when comparing an alternative’s training values
with its predicted values; 95% in cross-validation, and

8 6

% when comparing the

predicted value with a nomiative value. Therefore, the question that how
decision-makers expect a prediction mechanism to perform arises. In a further
analysis, a simple survey was undertaken at a conference"^^ where decision-making
T he 10''’ Nutioiial Symposium on I )eiense M anagem ent,, 7''’ |u n e, 2002, Taipei, R( )(]
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practitioners were asked to state acceptable percentage accuracy for a predictive
methodology. Out of the 22 interviewees, ten stated 90%, six people stated 80%,
four 95%, one 70%, and one 60%. These results are consistent with the findings
of a personal interview with an operational analyst who suggested 95% is perfect
and 90% good enough.
ANN treats a multi-criteria attribute as a vector to calculate the distance between
alternatives, enabling it to gain a holistic view without losing the contribution of
other variables. Although ANN yielded a satisfactory result in this work, the
result strongly depends on the availability of data. The result would not have been
completed without using the scores from the previous computer simulation
implemented by BAe. Although other researchers have used subjective cardinal
data instead for ANN approximation, it is perceived as the duplication of an
imprecise result, and doesn’t guarantee to outperform the result of UTA. Most
importantly, it loses connection with exchange ratio interpretation and hence not
applicable to operational analysis.
UTA employs an approach that differs from other MCDM methodologies. It
employs linear programming to model decision makers’ preference profiles by
approximating relationships among attributes of multiple criteria and subjective
rankings. The logic is very similar to that of the ANN approach, except to its
linear characteristics, which might explain the institutional shift from the results
obtained by other MCDM methodologies. As explained above, this study
searches for the methodology that can predict alternatives’ true value, instead of
ranking order, which could not be achieved by UTA. The result of applying AHP
to the training site of the data set has shown consistent with the rankings
determined by operational effectiveness obtained by the computer simulation of
BAe, but with differences for unforeseen alternatives. The potential optimality
analysis showed the dominating characteristics of most alternatives, and that the
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effects of changing weighting coefficients are insignificant. AHP has long been
applied by the ROC Ministry of National Defense (MND) to evaluate alternative
systems when defence investment is to be determined. A senior systems analyst in
the ROC Army stated in interview, “A.HP has been long employed by the Army and is
regarded as a transparent and easily understood process; as to its accuracy, it is not that
important anymori’’’^ . In the National Defense Management College, approximately

50% of smdents employ AHP, while others use statistics, SWOT (Strength,
Weakness, Opportunity, and Threat) Analysis, Logical Trees and Decision
Trees.^^
Multiple linear regression (MLR) analysis is a traditional approach to aggregating
multiple variables as a single variable; however, the addition of speed and weight
results an unknown variable. Chapter five demonstrated its inapplicability to
selecting aircraft as MLR derives some negative effectiveness. In contrast to
methods that combine several variables as one, a heuristic approach that employs

only one reason (criteria) frequently outperforms the traditional multiple-variable
approaches, including multiple regression and nearly as well as a sophisticated
Bayesian approach (Todd & Gigerenzer, 1999). An explanatory case is that of
diagnosing heart attacks: no more than three Yes/No questions are asked in a
simple and frugal strategy (ibid). Simple heuristics have acmaUy been applied in
the ROC Air Force. The two-stage aircraft selection process described in Section
1

. , of which the first stage is to assess an aircraft’s operational effectiveness
2

against a list of criteria one at a time is applied rather than of aggregating all the
variables into one, as in the earlier part of this dissertation. One of the remaining
challenges of simple heuristics is the selection of heuristics (ibid).

Interview with Major Chang, Cheng-der, Systems Analysis G ro u p , R O C A rm y
Private discussion with M r C heng, W en-bin, the lecture o f the N ational D efense M anage College, in the
Systems Analysis C onference, held in Taipei,

July
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Promethee II aggregates several criteria by establishing preferenceJunctions of each
single criterion and their weights to evaluate alternatives. Without knowing the
weight of each single criterion, the various multiple criteria are treated equally and
summed. For problems with unknown preference functions and weights, the
solution wiU inevitably yield unexplainable values. Moreover, the values obtained
form PROMETHEE II are only ordinal rankings of alternatives, and do not have
any physical meaning.
‘Bi’plot is named as it can simultaneously represent information of variables and
alternatives. This feature is enabled by the PCA techniques that approximate
multi-dimensional information in a two-dimensional graph. Biplot analysis is
exploratory rather than confirmatory, and has been claimed to be able to reveal
information that has been ignored owing to its complexity (Gabriel, 1971). As
shown in Fig. 5.5, the overlapping of criteria max. speed and

of aircraft shows

that they are highly correlated, which was not revealed in previous correlation
analyses. The drawback of the biplot is the replacement of data complexity with
statistical interpreting difficulty.
Table 9.7 shows that only the RBF network could predict the identical results
compliant to the original ranking order of BAe computer simulation. The
capability to evaluate two alternatives with different performance and output the
same ranking results has revealed the distinct characteristics of RBF. For this
specific combat aircraft selection problem, RBF of ANN has shown its
superiority. As to the practical situation, ANN might face the constraint of data
availability, and not be the best option. As explained previously, different
methodology was developed under a particular situation, finding the most
appropriate methodology needs to take into account of the problem setting.
Table 9.8 summarises their strength and weakness when applied to the combat
aircraft selection problem.
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Table 9.8 Summary of Methodologies
Categories

Methodology

Strength

Algorithms

Weakness

Methods

ANN

RBF

Effectiveness^ =

+ X

1=1

(Cardinal)
AHP

({)(«) =

Pairwise
comparison
Eigenvalues
&

Precise figure Not applicable
of value can when
holistic
be predicted. score in not
available.
Systematically Difficult
to
overall goal decide weight of
decomposing. criteria.

E ffe c tiv e n e ss, = W eig h t j x A ttrib u te j

eigenvectors
(Ordinal)
UTA

Linear
Programming

u(g)=^PiUi[gi)
i~1

(Ordinal)

MLR

MLR

Effectiveness=
= 4 .1 6 9 7 5

(Ordinal)

PRO 
M ETHEE
II

+ 1 .2 5 0 7 0

X PCS

+ 0 .0 0 0 0 2

X S iz e

- 0 .0 3 6 7 4

X W /S

+ 1 .7 0 9 9 4

X T /W

+ 0 .0 1 7 5 9

X M ax A o A

- 1 .9 2 0 7 6

X M ax S p eed

Ordinal
Linear
Regression

Capturing
decision
makers’
preference
scheme.

Unable to cope
with the nonlinearity
of
weapon systems.

Classical
regression
analysis
method.

Inapplicable to
solve nonlinear
weapon system
problems.

User-friendly Difficult
to
software
assign
weight
tools.
criteria
to
nonlinear
systems.

(Ordinal)

234

9.8

Summaty

This chapter has compared the process and results of traditional MCDM
methodologies with those of the proposed ANN approach applied to the
problem of combat aircraft selection. RBF is distinguished from other multiple
criteria methodologies by the neural net algorithms decomposed as operations of
vectors that are multi-dimensional and transform nonlinear problems into linear
problems. The results of RBF has been validated through both correspondence
and coherence criteria. Although it inevitably yields some unexplained factors, it
is a unique and economical approach to obtain the cardinal information of wepon
systems in light of the time and cost it requires.
Biplot was formerly developed by Gabriel (1971) to determine reveal the
relationships among variables of a large data set, the biplot and GALA, analyses
have verified the assumption before the ANN is employed to the combat aircraft
selection problem. These visual interactive tools has played an important role
when trying to untangle the relations among alternatives and criteria. As
correlation analysis has illustrated a significant correlation between two of the
criteria, it has been revealed from the biplot anslysis for the relations between
these two criteria. On the other hand, the correlation between criteria also
reveales the need for the ANN approach that can capture and model the
nonlinear relations between system input and output. UTA was proved to be
capable of evaluating alternatives with interrelated criteria and AHP needs the
criteria to be independent. These explain the phenomenon of an institutional shift
between the ranking orders of UTA and AHP. Although UTA is claimed to be
able to solve the interrelated criteria, and very close to logic of ANN input-out
approach, the nonlinear relationships between the parameters and effectiveness
of combat aircraft have shown the advantage of ANN approaches.
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RBF and other traditional MCDM methodologies have been compared in the
frameworks of both the training site and full list, the capability of RBF to
represent two alternatives consisting of conflicting attributes with the same
ranking orders has already shown the distinctive feature of ANN. The consistent
and reliable characteristics of RBF has shown its potential in solving problems of
complex weapon systems evaluation with little information available. The ANN
approach is not without shortcoming, as the data needed to train the networks
might not always be available, in which case the subjective rankings have to be
sonsidered, as implemented in other smdy (Stam el al., 1996). However, in such a
case, any traditional MCDM methodologies could yield profound results and the
application of ANN is to be justified.
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CHAPTER 10
CONCLUDING REMARKS

The acquisition environment has shifted from an earlier focus on systems
development to a focus on systems procurement in the Republic of China.
Combat aircraft have been evaluated using quantified operational effectiveness,
which is the probability of winning an enemy counterpart. Conventional MCDM
methodologies exhibit the intrinsic problem in handling systems’ complexities
when they are applied to selecting weapon systems. Such problems are intensified
by technologies that are claimed capable of expanding effectiveness of systems
exponentially. Furthermore, the weights of criteria and the profiles of the value
functions must be known in advance, when applying most traditional MCDM
methods, but are frequently unavailable for the alternatives already in the market.
Even though some methods can approximate a value function using linear
algebra or statistical tools such as Principal Component Analysis (PCA), the best
results obtainable are ordinal rankings of available alternatives. However, in the
problem of aircraft selection, the aim is not to prioritise alternatives, but to
determine the score for value of unforeseen alternatives, which motivates the
development of a scheme that can learn from available information to predict
unforeseen alternatives. This dissertation argues that the methodologies of
designing an aircraft is different from that of selecting an aircraft, and the
multicriteria decision issues involved in weapon systems alternatives is different
from that of social science. The development of ANN has offered a mechanism
that choose complex systems by a simple way, and successfully built ANN model
can be continually utilised to evaluate any alternative that may appear in the
future. This potential represents an improvement over the traditional altemative-
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focused MCDM methodology, which requires that the process of pairwise
comparison have to be re-implemented when a new alternative is to be evaluated
and creates the opportunities for inconsistencies.
The rest of this chapter is organised as follows. Section 10.1 reviews the motive
to conduct this study. Section 10.2 summarises the comparison of the
methodologies employed to the problems of combat aircraft selection. Section
10.3 highlights the importance of domain knowledge employed to implement
artificial neural network modelling. Section 10.4 summarises the process and
results of the traditional MLP network. Section 10.5 reviews the success of RBF
modelling in the problem of combat aircraft selection. Section 10.6 highlights the
axioms to compare alternative weapon systems by their operational effectiveness.
Section 10.7 reiterates the utility of constructing the effectiveness prediction
model. Section 10.8 summarises the perspectives of suitability and acceptability of
the proposed model. Section 10.9 underlines the contribution of this study.
Section 10.10 describes the limitation of artificial neural network modelling and
recommends the fields of further research.
10.1 Research Review
Decision-making for investment decisions often involves the evaluation of a
finite set of alternatives according to multiple criteria. Traditional MCDM
methodologies have been developed to prioritise available alternatives according
to their attributes. On the other hand, systems engineering disciplines have been
developed to seek for attributes that can maximise the overall performance of
weapon systems. Although AHP is claimed to be able to decompose complex
relationships by systematic pairwise comparison, the inconsistency of human
judgement involved in the methodologies and the complex system behaviour
make it unable to approximate the original effectiveness function.
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Objectives and attnbutes are criteria used in two different decision scenarios - for
example, value-focused and alternative-focused decision-making. Objectives and
attributes are not supposed to be evaluated against the same criteria in MCDM as
in the publications of Hwang & Yoon (1981) and Poh (1998). Moreover, the
differential or integral relationships among objectives and attributes of combat
aircraft are too complex to be elucidated by traditional MCDM methodologies.
Despite recent changes in global weapon systems acquisition practices, the
effectiveness of traditional design-oriented systems engineering can still be used
in a selection-based approach when ANN modeling is employed. The results of
this work have not only resolved some acquisition issues of the Republic of
China, but also offered a means of implementing value-focused thinking (VFT) in
MCDM methodologies using performance-based or effect-based weapons
acquisition practices.
10.2 Comparative Analysis
The attributes and effectiveness information were analysed before being used in
decision-making. Correlation analysis reveals a significant correlation between
two variables, presented in biplot graph because the two variables are both to be
niinirnised. The biplot graph even shows the near overlapping of another two
variables, verifying that the absence of a linear relationship does not guarantee
that no non-linear relationship exists. The results in the biplot plane complement
the analysis of ANN for some relationships between criteria and holistic
effectiveness, including for example, the effect of size against effectiveness.
Although size is typically treated as a criterion to maximise, some question
remains that the larger aircraft has a larger RCS and hence a lower survivability.
The assumption of RCS and wing loading is verified by the biplot analysis.
Although biplot can determine information concerning alternatives and criteria
that were previously neglected, the biplot constitutes an exploratory rather than
confirmatory methodology.
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PROMETHEE assumes a preference function for each criterion and aggregates
several criteria by weighted sum of preference functions. The difficulty is the
unavailability of the information of weights of criteria. In the case study solved by
PROMETHEE, knowledge determines aU the preference functions, and the
weights of each criterion are treated equally. This equal treatment is not applied to
an engineering system, and inevitably introduces unexplained inaccuracy. The
ROC Ministry of National Defence has employed AHP for a long time, due to its
systematic decomposing/aggregating hierarchy. Both AHP and PROMETHEE
obtained an almost consistent ranking order of effectiveness for the alternatives
at the training site. The Potential Optimality analysis to the AHP reveals the
dominance characteristic of alternatives, and thus the insensitivity to changing the
weights of the criteria. In contrast, the sensitivity analysis applied by the RBF
determines the profile of output variation with changes in attributes rather than
criteria weights. As explained earlier, the weights of criteria used to evaluate
alternatives are intrinsic properties of weapon systems and do not change with
the preference profile of decision-makers. O f all the MCDM methodologies,
UTA has a similar logic to the proposed ANN; both assume the existence of
relationships between alternatives’ attributes and their output values, while UTA
approximates the ordinal ranking of alternatives, and RBF approximates the
effectiveness. However, UTA has shown an institutional difference from other
linear MCDM methodologies.
All the surveyed MCDM methodologies generated only information concerning
rankings, which are scores of relative importance among alternatives. The
rankings change as soon as new alternatives are included. In analysing combat
aircraft, information that an alternative is better or worse than another does not
suffice, the real question concerns how good or bad an alternative is, and ANN is
the only methodology that can yield such kind of information.
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10.3 Domain of Expert Knowledge
Domain knowledge is essential to the success of model construction. The
selection of valid data is the key element in the successful implementation of
ANN since ANN captures information from data. Moreover, selecting input and
output components and the architecture impacts the efficiency of network
learning. In contrast to the use of ANN elsewhere, the largest challenge in
implementing ANN in combat aircraft selection is the little amount of sample
data required. Although there are relatively large number been constructed to date,
the amount of aircraft with known operational effectiveness, which is the
probability of winning Su-27 is rare. Fortunately, literature on engineering design
and development has supported the selection of a few critical criteria, and the
operational effectiveness of modem aircraft has been generated by the computer
simulation of BAe. Finally, the development of RBF neural nets has helped to
reduce the number of degrees of freedom, and yield a set of reliable results.
RBF algorithms for processing multiple criteria data as vectors have established
the difference between multiple regression analysis methodology, which
aggregates multiple variables into one variable, and shows its promising feature of
holistic final score. Although a preliminary correlation analysis shows that two
criteria are significantly related, the biplot analysis indicates that the other two
criteria are strongly correlated. Although the parallel analyses of solutions using
other MCDM methodologies did not yield the same results as RBF, varied
consistently, and are beheved to be the unexplained bias. However, RBF is the
only methodology that can yield numerical operational effectiveness, which is the
probability of winning Su-27 combat aircraft.
10.4 ModeUing Using Multi-Layer Perceptrons (MLP)
Selecting an ANN topology is an ad hoc process, which depends on the data and
the expected performance in individual cases. The preliminary ANN topology
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used to retrieve the input-output pattern between combat aircraft’s performance
and effectiveness in this dissertation is conventional multi-layer perceptrons
(MLP) owing to its hierarchical multi-layer structure resembling the structure of a
complex weapon system.
However, the simulations in Chapter six revealed the limitations of applying MLP
to a problem with few of data. The inconsistent network prediction showed that
the network developed was unsteady, and was only stabilised when the network
stmcture was simplified. However, the network’s capacity for generalisation was
so poor that it could not learn to predict the data for training. The network clearly
suffered from under-determination rather than the over-determination problem
faced by other applications.
MLP is the original form of ANN and a powerfiil methodology to perform a
global search of a decision space. The global search scheme can easüy become
trapped at a local minimum. The problem, frequently encountered in other
studies, is that the amount of data greatly exceeds the number of degrees of
freedom. The problem of over-training has also often been proposed as
generating misleading results. The methods proposed to improve the learning
capacity of MLP, including those involving modular neural networks (MNN) and
enhancing training data, cannot be applied in this study because of the lack of
available data and the impossibility of obtaining more data. Alternatively, a simple
and straightforward strategy is to take the mean of different networks’ outputs
when inconsistencies are found among them, producing a type of hybrid network
algorithm. However, the simulation results show that the standard deviations are
huge and the mean values might not be acceptable to decision-makers. An ANN
topology with few degrees of freedom must be explored to solve with limited
data.
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10.5 Modelling Using Radial-Basis Function (RBF) Network
The radial-basis function (RBF) network uses a different learning algorithm from
the MLP network. Instead of the gradient approximation with random weight in
the space of MLP, RBF starts with the distance between all inputs that are treated
as the weights or ‘centres’. The first stage of learning process is to calculate the
Gaussisn transformation of Euclidean (vector) distance between inputs and
weights (centres) for each alternative, which is approved for its régularisation in
the theory of radial basis function. The second stage of learning process is to
obtain the coefficients for each alternative by least mean square method. The first
stage of learning shows how RBF transforms multi-dimensional data into single
dimensional data. The greatest advantage of RBF is that the input-output
mapping is smooth, and a similar input should yield a similar output. The
regularised approximation functions make the originally ill-posed surface smooth
and enable it to be reconstructed using a finite (scattered) data set. The RBF
network has not been widely applied because of high computing costs; however,
it works well for the problems that involve few data, as in this smdy.
The training results in Chapter seven presents a plausible input-output pattern of
combat aircraft parameters and effectiveness, approximated using the RBF
network. The parameters include radar cross-section (RCS), size (Area), wing
loading, thrust-to-weight ratio (T/W), maximum angle of attack (AoA) and
maximum speed (Mach). The aircraft used for network training were aU multi
role aircraft. All decision analyses of weapon systems acquisition involve several
criteria. Each aircraft has advantages and disadvantages.
The predicted results were both intuitively reasonable and verified by crossvalidation. The network modeling developed in Chapter seven differs slightly
from that two sets of artificial data were added to standard RBF network to
increase the efficiency of training the network. The selection of the parameters is
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also justified by training using redundant parameters, which deviate within an
acceptable range.
10.6 Apptoximating the Effectiveness of Combat Aircraft
The RBF network has demonstrated the advantages of applying operational
effectiveness to weapon systems acquisition and of approximating the
effectiveness of combat aircraft. The smooth input-output function of the RBF
network makes it applicable to problems with limited data. The feature of surface
interpolation has ensured the efficiency of learning of the RBF network.
Although the number of available data sets is quite small, the aircraft data used to
train neural networks include a broad range of technologies, from conventional to
state-of-the-art. The spectrum of technological features enables a successful RBF
network modelling.
This research illustrates the application of ANN to predicting the effectiveness of
fighter aircraft with similar roles. The trained network can thus predict the
effectiveness of fighter aircraft in an original combat simulation. For missions
very different from the one originally considered, different target values are
required. The consideration of aircraft effectiveness this research differs from the
application of ANN to MCDM methodologies by other researchers, as discussed
in Section 6.4 (including for example, Malakooti & Zhou, 1994; Stam et al, 1996).
In these other works, MLPs were used to capture decision-makers’ preferences
after interviewing decision-makers or capturing AHP preferences by MLP
modelling.
The original combat simulations that determined the effectiveness in this study
involved beyond visual range (BVR) air combat. This effectiveness represents the
probability of a given aircraft winning against Su-27 (or Su-35) equipped with
missiles equivalent to advanced medium-range air-to-air missües (AMRAAM)
(LoreU et aL, 1995). The effectiveness, predicted by the RBF network, of the ROC
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Air Force’s indigenous fighter, Ching-kuo was around 0.19. The exchange ratio
inferred by this effectiveness was 1:4.26. This is the first time that the
effectiveness of the Ching-kuo against the Su-27 has been given as an exchange
ratio, although it was perceived that the Ching-kuo might underperform the Su27 in an air combat. This simulation also determined the effectiveness of the
Mirage2000/5. That aircraft is also among the ROC Air Force’s main fighter
aircraft. Its simulated effectiveness was 0.31, implying an exchange ratio of 1:2.23.
10.7 Feasibility Study of Future Fighter Aircraft
An ANN has revealed the effectiveness of the ROC Air Force’s indigenous
fighter, as employed in the combat simulation by BAe in 1993. The result is
intuitive, and validated. This measure of effectiveness is invaluable for both
strategic evaluation and procurement planning in the ROC Air Force.
The building of an ANN model has also involved a novel effectiveness surface, in
which the potential for an increase in effectiveness is indicated using key
performance parameters. The original finite decision space has been expanded to
a continuous decision space. The potential increase in the effectiveness of the
Ching-kuo was revealed through technological forecasting, representing very
useful information for planning ROC Air Force’s future combat aircraft
acquisition (Yarm, 2001). Effectiveness defined here is the probability of a fighter
aircraft’s succeeding on a specific mission, or restated, the operational
effectiveness or the top-level MOE in the system requirement pyramid. This
feature has enabled some preliminary cost forecasting for future upgrading.
An effectiveness surface is constructed to illustrate the variation of effectiveness
with both thrust-to-weight ratio and radar cross-section. The effectiveness of the
Ching-kuo has potential for improvement to 0.56 (inferring an exchange ratio of
1.27:1) if its thrust-to-weight ratio can be upgraded to the level of the F-22.
Adding some stealth technology could further increase its effectiveness. Such an
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improvement represents a conventional upgrade option for the Ching-kuo. A
new design, based on the Ching-kuo but with improved aerodynamic
performance and engine power, and stealth to the level of the F-22, could have
an effectiveness of 0.71 (with an inferred exchange ratio of 2.45:1). Such an
upgrade is the non-conventional option.
10.8 Acceptability of Prediction Methodologies
According to the ANN approximation, RBF has outperformed MLP in obtaining
consistent results concerning alternatives at the training site, and in solving the
problem in the case study. ANN aims to predict virtual alternatives, and
validating the predicted results is difficult. Cross-validation is suggested to verify
the predicted results: the cross-validation reached a 95% confidence in the case
study. ANN simulation includes an embedded verification loop, in which the
effectiveness of the threat aircraft, Su-27 is 0.5, while the RBF result is 0.57,
representing an accuracy of

8 6

%. The results of RBF satisfy both correspondence

and consistency criteria.
AHP has been employed for a relatively long time in the ROC defence decision
analysis. Familiarity with this methodology has made it more acceptable to the
decision analysts than other methodologies, and the reliability of the methodology
has not been paid attention. In contrast, senior pilots have strongly objected to
this methodology, since they do not believe that the weights of criteria can be
“guessed”. The correcmess of AHP can be checked using a consistency ratio, and
a similar scheme can be used to check other methodologies. Recall that all the
methods are ‘approximating mechanisms’, and include certain unexplained
factors. A coherent method does not guarantee correspondence, ANN has
satisfies both correspondence and coherence criteria.
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10.9 Contributions
This dissertation argues that the selection of combat aircraft is different from the
optimisation techniques employed in the design-oriented systems engineering
problem, or the social-political problems solved by traditional MCDM
methodologies. The distinction between systems acquired by commercial-off-theshelf (COTS) procurement and traditional systems engineering disciplines has
gained consensus of BahiU & Briggs (2001). The exploration of complex
relationships among criteria of combat aircraft has been used to demonstrate the
inaccuracies of applying traditional MCDM problems such as AHP in solving
problem of combat aircraft. Keeney (1992) has proposed the strategy of solving
MCDM by focusing on value, which is consistent to systems engineering concept;
however, the lack of implementation methodologies make it difficult to apply.
The discovery of RBF network offers a mechanism to solve MCDM problems in
the field of systems engineering. Approximating mapping functions without the
need to know the parametric coefficients has been proposed to cope with the
complex relationships among the conflicting criteria when evaluate weapon
systems.
This dissertation establishes an RBF model to evaluate combat aircraft, a typical
example of complex weapon systems, which was not possible by traditional MLP
networks. RBF is presented especially to solve problems with very few data,
which cannot be statistically interpreted and validated. The proposed approach is
a neural net scheme that can predict a weapon system’s effectiveness in the
context of operational analysis, which can reduce the bias of human judgement.
Uncertain inter-criteria relationships have been elucidated by a case study of the
ROC Air Force and simulated by Matlab programmes. A successfully built model
can not only be used to judge currently available weapon systems in the market,
but can also be applied to economically and reliably justify the concept aircraft in
the early stage of investment decision.
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The comparisons with traditional MCDM methodologies have strengthened
coherence and consistency of RBF results. The evaluation model is expanded as a
forecasting model and can be immediately applied to the force planning of the
ROC Air Force. It is expected to be applied to other weapon systems evaluation
in the future. Among other MCDM methodologies, UTA involves a nearly
identical logic to this study, except that the outputs of UTA are the ordinal
rankings of alternatives and RBF are cardinal operational effectiveness. The
biplot shows the correlation between two criteria (RCS and wing loading): both
criteria are to be maximised, which verifies the issues assumed in ANN modelling.
This dissertation has identified the features of weapon systems acquisition and
potential architectures of artificial neural network to be used in assisting the
decision analysis of this kind. According to Col. Dong, Chi-Chen, Director of the
C ISR Planning Centre of the ROC Army, the proposed methodology is
4

promising: “Tbe evaluation of the effectiveness of weapon ^sterns involves multiple uncertainties
because of their complexity. Implementing an evaluation process using parallel algorithms of
artificial neural networks to assist in multiple criteria decision-making should be workable.
When the model is built and verified, it will be extremely beneficialfor thefuture weapon y stems
analysis and worthy offurther exploratiorl\

10.10 Limitations and Future Studies
The forecasting of effectiveness using an ANN model demonstrates the potential
for effective prediction. However, the key component — effectiveness that
distinguishes ANN approach from other methodologies is also the limiting factor
of ANN applications. ANN modelling is heavily dominated by the availability of
data. In the case study, the effectiveness is taken directly from other research;
problems without sufficient data are not solvable using an ANN.
Furthermore, the network output is constrained to its original setting; in this case,
the effectiveness is defined as ‘the probability of a specific aircraft in winning Su248

27’, which might not always be available. The coherence among alternatives is
also important in this case study, alternative aircraft used for training and
predictions are tighter aircraft of a comparable technological era - 1979
(operational date of the F-16) to 2004 (expected operational date of the F-22).
The ANN will not be able to predict the effectiveness of other types of aircraft
such as bomber aircraft, or aircraft of a completely different technological era.
The success of this simulation depends on three factors - the combat simulation
data (BAe effectiveness data), the already extensive knowledge of aerodynamic
performance in combat (the correlation of parameters with the thrust-to-weight
ratio), and the availability of simulation software (Matlab Neural Network
Toolbox).
This dissertation has used selected aircraft parameters as inputs to model the
effectiveness of the aircraft. Other parameters (for example, radar performance,
air-to-air missile range, and human factors) were not considered due to
unavailability of quantitative data. A remedy for artificial neural networks that
implements network learning by rules in addition to data, could be promising if
further information (such as utility functions) is available. Reliability, availability
and maintainability (RAM) were not considered in this modelling due to a lack of
information. The use of modular neural networks (MNN) formed by
decomposing one network into several smaller networks according to the
characteristics of a problem, represents a promising approach to modeling RAM,
but a simple and powerful network topology is required.
The weighting factors of neural networks are not related to the actual
performance or decision-makers’ preferences. Although RBF can be illustrated
with simple structure and algorithms, it is stiU seen as a black box. The approach
of ANN win become more illustrative and trustable if the connections between
weight of neural nets and weight of multiple criteria can be established.
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Although RBF has successfully predicted effectiveness in this thesis, the
extremely small amount of data has prevented the application of traditional neural
network topologies. The lack of training data has not only limited the
generaHsability of MLP, but also limited possible auxiliary topologies for
networks based on probability or statistical theory. Although MLP did not yield
satisfactory results in this study, its extrapolative power should not be forgotten.
It is an ideal approach to problems where a ‘not smooth’ input-output pattern is
expected. The possibility of combining genetic algorithms (GA) with ANN and
other methodologies suggests that the future application of GA is plausible when
a comprehensive database becomes available. The modelling exercise in this
dissertation was based on predicting the effectiveness of combat aircraft. Its
application should be extendable to include other weapon systems, for example,
the main battle tank (MBT), if critical input-output data are available.
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APPENDIX A
TECHNICAL COMPARISON OF COMBAT AIRCRAFT
(This table is adopted from Lorell et al. 1995)
Parameter

EF-2000

Rafale

Gripen

F-16C/40

F-15E

Maximum weight, lb

46,305

47,400

28,000

42,300

81,000

Design weight,' lb

-33,000

-33,500

-20,000

27,185

-49,000

Empty weight, lb

21,495

19,973

14,600

18,238

32,000

Internal fuel, lb

8,818

9,420

5,000

6,846

13,123

Max. ext. load, lb

14,330

17,637

-10,000

12,000

24,500

7

9

11+

Store stations, no.

13

14

Length

52’4”

50’2”

46'3"

49’4”

63’9”

Span

35T1”

35’9”

277”

31’0”

42T0”

Wing area, sf

538

495

-3 3 0

300

608

Wing loading,- psf

61

68

—61

91

81

Max. thrust, lb

40,460

32,800

18,000

23,770

68,200

T /W

1.23

.98

.90

.87

1.39

g limit

9

9

9

9

9

Max. Angle of attack

33+

32

26

26

>30

Takeoff distance,'* ft

970

1,290

1,290

1,400

1,400

Landing distance, ^ft

1,610

1,290

1,610

2,950

4,250

Maximum speed

M 2.0

M 1.8+

M 2.0

M 2.0+

M 2.5

Note; ""indicates rough guess from available pubHc data.

'E stim ated takeoff weight; norm al air-to-air w eapons; n o external fuel o r conform ai fuel tanks (C FTs)(note
that F -15E is n o t norm ally flown in this configuration).
- Based on estim ated design weight.
3 Ibid.
■' D ata for the U.S. aircraft assum es a standard, windless day o f 60 F at sea level w ith design w eight for takeoff
and 1000 lb rem aining fuel for landing; no external tanks or C F T s, m axim um after throttle; a standard airto-air w eapons load; and 0 percent slope, dry concrete runway conditions. A ssum ptions fo r the E uro p ean
aircraft are unknow n.
5 Ibid.
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A P P E N D IX B
SE N SIT IV IT Y ANALYSIS OR RADIAL BASIS F U N C T IO N W ID T H
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APPENDIX C
MLP PROGRAMME

C.l Programme M-1
%Programme M-1
%Subroutine: (Matlab & Neural Network Toolbox, Version
5.3.1.29215a(Rll.1) September 28, 1999)
%Prediction with MLP Network
%Network structure (6x4x1)
%Prediction of Chingkuo Effectiveness
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:10
net.trainParam.show = 50;
net.trainParam.epochs = 10000;
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing
net = newff(minmax(pn(:,1 :8)) , [4 1] , {'tansig', 'tansig',
'tansig'},'trainIm');
net.trainParam.goal - 0;
%Network Training
net = train(net,p n (:,1: 8) ,tn) ;
%Network Simulation
an = sim(net,pn(:,1 :8)) ;
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
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A (2 ,i ) = a2 ;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3,i) = a3;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A (4,i) = a4;
aSn = sim(net,pn(:,5));
a5 = postmnmx(aSn,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 5 ;
a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A(8,i) = a8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
al0 = postmnmx(alOn,mint,maxt);
A(10,i) = alO;
alln = sim(net,p n (;,11));
all = postmnmx(alIn,mint,maxt);
A(ll,i) = all
al2n = sim(net,p n (:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) - al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,p n (: ,16) );
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
%Average outputs
BB=A'
Mu=mean(BB)
%Calculation of standard deviation
sigma = std(BB)
%Simulation output drawing
plot(A,'*')
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xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
text(1,mean(A (1,1 :i)),{'F18C',num2str(mean(A(l,l:i))) , 'std',num2str(sigma(1)) }, 'FontSiz
e',8)
text(2,mean(A(2,l:i)),{'EF2000' ,num2str(mean(A(2,l:i))),'std',num2str(sigma(2))},'FontSi
ze',8)
text(3,mean(A(3,1 :i)) , {'F15E',num2str(mean(A(3,l:i))),'std', num2str(sigma(3))},'FontSiz
e',8)
text(4,mean(A(4,1 :i)), ('RAFALE',num2str(mean(A (4,1 :i))), 'std',
num2str(sigma(4))},'FontSize',8)
text(5,mean(A(5,1 :i)),{'FI6C',num2str(mean(A(5,l:i))),'std', num2str(sigma(5))},'FontSiz
e',8)
text(6,mean(A(6,1 :i)),{'F22',num2str(mean(A (6,1 :i))), 'std',num2str(sigma(6)) }, 'FontSize
',8)
text(7,mean(A(7,l:i)),('Ceiling', num2str(mean(A(7,l:i))),'std'
,num2str(sigma(7))},'FontSize',8)
text(8,mean(A(8,l:i)),{'Bottom',num2str(mean(A(8,l:i))), 'std',
num2str(sigma(8))},'FontSize',8)
text (9,mean(A(9,l:i)),{'Gripen',num2str(mean(A (9,1 :i))), 'std',
num2str(sigma(9))},'FontSize',8)
text(10,mean(A(10,1 :i)), ('CHINGKUO',num2str(mean (A (10,1 :i))), '
std',num2str(sigma(10)) }, 'F mtSize',8)
text(11,mean(A(ll,l:i)),{'F22X',num2str(mean(A(11,1 :L))), 'std',num2str(sigma(11))},'Fonts
ize',8)
text(12,mean(A(12,l:i)),{'F22Y',num2str(mean(A(12,l:i))),'std', num2str(sigma(12))},'Fonts
ize',8)
text(13,mean(A(13,l:i)),{'F22Z ',num2str(mean(A(13,l:i))),'std',num2str(sigma(13))},'Fonts
ize',8)
text(14,mean(A(14,1 :i)) , ('F18E',num2str(mean(A(14,l:i))),'std', num2str(sigma(14))},'Fonts
ize',8)
text(15,mean(A(15,1 :i)), {'Su27',num2str(mean(A(15,l:i))),'std',num2str(sigma(15))},'FontSi
ze',8)
text (16,mean(A(16,l:i)),{'Mirage',num2str(mean(A(16,l:i))), 'st
d ',num2str(sigma(16))},'FontSize',8)
text(0.01,0.95, ('* : single predict', 'o: Average'})
title({'Aircraft Effectiveness Predicted by MLP
(4x1)','(Inputs: RCS, L*W, W/S, T/W, Max AoA, Max
Speed)'},'FontSize',8)
hold on
%Average output drawing
plot(Mu,'o')
hold off
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C.2 Programme M-2
%Programme M-2
%Subroutine: (Matlab & Neural Network Toolbox, Version
5.3.1.29215a(Rll.1) September 28, 1999)
%Prediction with MLP Network
%Network structure (6x10x1)
%Prediction of Chingkuo Effectiveness
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:10
net.trainParam.show = 50;
net.trainParam.epochs = 10000;
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing
net = newff(minmax(pn(:,1:8)),[10 1],{'t a n s i g t a n s i g ',
'tansig'},'trainIm');
net.trainParam.goal = 0;
%Network Training
net = train(net,pn(:,1 :8),tn) ;
%Network Simulation
an = sim(net,pn(:,1: 8));
a - postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A (2,i) = a2;
a3n = sim(net,p n (:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3, i ) = a 3 ;
a4n = sim(net,p n (:,4));
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a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6,i) = a6;
a7n = sim(net,pn(:,?));
a l = postmnmx(a7n,mint,maxt);
A(7,i) = a l ;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A(8,i) = a8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
al0 = postmnmx(alOn,mint,maxt);
A(10,i) = alO;
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) - al2
al3n = sim(net,p n (:,13));
al3 - postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 - postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
%Average outputs
BB=A'
Mu^mean(BB)
%Calculation of standard deviation
sigma = std(BB)
%Simuiation output drawing
plot(A,'*')
xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
text(1,mean(A(1,1 :8)) ,('E18C',num2str(mean(A(l,l:i))),'std',num2str(sigma(1))},'FontSiz
e',8)
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text(2,mean(A(2,l:i)),{'EF2000 ',num2str(mean(A(2,l:i))), 'std',num2str(sigma(2)) }, 'FontSi
ze',8)
text(3,mean(A (3,1 :i)), {'F15E',num2str(mean(A(3,l:i))),'std', num2str(sigma(3))},'FontSiz
e',8)
text(4,mean(A(4,l:i)),{'RAFALE',num2str(mean(A(4,l:i))),'std',
num2str(sigma(4))},'FontSize',8)
text(5,mean(A(5,1 :i)),{'F16C',num2str(mean(A(5,l:i))),'std',num2str(sigma(5))},'FontSiz
e',8)
text(6,mean(A(6,1 :i)),{'F22',num2str(mean(A(6,l:i))),'std', num2str(sigma(6)) }, 'FontSize
’,8)
text(7,mean(A(7,l:i)),{'Ceiling',num2str(mean(A(7,l:i))),'std'
,num2str(sigma(7))},'FontSize',8)
text(8,mean(A(8,l:i)),{'Bottom',num2str(mean(A(8,l:i))), 'std',
num2str(sigma(8))},'FontSize',8)
text(9,mean(A(9,l:i)),{'Gripen',num2str(mean(A(9,l:i))), 'std',
num2str(sigma(9))},'FontSize',8)
text(10,mean(A(10,l:i)),{'CHINGKUO',num2str(mean(A(10,l:i))),'
std',num2str(sigma(10))},'FontSize',8)
text(11,mean(A(ll,l:i)),('F22X',num2str(mean(A (11,1 :i))) , 'std',num2str(sigma(11) ) }, 'Fonts
ize',8)
text(12,mean(A(l2,l:i)),('F22Y',num2str(mean(A(12,l:i))),'std',num2str(sigma(12))},'Fonts
ize',8)
text(13,mean(A(13,l:i)),{'F22Z',num2str(mean(A(13,1 :l))), 'std',num2str(sigma(13))},'Fonts
ize ',8)
text(14,mean(A(14,l:i)),('F18E',num2str(mean(A(14,l:i))), 'std', num2str(sigma(14))},'Fonts
ize',8)
text(15,mean(A(15,l:i)),{'Su27',num2str(mean(A(15,l:i))),'std', num2str(sigma(15)) }, 'FontSi
ze',8)
text(16,mean(A(16,l:i)),('Mirage',num2str(mean(A(16,l:i))),'st
d ',num2str(sigma(16))},'FontSize',8)
text(0.01,0.95,{'*: single predict','o: Average'})
title({'Aircraft Effectiveness Predicted by MLP
(10x1) ',' (Inputs: RCS, L*W, W/S, T/W, Max AoA, Max
Speed)'},'FontSize',8)
hold on
%Average output drawing
plot(Mu,'o')
hold off

C.3 Programme M-3
%Programme M-3
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%Subroutine: (Matlab & Neural Network Toolbox, Version
5.3.1.29215a(Rll.1) September 28, 1999)
%Prediction with MLP Network
%Network structure (6x4x2xl)
%Prediction of Chingkuo Effectiveness
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i - 1:10
net.trainParam.show = 50;
net.trainParam.epochs = 10000;
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxpj = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing
net = newff(minmax(pn(:,l:8)),[4 2 !],{'tansig','tansig',
'tansig'},'trainlm');
net.trainParam.goal = 0 ;
%Network Training
net = train(net,p n (:,1 :8),tn);
%Network Simulation
an = sim(net,pn(:,1 :8)) ;
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,!));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn (:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,pn (:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,pn(:,5)) ;
a5 = postmnmx(a5n,mint,maxt);
A (5,i) = a5;
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a6n ^ sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A(6,i) = a6;
a7n = sim(net,pn(:,7))/
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A(8,i)

= a8;

a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
al0 = postmnmx(alOn,mint,maxt);
A(10,i) = alO;
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,p n (:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,p n (:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
%Average outputs
BB=A'
Mu=mean(BB)
%Calculation of standard deviation
sigma = std(BB)
%Simulation output drawing
plot(A,'*')
xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
text(1,mean(A(1,1 :8)) ,( 'F18C',num2str(mean(A(l,l:i))),'std',num2str(sigma(1))},'FontSiz
e',8)

text(2,mean(A(2,l:i)),{'EF2000', num2str(mean(A(2,l:i))),'std',num2str(sigma(2))},'Fontsi
ze',8)
text(3,mean(A (3,1 :i)), { 'F15E',num2str(mean(A(3,l:i))),'std',num2str(sigma(3))},'FontSiz
e',8)
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text(4,mean(A(4,l:i)),{'RAFALE',num2str(mean(A(4,l:i))), 'std',
num2str(sigma(4))},'FontSize',8)
text(5,mean(A (5,1 :i)) , {'F16C',num2str(mean(A(5,l:i))),'std',num2str(sigma(5))},'FontSiz
e',8)

text(6,mean(A(6,1 :i)), {'F22',num2str(mean(A(6,l;i))),'std',num2str(sigma(6))},'FontSize
’,8)
text(7,mean(A(7,l:i)),{'Ceiling',num2str(mean(A(7,l:i))),'std'
,num2str(sigma(7))},'FontSize',8)
text(8,mean(A(8,l:i)),('Bottom',num2str(mean(A(8,1 :i))), 'std',
num2str(sigma(8))},'FontSize',8)
text(9,mean(A(9,l:i)),{'Gripen',num2str(mean(A(9,l:i))),'std',
num2str(sigma(9))},'FontSize',8)
text(10,mean(A(10,l:i)),('CHINGKUO',num2str(mean(A(10,1:1))),'
std',num2str(sigma(10))},'FontSize',8)
text(11,mean(A(ll,l:i)),('F22X',num2str(mean(A(ll,l:i))),'std',num2str(sigma(11))},'Fonts
ize',8)
text(12,mean(A(12,l:i)),('F22Y ',num2str(mean(A(12,1:1))), 'std',num2str(sigma(12))},'Fonts
i z e ',8)

text(13,mean(A(13, 1 :i)) , {'F22Z ',num2str(mean(A(13,l:i))),'std', num2str(sigma(13))},'Fonts
ize',8)
text(14,mean(A(14,1 :i)) , ('F18E ',num2str(mean(A(14,l:i))),'std',num2str(sigma(14))},'Fonts
i z e ' , 8)

text (15,mean(A(15,l:i)),{'Su27',num2str(mean(A(15,1:1))),'std',num2str(sigma(15))},'FontSi
ze',8)

text(16,mean(A(16,l:i)),('Mirage',num2str(mean(A(16,l:i))),'st
d ',num2str(sigma(16))},'FontSize',8)
text(0.01,0.95,{'*: single predict','o: Average'})
title({'Aircraft Effectiveness Predicted by MLP
(4x2x1)',' (Inputs : RCS, L*W, W/S, T/W, Max AoA, Max
Speed)'},'FontSize',8)
hold on
%Average output drawing
plot(Mu,'o')
hold off

C.4 Programme M-4
%Programme M-4
%Subroutine: (Matlab & Neural Network Toolbox, Version
5 . 3 . 1 . 2 9 2 1 5 a (Rll.1) S e p t e m b e r 28, 1999)
%Prediction with MLP Network
%Network structure (6x1)
%Prediction of Chingkuo Effectiveness
%Training by F-18C, E F - 2 0 0 0 , F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
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%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:10
net.trainParam.show = 50;
net.trainParam.epochs = 10000;
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2 2 6 2 . 4 1 8 7 9. 7 0 2 7 3 0 . 4 0 1 7 9 3 . 6 1 5 2 9 . 2 3 2 7 8 7 . 5 4000 1000
1275.58 1318.78 278 7 .5 27 87 .5 0 2 7 8 7 . 5 2 7 0 7. 4 7 34 6 5 .5 8 1440;
98 61 81 68 91 6 9 . 4 50 1 10 61 1 0 3 . 4 6 9 . 4 6 9 . 4 6 9 . 4 94 90 85,
0 . 5 4 1 . 2 3 1 . 3 9 0 . 9 8 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 2 6 60 90 20 26 2 6 60 60 60 60 24 3 0 ;
1 . 8 2.0 2.5 1 . 8 2.0 2.2 2.9 1.0 2 . 0 1.7 2 2 2 . 2 2 2 1.7

2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing
net = newff(minmax(pn(:,1 :8)),[1],{'t a n s i g t a n s i g ',
'tansig'},'trainlm');
net.trainParam.goal = 0 ;
%Network Training
net = train(net,pn(:,1:8) ,tn) ;
%Network Simulation
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt)
aln - sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A (2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3 ,i ) = a 3 ;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 6 ;
a7n = sim(net,p n (:,7));
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a7 ;
a8n = sim(net,p n (:,8));
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a8 = postmnmx(a8n,mint,maxt);
A (8, i ) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A ( 9 , i ) = a9;
alOn = sim(net ,pn (:, 10) )
alO = postmnmx (alOn, mint maxt);
A(10, i) = alO;
alln -- sim (net ,pn (:, 11) )
all = postmnmx (alln, mint maxt);
A(ll, i) = all
a l 2 n = sim(net ,pn (:, 12) )
al2 = postmnmx (al2n, mint maxt);
A( 1 2 , i) = al2
al 3n = sim(net , p n (:, 13) )
al3 = postmnmx (al3n, mint maxt);
A( 1 3 , i) = al3
al 4n = sim(net ,pn (: 14) )
al4 = postmnmx (al 4n mint m a x t ) ;
A(14, i) = al4;
al5n = sim(net ,pn (: 15) )
al5 = postmnmx (al5n mint maxt);
A( 1 5 , i) = al5;
al 6n = sim(net ,pn (: 16) )
al6 = postmnmx (al 6n mint maxt);
A( 1 6 , i) = alb;
end
%Average outputs
BB=A'
Mu=mean(BB)
%Calculation of standard deviation
sigma = std(BB)
%Simulation output drawing
plot(A,'*')
xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
text(1,mean(A(1,1 :8)) ,( 'F18C',num2str(mean(A(l,l:i))),'std',num2str(sigma(1))},'FontSiz

e ',8 )
text(2,mean(A(2,l:i)),('EF2000' ,num2str(mean(A(2,1 :i) )), 'std',num2str(sigma(2)) }, 'FontSi

z e ' , 8)
text(3,mean(A (3,1 :i)), {'F15E',num2str(mean(A(3,l:i))) , 'std', num2str(sigma(3))},'FontSiz

e',8)
text(4,mean(A(4,l:i)),('RAFALE',num2str(mean(A(4,l:i))), 'std',
num2str(sigma(4))},'FontSize',8)
text(5,mean(A (5,1 :i)) , ('F16C',num2str(mean(A(5,l:i))),'std',num2str(sigma(5))},'FontSiz

e',8)
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text(6,mean(A(6,1 :i)), ( 'F22',num2str (mean(A(6,l:i))),'std',num2str(sigma(6)) }, 'FontSize
',8)
text(7,mean(A(7,l:i)),{ 'Ceiling',num2str(mean(A(7,1 :i))), 'std'
,num2str(sigma(7))},'FontSize',8)
text(8,mean (A(8,l:i)),('Bottom',num2str(mean(A(8,l:i))),'std',
num2str(sigma(8))},'FontSize',8)
text(9,mean(A(9,l:i)),('Gripen',num2str(mean(A(9,l:i))),'std',
num2str(sigma(9))},'FontSize',8)
text(10,mean(A(10,l:i)),{'CHINGKUO',num2str(mean(A(10,l:i))),'
std',num2str(sigma(10))},'FontSize',8)
text(11,mean(A(ll,l:i)),{'F22X',num2str(mean(A(ll,l;i))), 'std',num2str(sigma(11))},'Fonts
ize',8)
text(12,mean(A(12,l:i) ), {'F22Y',num2str(mean(A(12,l:i))), 'std', num2str(sigma(12))},'Fonts
ize',8)
text(13,mean(A(13,l:i)),('F22Z',num2str(mean(A(13,l:i))),'std', num2str(sigma(13))},'Fonts
ize',8)
text(14,mean(A(14,1 :i)), ( 'F 18E',num2str(mean(A(14,l:i))),'std', num2str(sigma(14))},'Fonts
ize',8)
text(15,mean(A(15,1 :i)) , ('Su27',num2str(mean(A(15,1 :i))), 'std',num2str(sigma(15)) }, 'FontSi
ze',8)
text(16,mean(A(16,l:i)),{'Mirage',num2str(mean(A(16,l:i))), 'st
d ',num2str(sigma(16))},'FontSize',8)
text(0.01,0.95,{'*: single predict','o: Average'})
title({'Aircraft Effecfivenass Predicted by MLP (1)','(Inputs:
RCS, L*W, W/S, T/W, Max AoA, Max Speed)'},'FontSize',8)
hold on
%Average output drawing
plot(Mu,'o')
hold off
end

C.5 Programme M-5
%Programme M-5
%Subroutine: (Matlab & Neural Network Toolbox, Version
5.3.1.29215a(Rll.1) September 28, 1999)
%Prediction with MLP Network
%Network structure No hidden layer, one output(5x1)
%Prediction of Chingkuo Effectiveness
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 5 parameters: RCS, Size, T/W, Max AoA,
Max Speed
%Running 10 consecutive times to check stability
% Wing Loading factor is excluded (W/S 98 61 81 68 91 69.4 50
110 61 103.4 69.4 69.4 69.4 94 90 85)
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for i = 1:10
net.trainParam.show = 50;
net.trainParam.epochs = 10000;
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2 2 6 2 . 4 1 8 7 9 . 7 0 2 7 3 0 . 4 0 1 7 9 3 . 6 1 5 2 9 . 2 3 2 7 8 7 . 5 4000 1000 1 2 7 5 . 5 8
1 31 8 . 7 8 2 7 8 7 . 5 2 7 8 7 . 5 0 2 7 8 7 . 5 2 7 0 7 . 4 7 3 4 6 5 . 5 8 1440;
0 . 5 4 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 2 6 26 60 60 60 60 24 3 0 ; 1 . 8 2 . 0
2 .5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2 2 1.7 2.35 2 .2 ];

%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0]
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing
net
newf f (minmax (pn (:, 1
), [1], ['tansig', 'tansig',
'tansig'},'trainlm');
net.trainParam.goal = 0 ;
%Network Training
net = train(net,p n (:,1 :8),tn);
%Network Simulation
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,pn (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i) = a 6 ;
a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A(8,i) = a8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
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alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO;
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,p n (:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,p n (:,16));
al6 = postmnmx(al5n,mint,maxt);
A(16,i) - al6;
end
%Average outputs
BB=A'
Mu=mean(BB)
%Caiculation ot standard deviation
sigma = std(BB)
%Simulation output drawing
plot(A,'*')
xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
text(1,mean(A(1,1 :i)),('F18C',num2str(mean(A (1,1 :i))), 'std',num2str(sigma(1)) }, 'FontSiz
e',8)

text(2,mean(A(2,1 :i)) ,{ 'EF2000 ',num2str(mean(A(2,l:i))),'std',num2str(sigma(2))},'FontSi
ze',8)

text(3,mean(A (3,1 :i)) , {'F15E',num2str(mean(A(3,l:i))),'std', num2str(sigma(3))},'FontSiz
e',8)

text(4,mean(A(4,l:i)),('RAFALE',num2str(mean(A(4,l:i))),'std',
num2str(sigma(4))},'FontSize ',8)
text(5,mean(A(5,1 :i)), ('F16C',num2str(mean(A(5,l:i))),'std', num2str(sigma(5))},'FontSiz
e',8)

text(6,mean(A(6,1:!)),{'F22',num2str(mean(A(6,l:i))),'std',num2str(sigma(6))},'FontSize
text(7,mean (A(7,l:i)),{'Cei'ing',num2str(mean(A(7,l:i))),'std'
,num2str(sigma(7))},'FontSize',8)
text(8,mean(A(8,l:i)),('Bottom',num2str(mean(A(8,l:i))),'std',
num2str(sigma(8))},'FontS:/e',8)
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text(9,mean(A(9,l:i)),{'Gripen', num2str(mean(A(9,l:i))), 'std',
num2str(sigma(9))},'FontSize',8)
text(10,mean(A(10,1 :i)), {'CHINGKUO',num2str(mean(A(10,l:i))),'
std',num2str(sigma(10))},'FontSize',8)
text(11,mean(A(ll,l:i)), {'F22X',num2str(mean(A(ll,l;i))),'std',num2str(sigma(11))},'Fonts
ize',8)
text(12,mean(A(12,l:i)),{'F22Y',num2str(mean(A(12,l:i))),'std',num2str(sigma(12))},'Fonts
ize',8)
text(13,mean(A(13,1 :i)) , ('F22Z',num2str(mean(A(13,l:i))),'std',num2str(sigma(13))},'Fonts
ize',8)
text(14,mean(A(14,l:i)),{'F18E',num2str(mean(A(14,l:i))),'std', num2str(sigma(14))},'Fonts
ize',8)
text(15,mean(A(15,l:i)),{'Su27',num2str(mean(A(15,1:1))),'std',num2str(sigma(15))},'FontSi
ze',8)
text(16,mean(A(16,l:i)),{'Mirage',num2str(mean(A(16,l:i))), 'st
d ',num2str(sigma(16))},'Fontsize',8)
text (0 .01,0.95,('* : single predict', 'o: Average'})
hold on
%Average output drawing
plot(Mu,'o')
title(('Aircraft Effectiveness Predicted by MLP (1)','(Inputs:
RCS, L/W, T/W, Max AoA, Max Speed)'},'FontSize',8)
hold off
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A P PE N D IX D
RBF NETW ORK PROGRAM M E

D .l Programme R-1
%Programme R-1
%Subroutine: (Matlab & Neural Network Toolbox
% V e r s i o n 5.3.1.29215a(Rll.1)S e p t e m b e r 28, 1999)
%Prediction with RBF Network
%Network structure 1 hidden layer, 1 output
%Prediction of Chingkuo
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:10
%Input Data; first 8 for training, last 8 to predict
p - [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t - [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing. Training, & Simulation
net = newrb(pn(:,1 :8) ,tn,0,0.01);
an = sim(net,pn(:,1 :8));
a = postmnmx(an,mint,maxt);
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3,i) = a3;
a4n = sim(net,p n (:,4));
a4 = postmnmx(a4n,mint,maxt);
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A(4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A (5,1) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 5 ;
a7n = sim(net,pn(:,?));
a7 = postmnmx(a7n,mint,maxt);
A(7,i) = a l ;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8 ,i ) = a 8 ;
a9n - sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A (9, i ) = a 9 ;
alOn = sim(net,pn(:,10))
al0 = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,pn(;,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,p n (:,12));
al2 - postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn(:,13));
al3 - postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 - postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,p n (:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
figure(1)
%Simulation output drawing
plot(A,'*')
xlabel('Type of Aircraft(1-8 : Training sets, 9-16: Prediction
sets'), ylabel('Effectiveness Predictions'), grid on
text (1,0.21, {'F-I8C',num2str(mean(A(l,l:i)))},'FontSize',7)
text (2,0.82, {'EF-2000',num2str(mean(A(2,l:i)))},'FontSize',7)
text(3,0.60,{'F-15E',num2str(mean(A(3,1:1)))},'FontSize',7)
text (4,0.50, {'RAFALE',num2str(mean(A(4,l:i)))},'FontSize',7)
text(5,0.21, {'F-16C',num2str(mean(A(5,1 :i))) }, 'FontSize',7)
text(6,0.91,{'F-22',num2str(mean(A(6,1:1)))},'FontSize',7)
text (7,1.00, {'Ceiling',num2str(mean(A(7,l:i)))},'FontSize',7)
text (8,0.00, {'Bottom', '0 '}, 'FontSize',7)
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text(9,mean(A(9,l:i)),{'Gripen',num2str(mean(A(9,1 :i))) }, 'Font
Size',7)
text(10,mean(A(10,l:i)),{'CHINGKUO',num2str(mean(A(10,l:i)))},
'FontSize',7)
text(11,mean(A (11,1 :i)), {'F22X',num2str(mean(A(ll,l:i)))},'FontSize',7)
text(12,mean(A(12,l:i) ), {'F22Y',num2str(mean(A(12,l:i)))},'FontSize',7)
text(13,mean(A(13,l:i)),('F22Z',num2str(mean(A(13,l:i)))},'FontSize',7)
text(14,mean(A(14,1 :i)), {'F18E',num2str(mean(A(14,l:i)))},'FontSize',7)
text(15,mean(A(15,l:i)),('Su27',num2str(mean(A(15,l:i)))},'FontSize',7)
text(16,mean(A(16,l:i)),{'Mi rage', '20005',num2str(mean(A(16,l:i)))},'FontSize',7)
title({'RBF Network Predictions, Function Width=0.1',' (Inputs :
RCS, Size, W/S, T/W, Max AoA, Max Speed)'},'FontSize',8)
end
%Regression
%Max Speed Regression analysi
R TWRd :6) =p (4, 1:6) '
RTWR(7:8)= p (4,9:10)'
RTWR(9:10)=p(4,14:15)'
RMACH(1:6)=p (6,1:6)'
RMACH(7:8)=p(6,9:10)'
RMACH(9:10)=p(6,14:15)'
X= [ones(size(RTWR')) RTWR' RTWR'.*2];
a=X\RMACH'
T = (0.5:0.1:1.4)';
NEWMACH=[ones(size(T)) T T.^2]*a;
NEWCK(6,:)=NEWMACH';
figure(2)
subplot(2,1,1)
plot(T,NEWMACH,'-',RTWR,RMACH,'o'),grid on
xlabel('T/W')
ylabel('Max Speed (MACK)')
text(0.87,1.7,'*CHINGKUO')
title ('(a) Max Speed & T/W Regression Analysis')
%Size Regression Analysis
RLW(l:5)=p(2,l:6)';
RLW(7:8)=p(2,9:10) ';
RLW(9:10)= p (2,14 :15) ';
XX= [ones(size(RTWR')) RTWR' RTWR'."2];
aa=XX\RLW'
TT=(0.5:0.1:1.4)';
NEWLW=[ones(size(TT)) TT TT."2]*aa;
NEWCK(2,:)=NEWLW';
subplot(2,1,2)
plot(TT,NEWLW, '-',RTWR,RLW, 'o'),grid on
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xlabel('T/W')
ylabel('Size (Length*Width)')
title ('(b) Size & T/W Regression Analysis')
text(0.87,1318.78,'*CHINGKUO')
NEWCK(4,:)=TT';
for k=l:10
NEWCK(1,k)=p(l, 10) ;
NEWCK(3,k)=p(3,10);
NEWCK(5,k)=p(5,10);
%Normalise New Input data
NEWCKN(1 :6,k)=tramnmx(NEWCK(1: 6,k) ,minp,maxp) ;
%Prediction by New Input Data
NEWCKEFFN(k)=sim(net,NEWCKN(I :6,k) ) ;
NEWCKEFF(k) = postmnmx(NEWCKEFFN(k),mint,maxt);
end
figure(3)
plot (T,NEWCKEFF)
xlabel('T/W')
ylabel ('Effectiveness')
title ({ 'CHINGKUO EFFECTIVENESS GROWTH POTENTIAL', 'Size &
Speed Increased with T/W'})
text (0.87, 0.1867, ''\lef tarrowCurrent^O .1867 ')
text(0.9,NEWCKEFF(5),num2str(NEWCKEFF(5))
text(I.0,NEWCKEFF(6),numSstr(NEWCKEFF(6))
text(1.1,NEWCKEFF(7),num2str(NEWCKEFF(7))
text(1.2,NEWCKEFF(8),num2str(NEWCKEFF(8))
text(1.3,NEWCKEFF(9),num2str(NEWCKEFF(9))
text(1.4,NEWCKEFF(10),num2str(NEWCKEFF(10)))
%****** Potential Effectiveness Growth without Max Speed &
Size increased***
for k=I:20
C(l,k)=p(I,IO)-k*(p(l,10)-min(p(l,:)))/20;
C(2:6,k)=p(2:6,10);
for j=l:20
D(6,j)=C(6,l)+j*(max(p(6, :))-C(6,1))/20;
D(l:5,j)=C(l:5,k);
C n (1: 6,k)=tramnmx(C(1 :6,k),minp,maxp) ;
Can(k)=sim(net,Cn(1 :6,k));
Ca(k,j) = postmnmx(Can(k),mint,maxt);
On (I :6,j)=tramnmx(D(1:6,j) ,minp,maxp);
Dan(j)=sim(net,Dn(1 :6,j));
Ca(k,j)=postmnmx(Dan(j),mint,maxt);
end
end
figure(4)
surf (Ca)
axis([1 20 1 20 0.1 1] )
xlabel('Speed')
ylabel('Stealth')
zlabel('Effectiveness')
title('CHINGKUO stealth-speed trade-off')
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% * * * * * * * * * * * * * * E f g e c t i v e n e s s Growth Potential as Max Speed &
Size increased*****
for k=l:10
NEWCKK(2,k)=NEWCK(2,k);
NEWCKK(6,k)=NEWCK(6,k);
%Creating T/W (Y-Axis)
NEWCKK(4,k)=0.5+k*0.1-0.1;
NEWCKK(3,k)=p(3,10:
NEWCKK(5,k)=p(5,lO:
NEWCKK(l,k)=p(l,10:
for j=l:10
NEWCKJ(2:6,j)=NEWCKK(2:6,k) ;
%Creating RCS (X-Axis)
NEWCKJd, j)=l-j* (1-0.001) /9+(1-0.001)/9;
NEWCKJN(1 :6,j)=tramnmx(NEWCKJ(1:6,]) ,minp,maxp) ;
NEWCKJEFFN(j)-sim(net,NEWCKJN(l:6,j));
NEWCKJEFF(j) = postmnmx(NEWCKJEFFN(j),mint,maxt)
M(k,j)=NEWCKJEFF(j);
end
end
figure(5)
surf(M)
xlabel('X RCS from 1 to 0.001
ylabel('Y T/W from 0.5 to 1.4
zlabel('Z Effectiveness')

text(1,1,M(1,1) , (num2str(M(l,1)) , ['A ( ',num2str(NEWCKJ(1,1) ), ',
'num2str(NEWCKK(4,1)),')']},'FontSize',10)
text(10,1,M(1,10),(num2str(M(l,10)),['B(',num2str(NEWCKJ(1,10)
),','num2str(NEWCKK(4,1)),')’]},'FontSize',10)
text(1,10,M (10,1),{num2str(M(10,1)),['C(',num2str(NEWCKJ(1,1))
,','num2str(NEWCKK(4,10)),')']},'FontSize',10)
text(10,10,M(10,10),{num2str(M(10,10)),['\leftarrowD('num2str(
NEWCKJ(1,10)),',’num2str(NEWCKK(4,10)),')']},'FontSize',10)
%text(5,10,M (5,10),{num2str(M(5,10)),['F(',num2str(NEWCKK(4,5)
),','num2str(NEWCKJ(1,10)),')']},'FontSize',10)
%text(6,10,M (6,10), (num2str(M(6,10) ), ['G(',num2str(NEWCKK(4,6)
),','num2str(NEWCKJ(1,10)),')']},'FontSize',10)

%text(1.0 ,4 .7 ,0 .1 8 6 7 ,'0 .1 8 6 7 ')

title({'CHINGKUO Novel Effectiveness Surface, Function
Width=0.1','(Max S p e e d & Size Increased with
T/W)'},'FontSize',12)
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D .2 Programme R-2
% Programme R-2, Leave-One-Out Validation (RBF
'^f-k'kic'k'k'k'k'k'k-k'k'k'k'k'k'k'k'k'k

%Subroutine: (Matlab & Neural Network Toolbox
%Version 5.3.1.29215a(Rl1.1)September 28, 1999)
%Prediction with RBF Network
%Network structure 1 hidden layer, 1 output
%Prediction of Chingkuo
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:8
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4

1879.70

2730.40 1793.6

1529.23

1318.78 2787.5 2787.50 2787.5 2 7 0 7 . 4 7

2787.5

4000

1000 1 2 7 5 . 5 8

3465.58 1440;

98 61 81 68 91 6 9 . 4 50 110 61 1 0 3 . 4 6 9 . 4 6 9 . 4 6 9 . 4 94 90 85,
0 . 5 4 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 3 0 ; 1 . 8 2 . 0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2 .2 ];

t = [0.21 0.82 0.60 0.50 0.21 0.91 1
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
pnl=pn(:,1: 8)
pnl (:,!) = []
tn (i) = []
net = newrb(pnl,tn,0,1);
an = sim(net,pnl);
a = postmnmx(an,mint,maxt)
aln = sim(net,p n (:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) - a2;
a3n = sim(net,p n (:,3));
a3 = postmnmx(a3n,mint,maxt);
A( 3 , i )

= a3;

a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,p n (:,5));
a5 = postmnmx(a5n,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a 6 = postmnmx(a6n,mint,maxt);

A(6,i) = a6;
a7n = sim(net,p n (:,7));
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o:

a l = postmnmx(a7n,mint,maxt);
A(7,i) = a7;
a8n = sim(net,pn(:,8))/
a8 = postmnmx(a8n,mint,maxt);
A(8,i) = a8;
a9n = sim(net,pn(:,9));
a9 - postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A(lÜ,i) = alO
alln = sim(net,p n (:,11));
ail = postmnmx(alln,mint,maxt);
A(ll,i) = ail
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,p n (:,13));
al 3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al 4 = postmnmx(al4n,mint,maxt);
A (14,1) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,p n (;,16));
al 6 = postmnmx(al6n,mint,maxt) ;
A(16,i) = al6;
figure(1)
plot(A,'*')
xlabel('Types of Aircraft (1-8: Training sets, 9-16:
Prediction sets)'), ylabel('Effectiveness predictions'), grid
on
text (1,mean(A (1,1 :i)), ('F18C',num2str(mean(A(l,l:i))) }, 'FontSize',8)
text(2,mean(A(2,l:i)),{'EF2000 ',num2str(mean(A(2,l:i)))},'FontSize',8)
text(3,mean(A (3,1 :i)), ('F15E',num2str(mean(A(3,l:i))) }, 'FontSize',8)
text(4,mean(A (4,1 :i)) ,('RAFALE',num2str(mean(A (4,1 :i))) }, 'Font
Size',8)
text (5,mean(A (5,1 :i)), {'F16C',num2str(mean(A(5,l:i))) }, 'FontSize',8)
text(6,mean(A(6,1 :i)),{'F22',num2str(mean(A(6,1:1)))},'FontSize',8)
text(7,mean(A (7,1 :i)),{'Cei.ing',num2str(mean(A(7,1:1)))},'Eon
tSize',8)
text(8,mean(A(8,1 :i)),{'Bot tom',num2str(mean(A(8,l:i)))},' Font
Size',8)
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text(9,mean(A(9,1 :i ),{'Gripen',num2str(mean(A(9,l:i)))},'Font
Size',8)
text(10,mean(A(10,1 i)),('CHINGKUO',num2str(mean(A(10,l:i)))},
'FontSize',8)
text(11,mean(A(11,1 i) ), { F22X',num2str(mean(A(11,1 : ))
'FontSize' 8)
text(12,mean(A(12,l:i)),( F22Y',num2str(mean(A(12,1 : )) }, 'FontSize' 8 )
text(13,mean(A(13,l:i)),( F22Z',num2str(mean(A(13,1 : ))
'FontSize' 8)
text(14,mean(A(14,l:i)),( FIBE',num2str(mean(A(14,1 : )) }, 'FontSize' 8 )
text(15,mean(A(15,l:i)),{ Su
27',num2str(mean(A(15,1:1 ) ) ' F o n t S i z e ' , 8 )
text(16,mean(A(16,1:!)),{ 'Mirage','20005',num2str(mean(A(16,l:i)))},'FontSize',8)
title (('Mean Values of Leave-One-Out RBF Predictions'
(RBF
width-1)'},'FontSize',8)
end

D.3 Programme R-3
%Programme R-3, RBF Function with various widths
%Subroutine: (Matlab & Neural Network Toolbox
%Version 5 . 3 . 1 . 2 9 2 1 5 a ( R l l . l ) S e p t e m b e r 2 8 , 1999)
%Prediction with RBF Network
%Network structure 1 hidden layer, 1 output
%Prediction of Chingkuo
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i - 1:10
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2 2 6 2 . 4 1 8 7 9 . 7 0 2 7 3 0 . 4 0 1 7 9 3. 6 1 5 2 9 . 2 3 2 7 8 7 . 5 4000 1000
1 2 7 5 . 5 8 1 3 1 8 . 7 8 2 7 8 7 . 5 2 7 8 7 . 5 0 2 7 8 7 . 5 2 7 0 7 . 4 7 3 4 6 5 . 5 8 1440;
98 61 81 68 91 6 9 . 4 50 110 61 1 0 3 . 4 6 9 . 4 6 9 . 4 6 9 . 4 94 90 85,
0 . 5 4 1.23 1 . 3 9 0 . 9 8 0 . 8 7 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 2 6 60 60 60 60 24 3 0;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1 0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Tar ge t Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0
[pn,minp,maxp] - p r e m n mx ( p ) ;

[tn,mint,maxt] = premnmx(t);
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%Network designing, Training, & Simulation
net = newrb(pn(:,1:8),tn,0,0.1);
an = sim(net,pn (:,1: 8));
a = postmnmx(an,mint,maxt);
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,pn (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) - a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A (4,i) - a4;
aSn = sim(net,pn(:,5));
a5 = postmnmx(aSn,mint,maxt);
A(5,i) - a5;
a5n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 6 ;
aVn = sim(net,pn(:,?));
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a l ;
a8n = sim(net,pn(;,8));
a8 = postmnmx(a8n,mint,maxt);
A (8, i ) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn (:,10))
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,pn (:,11) );
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn (:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn (:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn (:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn (:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn (:,16));
al6 = postmnmx(al6n,mint,maxt);
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A(16,i) = al6;
end
%Regression
%Max Speed Regression analysis
RTWR(1:6)= p (4,1:6)'
RTWR(7:8)=p(4,9:10)'
RTWR(9:10)=p(4,14:15)'
RMACH(1 :6)= p (6,1 :6) '
RMACH(7:8)- p (6,9:10) '
R M A C H (9:10)= p (6,14:15)'
X = [ o n e s ( s i z e ( R T W R ' ))
a=X\RMACH'
T = (0.5:0.1:1.4) ';

RTWR'

R T W R ' . *2];

NEWMACH=[ones(size(T)) T T.*2]*a;
NEWCK(6,:)=NEWMACH';
RLW(l:6)=p(2,l:6)';
RLW(7:8)=p(2,9:10)';
RLW(9:10)= p (2,14:15)';
X X = [ones(size(RTWR')) RTWR' RTWR'."2];
aa=XX\RLW'
TT= (0.5:0.1:1.4) ';
NEWLW=[ones(size(TT)) TT TT.^2]*aa;
NEWCK(2,:)=NEWLW';
NEWCK(4,:)=TT';
for k=l:10
NEWCK(l,k)=p(1,10)
NEWCK(3,k)=p(3,10)
NEWCK(5,k)=p(5,10)
%Normaiise New Input data
NEWCKN(1: 6,k)=tramnmx(NEWCK(1 :6,k) ,minp,maxp) ;
%Prediction by New Input Data
NEWCKEFFN(k)=sim(net,NEWCKN(1 :6,k)) ;
NEWCKEFF(k) = postmnmx(NEWCKEFFN(k),mint,maxt);
end
%****** Potential Effectiveness Growth without Max Speed &
Size increased***
for k=l:20
C (1,k)=p(l,10)-k*(p(l,10)-min(p(],:)))/20;
C(2:6,k)=p(2:6,10);
for j=1 :20
D(6,i)=C(6,l)+i*(max(p(6,:))-C(6,l))/20;
0(1:5,j)-C(1:5,k);
C n (1 :6,k)=tramnmx(C(1 :6,k) ,minp,maxp) ;
Can(k)=sim(net,Cn(1 :6,k));
Ca(k,j) = postmnmx(Can(k),mint,maxt) ,•
On (1 :6,j)=tramnmx(0(1 :6,j),minp,maxp) ;
Dan(j)=sim(net,O n (1 :6,j));
Ca(k,j)=postmnmx(Dan(j),mint,maxt);
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end
end
%**************g^fgctiveness Growth Potential as Max Speed &
Size increased*****
for k=l:10
NEWCKK(2,k)-NEWCK(2,k);
NEWCKK(6,k)-NEWCK(6,k);
%Creating T/W (Y-Axis)
NEWCKK(4,k)-0.5+k*0.1-0.1;
NEWCKK(3,k)-p(3,10);
NEWCKK(5,k)=p(5,10);
NEWCKK(l,k)-p(1,10);
for j=l:10
NEWCKJ(2:6,j)-NEWCKK(2:6,k);
%Creating RCS (X-Axis)
NEWCKJd, j)-l-j* (1-0.001)/9+(1-0.001)/9;
NEWCKJN(1: 6,j)-tramnmx(NEWCKJ(1: 6,j),minp,maxp);
NEWCKJEEFN(i)-sim(net,NEWCKJN(1:6,i));
NEWCKJEFF(j) - postmnmx(NEWCKJEFFN(j),mint,maxt);
M(k,j)-NEWCKJEFF(j);
end
end
subplot(2,2,1)
surf(M)
xlabel('X:RCS 1-0.001','FontSize',8 )
ylabel ('Y :l/W 0 .b- 1.4 ', 'Font-Si ze ',8 )
zlabel('Z:Effectiveness','FontSize',8)
text(1,1,M(1,1),{num2str(M(] ,1) ), ['A(',num2str(NEWCKJ(1,1)) , ',
'num2str( N E W C K K (4,1)),')']}, 'FontSize',8)
text(10,1,M(1,10),{num2str(M(l,10)),['B(',num2str(NEWCKJ(1,10)
),','num2str(NEWCKK(4,1)),')']},'FontSize',8)
text(1,10,M(10,1), (num2str(M(10,1)) , ['C (' ,num2str(NEWCKJ(1,1))
,','num2str( N E W C K K (4,10)),')']},'FontSize',8)
text(10,10,M(10,10),{num2str(M(10,10)),['\leftarrowD('num2str(
NEWCKJd, 10) ), ’, 'num2str (NEWCKK(4, 10) ),')']}, 'FontSize' ,8)
titie ({' (a)Novel Effectiveness Surface', 'RBF
Width-0.1’},'FontSize',8)

for i = 1:10
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
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t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0] ;
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing. Training, & Simulation
net = newrb(pn(:,1 :8),tn,0,0.5);
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt);
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1, i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,p n (;,4));
a4 - postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,p n (:,5));
a5 = postmnmx(aSn,mint,maxt);
A (5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6,i) = a6;
a7n = sim(net,p n (:,7));
a7 = postmnmx(a7n,mint,maxt);
A(7,i) = a7;
a8n - sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8 ,i ) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10))
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,pn(:,11));
ail = postmnmx(alln,mint,maxt);
A(ll,i) = ail
al2n = sim(net,p n (:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,p n (:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al 4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
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A(15,i) = al5;
al6n = sim(net,pn(: ,16) );
al6 = postmnmx(al6n,mint,maxt) ;
A(16,i) = al6;
end
%Regression
%Max Speed Regression analysis
RTWR(l:6)=p(4,l:6)'
RTWR(7:8)=p(4,9:10)'
RTWR(9:10)=p(4,14:15)'
RMACH(1 :6)= p (6,1 :6) '
RMACH (7 :8)= p (6,9:10) '
RMACH(9:10)= p (6,14 :15) '
X= [ones(size(RTWR')) RTWR' RTWR'."2];
a=X\RMACH'

T = (0.5:0.1:1.4)';
NEWMACH=[ones(size(T)) T T.^2]*a;
NEWCK (6, : ) = N E W M A C H ' ;
%Size Regression A n a l y s i s
RLW(l:6)=p(2,l:6)';
R LW(7 :8)= p (2,9:10) ';
RLW(9 :10)=p(2,14 :15) ';
XX= [ones(size(RTWR')) RTWR' RTWR'."2];
aa=XX\RLW'

TT=(0.5:0.1:1.4)';
NEWLW=[ones(size(TT)) TT TT."2]*aa;
NEWCK(2,:)=NEWLW';
NEWCK(4,:)=TT';
for k=l:10
NEWCK(1,k)=p(1,10);
NEWCK(3,k)=p(3,10);
NEWCK(5,k)=p(5,10);
%Normalise New Input data
NEWCKN(1 :6,k)=tramnmx(NEWCK(1: 6,k),minp,maxp) ;
%Prediction by New Input Data
N E W C K E F F N ( k ) = s i m ( n e t , N E W C K N ( l : 6 , k ) );

NEWCKEFF(k) = postmnmx(NEWCKEFFN(k),mint,maxt);
end
%****** Potential Effectiveness Growth without Max Speed &
Size i n c r e a s e d * * *
for k = l : 2 0
C(l,k)=p(l,10)-k*(p(1,10)-min(p(l,:)))/20;
C(2:6,k)=p(2:6,10);
for j=l:20
D(6,i)=C(6,l)+i*(max(p(6,:))-C(6,l))/20;
D (1 :5 ,j)=C (1 :5, k ) ;
Cn (1 :6,k)=tramnmx(C(1 :6,k) ,minp,maxp) ;
Can(k)=sim(net,C n (1 :6,k));
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Ca(k,i) = postmnmx(Can(k),mint,maxt);
D n (1: 6,j)=tramnmx(D(1: 5,j),minp,maxp);
Dan(j)=sim(net,D n (1: 6,j));
Ca(k,j)=postmnmx(Dan(j),mint,maxt);
end
end
%**************g^gectiveness Growth Potential as Max Speed &
Size increased*****
for k=l:10
NEWCKK(2,k)=NEWCK(2,k);
NEWCKK(6,k)=NEWCK(6,k);
%Creating T/W (Y-Axis)
NEWCKK(4,k)=0.5+k*0.1-0.1;
NEWCKK(3,k)=p(3,10);
NEWCKK(5,k)=p(5,10);
NEWCKK(l,k)=p(1,10);
for j= 1 :10
NEWCKJ(2 :6,])-NEWCKK(2:6,k) ;
%Creating RCS (X-Axis)
NEWCKJd, j)=l-j* (1-0.001) 79+(1-0.001)/9;
NEWCKJN(1 :6,j)-tramnmx(NEWCKJ(1:6,]),minp,maxp) ;
NEWCKJEFFN(j)-sim(net,NEWCKJN(1:6,]));
NEWCKJEFF(j) - postmnmx(NEWCKJEFFN(]),mint,maxt);
M(k,j)-NEWCKJEFF(j);
end
end
subplot(2,2,2)
surf(M)
xlabel('X:RCS 1-0.001','FontSize',8 )
ylabel('Y:T/W 0.5-1.4','FontSize',8)
zlabel('Z :Ef fecti veness', 'EontSize',8)
text(1,1,M(1,1),{num2str(M(l,1)),['A(',num2str(NEWCKJ(1,1)),',
'num2str(NEWCKK(4,1)),')']},'FontSize',8)
text(10,1,M(1,10) , {num2str(M(l,10)) , ['B (', num2str(NEWCKJ (1,10)
),','num2str(NEWCKK(4,1)),')']},'FontSize',8)
text(1,10,M (10,1) ,{num2str(M(10,1) ), ['C(',num2str(NEWCKJ(1,1))
, ', 'num2str(NEWCKK(4,10)),')']}, 'FontSize',8)
text(10,10,M (10,10), {num2str(M(10,10)), ['\leftarrowD('num2str(
NEWCKJd, 10)),',' num2str (NEWCKK (4,10) ),')']}, 'FontSize' ,8)
titie ((' (b)Novel Effectiveness Surface','RBF
Width-0.5'},'FontSize',8)
******************
for i - 1:10
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
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50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing. Training, & Simulation
net = newrb(pn(:,1 :8),tn,0,1);
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt);
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,p n (;,4));
a4 = postmnmx(a4n,mint,maxt);
A (4,i ) = a4;
aSn = sim(net,pn(:,5));
a5 - postmnmx(a5n,mint,maxt);
A (5,i) = aS;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 6;
a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A (7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8, i ) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,p n (:,10))
al0 = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,p n (:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,p n (:,14));
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al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
%Regression
Analysis * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *
%Max Speed Regression analysi
RTWR(1 :6)- p (4,1:6) '
RTWR(7:8)=p(4,9:10)'
RTWR(9:10)= p (4,14:15)'
RMACH(1 :6)=p(6,l:6) '
RMACH(7:8)= p (6,9:10) '
RMACH(9:10)= p (6,14:15) '
X= [ones(size(RTWR')) RTWR' RTWR'.*2];
a=X\RMACH'
T = (0.5:0.1:1.4)';
NEWMACH=[ones(size(T)) T T."2]*a;
NEWCK(6,:)=NEWMACH';
%Size Regression Analysis
RLW(1:6)=p(2,l:6)';
RLW(7 :8)= p (2,9:10) ';
R LW(9 :10)= p (2,14 :15) ';
XX= [ones(size(RTWR')) RTWR' RTWR'.*2];
aa=XX\RLW'
T T=(0.5:0.1:1.4)';
NEWLW=[ones(size(TT)) TT TT.*2]*aa;
NEWCK (2, :)=NEWLW';

* * * * * * * * * * * *

NEWCK(4,:)=TT';
for k=l:10
NEWCK(l,k)=p(1,10) ;
NEWCK(3,k)=p(3,10) ;
NEWCK(5,k)=p(5,10);
%Normalise New Input data
NEWCKN(1 :6,k)=tramnmx(NEWCK(1 :6,k) ,minp,maxp) ;
%Prediction by New Input Data
NEWCKEFFN(k)=sim(net,NEWCKN(1:6,k));
NEWCKEFF(k) = postmnmx(NEWCKEFFN(k),mint,maxt);
end
%****** Potential Effectiveness Growth without Max Speed &
Size increased***
for k=l:20
C (1,k)=p(l,10)-k*(p(1,10)-min(p(l,:)))/20;
C(2:6,k)=p(2:6,10);
for j=l:20
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D(6,i)=C(6,l)+i*(max(p(6,:))-C(6,l))/20;
D(l:5,j)=C(l:5,k);
Cn (1 :6,k)=tramnmx(C(1: 6, k) ,minp,maxp) ;
Can(k)=sim(net,Cn(1 :6,k));
Ca(k,j) = postmnmx(Can(k) ,mint,maxt) ,•
D n (1 :5,j)=tramnmx(D(1 :6, j ),minp,maxp);
Dan(j)=sim(net,Dn(1 :6,j));
Ca (k,j)=postmnmx(Dan(j),mint,maxt) ;
end
end
%**************E^fectiveness Growth Potential as Max Speed &
Size increased*****
for k=l:10
NEWCKK(2,k)=NEWCK(2,k);
NEWCKK(6,k)=NEWCK(6,k);
%Creating T/W (Y-Axis)
NEWCKK(4,k)=0.5+k*0.1-0.1;
NEWCKK(3,k)=p(3,10)
NEWCKK(5,k)=p(5,10)
NEWCKK(l,k)=p(l,10)
for j=1 :10
NEWCKJ(2 :6,j)=NEWCKK(2:6,k) ;
%Creating RCS (X-Axis)
NEWCKJd, j )=l-j * (1-0. 001) 79+ (1-0 .001) /9;
NEWCKJN(1 :6,j)=tramnmx(NEWCKJ(1:6,]) ,minp,maxp);
NEWCKJEFFN(i)-sim(net,NEWCKJN(1 :6,j)) ;
NEWCKJEFF(j) = postmnmx(NEWCKJEFFN(]),mint,maxt);
M(k,j)-NEWCKJEFF(j) ;
end
end
subplot(2,2,3)
surf(M)
xlabel('X:RCS 1-0.001', 'Font Size',8 )
ylabel('Y:T/W 0.5-1.4','FontSize',8)
zlabel('Z:Effectiveness', 'Fontsi ze',8)
text(1,1,M(1,1) , {num2str(M(1,1)), ['A (' ,num2str(NEWCKJ (1,1)),',
'num2str(NEWCKK(4,1)),')']},'FontSize',8)
text(10,1,M(1,10),{num2str(M(l,10)),['B(',num2str(NEWCKJ(1,10)
), ', 'num2str(NEWCKK(4,1)),')']}, 'FontSize',8)
text(1,10,M (10,1),{num2str(M(10,l)),['C(',num2str(NEWCKJ(1,1))
,','num2str(NEWCKK(4,10)),')']},'FontSize',8)
text(10,10,M(10,10),{num2str (M(10,10)),[' \lef tarrowD('num2str(
NEWCKJd, 10)), ', 'num2str (NEWCKK(4, 10) ),')']}, 'FontSize' ,8)
titie ({' (c)Novel Effectiveness Surface', 'RBF
Width-]'},'FontSize',8)
^/^■k'k'k'k'k-k'k^'kicic'k'k'k-ir'k'k-k-k'k-k-kirkic'k'k'k'k'k-k'kic-k'k-k'k'k'kicic'k'k-k'k-k-k-k-k'k-k'k'k'kiciic-k'kic-k
-k -k -k -k

for i = 1:10
%Input Data; first 8 for training, last 8 to predict
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
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2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000
1275.58 1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30;
1.8 2.0 2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7
2.35 2.2];
%Target Effectiveness
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0] ;
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
%Network designing. Training, & Simulation
net = newrb(pn(:,1 :8),tn,0,2);
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt);
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,pn (:,2)) ;
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
aSn = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3,i) = a3;
a4n = sim(net,pn (:,4));
a4 = postmnmx(a4n,mint,maxt);
A (4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A (5,i) = a5;
a6n = sim(net,p n (:,6));
a6 = postmnmx(a6n,mint,maxt);
A(6,i) = a6;
a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A(7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A(8,i) = a8;
a9n = sim(net,p n (:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10))
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
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A(12,i) - al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
%Regression
% M a x Speed Regression analysis
RTWRd :6) =p (4, 1 :6) '
RTWR(7:8)= p (4,9:10)'
RTWR(9 :10)= p (4,14:15) '
RMACH(1 :6)= p (6,1:6)’
RMACH(7 :8)= p (6,9:10) '
RMACH(9:10)= p (6,14:15)'
X= [ones(size(RTWR')) RTWR' RTWR'.*2];
a=X\RMACH'
T = (0.5:0.1:1.4)';
NEWMACH=[ones(size(T)) T T . * 2 ] * a ;
NEWCK(6,:)=NEWMACH';
%Size Regression Analysis
RLW(1 :6)= p (2,1 :6) ';
RLW(7 :8)= p (2,9:10) ';
RLW(9:10)= p (2,14:15)';
X X = [ones(size(RTWR')) RTWR' RTWR'."2];
aa=XX\RLW'

TT=(0.5:0.1:1.4)';
NEWLW=[ones(size(TT)) TT
NEWCK(2,:)=NEWLW';
NEWCK(4,:)=TT';
for k=l:10
NEWCK(1,k)=p(1,10)

TT.*2]*aa;

NEWCK(3,k)=p(3,10)
NEWCK(5,k)=p(5,10)

%Normalise New Input data
NEWCKN(1 :6,k)=tramnmx(NEWCK(1 :6, k) ,minp,maxp) ;
%Prediction by New Input Data
N E W C K E F F N ( k ) = s i m ( n e t , N E W C K N ( l : 6 , k ) );

NEWCKEFF(k) = postmnmx(NEWCKEFFN(k),mint,maxt);
end
%****** Potential Effectiveness Growth without Max Speed &
Size increased***
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for k=l:20
C (1,k)=p(l,10)-k*(p(l,10)-min(p(l,:)))/20;
C(2:6,k)=p(2:6,10);
for j=l:20
D(6,j)=C(6,l)+j*(max(p(6,:))-C(6,l))/20;
D (1 :5, j )=C (1: 5, k) ;
C n (1: 6,k)=tramnmx(C(1: 6,k) ,minp,maxp) ;
Can(k)=sim(net,Cn(1 :6,k));
Ca(k,j) == postmnmx (Can (k) ,mint,maxt) ,•
D n (1 :6,j)=tramnmx(D(1: 6,j),minp,maxp);
Dan(j)=sim(net,Dn(1 :5,j)) ;
Ca(k,j)=postmnmx(Dan(j),mint,maxt);
end
end
%**************Effectiveness Growth Potential as Max Speed &
Size increased*****
for k=l:10
NEWCKK(2,k)=NEWCK(2,k);
NEWCKK(6,k)=NEWCK(6, k) ;
%Creating T/W (Y-Axis)
NEWCKK (4,k)=0.5 + k*0.1-0.1;
NEWCKK(3,k)=p(3,10);
NEWCKK(5,k)=p(5,10);
NEWCKK(1,k)=p (1,10) ;
for j= l :10
NEWCKJ(2:6,i)=NEWCKK(2:6,k);
%Creating RCS (X-Axis)
NEWCKJd, j )=l-j*(l-0.001)/9+(l-0.001)/9;
NEWCKJN(1:6,])=tramnmx(NEWCKJ(1:6,]),minp,maxp);
NEWCKJEFFN(])=sim(net,NEWCKJN(1:6,]));
NEWCKJEFF(j) = postmnmx(NEWCKJEFFN(]),mint,maxt);
M(k,j)=NEWCKJEFF(j);
end
end
subplot(2,2,4)
surf(M)
xlabel('X:RCS 1-0.001','FontSize',8 )
ylabel('Y:T/W 0.5-1.4', 'FontSize',8)
zlabel('Z :Ef fectiveness', 'FontSize',8)
text(1,1,M(1,1),{num2str(M(1,1)),['A (',num2str(NEWCKJ(1,1)),',
'num2str(NEWCKK(4,1)),')']},'FontSize',8)
text(10,1,M(1,10),{num2str(M(l,10)),['B(',num2str(NEWCKJ(1,10)
),','num2str(NEWCKK(4, 1)),')']},'FontSize',8)
text(1,10,M(10,1) , (num2str(M(10,1)), ['C(',num2str(NEWCKJ (1,1))
,','num2str(NEWCKK(4, 10)),')']},'FontSize',8)
text (10,10,M(10,10),{num2str(M(10,10)), ['\ieftarrowD('num2str(
NEWCKJd, 10)),',' num2str (NEWCKK (4, 10) ),')']}, 'FontSize ',8)
titie ({' (d)Novel Effectiveness Surface', 'RBF
Width=2'},'FontSize',8)
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D.4 Programme R-4
% TProgramme R-3 Leave-One-Out, Excluding Outlier
%Subroutine:

(Matlab & Neural Network Toolbox

%Ve r s i o n 5 . 3 . 1 . 2 9 2 1 5 a ( R l l . l ) S e p t e m b e r 2 8 ,

1999)

%Prediction with RBF Network
%Network structure 1 hidden layer, 1 output
%Prediction of Chingkuo
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:8
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2 2 6 2 . 4 1 8 7 9 . 7 0 2 7 3 0 . 4 0 1 7 9 3 . 6 1 5 2 9 . 2 3 2 7 8 7 . 5 4000 1000 1 2 7 5 . 5 8
1 3 1 8 . 7 8 2 7 8 7 . 5 2 7 8 7 . 5 0 2 7 8 7 . 5 2 7 0 7 . 4 7 3 4 6 5 . 5 8 1440;
98 61 81 68 91 6 9 . 4 50 110 61 1 0 3 . 4 6 9 . 4 6 9 . 4 6 9 . 4 94 90 85,
0 . 5 4 1 . 2 3 1 . 3 9 0.98 0 . 8 7 1.4 1.5 0.1 0 . 9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 2 6 26 60 60 60 60 24 3 0 ; 1 . 8 2 . 0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2 .2 ];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];

[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
pnl=pn(:,1: 8)
pnl (:,!) = []
tn(i) = []
net = newrb(pnl,tn);
an = sim(net,pnl);
a = postmnmx(an,mint,maxt)
aln = sim(net,p n (:,1));
al = postmnmx(aln,mint,maxt);
A(l,i) = al;
a2n = sim(net,pn (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i)

= a2;

a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a 4 n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i)

= a4;

a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (5, i ) = a 6 ;
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a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A (7,1) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8,i) = a8;
a9n = sim(net,p n (:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,pn(:,11));
all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n - sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
end
A ( : , 3 ) = []

AA=A
BB=AA'
Mu=mean(BB)
sigma = std(BB)
Ps=Mu+l.96* sigma/sqrt(7 )
Ns=Mu-l.96*sigma/sqrt(7)
RB = [ 0 . 2 1 0 . 8 2 0 . 6 0 0 . 5 0 0 . 2 1 0 . 9 1 1 0 0 . 5 6 4 1 5
0.90202 0.65988 0.57611 0.74486 0.30633]

plot (RB,'r*'
hold on
plot(Mu, 'kx')
hold on
plot (Ps, 'b+')
hold on
plot(Ns, 'b + ')
hold off
AA=A
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0.18672

0.90975

xlabel('Types of Aircraft (1~8: Training stes, 9-16:
Prediction Sets)'), ylabel('Effectiveness Predictions'), grid
on
text(1,mean(A A (1,1 :7)), { 'F18c',num2str(mean(AA(1,1:7))), 'std',num2str(sigma(1)) }, 'EontSi
ze',8)
text(2,mean(AA(2,1:7)),{'EF2000', num2str(mean(AA(2, 1: 7 ))) , 'std',num2str(sigma(2))},'Fonts
ize',8)
text(3,mean(AA(3,1:7)),{'F15E',num2str(mean(AA(3,1:7))), 'std',num2str(sigma(3))},'Fontsi
ze',8)
text(4,mean(AA(4,1:7)),{'RAFALE',num2str(mean(AA(4,1:7))),'std
',num2str(sigma(4))},'FontSize',8)
text(5,mean(AA(5,1 :7)), ( 'F16C',num2str(mean(AA(5,1:7))), 'std', num2str(sigma(5))},'Fontsi
ze',8)
text(6,mean(AA(6,1:7)),{'F22',num2str(mean(AA(6,1:7))), 'std', num2str(sigma(6))},'Fontsiz
e',8)
text (7,mean(AA(7,1:7)),{'Ceiling',num2str(mean(AA(7,1:7))), 'st
d ',num2str(sigma(7))},'FontSize',8)
text(8,mean(AA(8,1:7)),{'Bottom',num2str(mean(AA(8,1: 7))), 'std
',num2str (sigma (8) ) }, 'For.tSi ze ',8)
text(9,mean(AA(9,1 :7)), ( 'Gripen',num2str(mean(AA(9,1:7))), 'std
',num2str(sigma(9)) }, 'Font Size',8)
text(10,mean(A A (10,1 :7)) , { 'CHINGKUO',num2str(mean(AA (10,1 :7)))
,'std',num2str(sigma(10))},'FontSize',8)
text(11,mean(AA(11,1 :7)), {'F22X',num2str(mean(AA(11,1:7)))},'FontSize',8)
text(11,0.8, {'std',num2str(sigma(11))},'FontSize ',8)
text(12.5,mean(AA(12,1:7)),{'F22Y',num2str(mean(AA(12,1:7))) }, 'Fontsi ze',8)
text(12.5,0.8,{'std',num2str(sigma(12))},'FontSize',8)
text(13,mean(A A (13,1 :7)) ,{ 'F22Z',num2str(mean(AA(13,l:7))),'std', num2str(sigma(13))},'Font
Size',8)
text(14,mean(A A (14,1: 7)) ,{ 'F18F',num2str(mean(AA(14,l:7))),'std',num2str(sigma (14))},'Font
Size',8)
text(15,mean(AA(15,1: 7)) , ('Su27',num2str(mean(AA(15, 1 :7) )), 'std',num2str(sigma (15)) }, 'Fonts
ize',8)
text(16,mean(AA(16,1 :7)),{ 'Mirage',num2str(mean (AA(16,1:7))),'
std',num2str(sigma(16))},'FontSize',8)
title ({'Leave-One-Out RBF Predictions (Excluding
Outlier) ',' (Inputs : RCS, Size, W/S, T/W, Max AoA, Max
Speed)'},'FontSize',8)
legend('RBF Values','LOO Mean values','95% Confidence
interval')
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D.5 Programme R-5
% Programme R-4 Training with redundant
pâ r*3.rn0
% add max
*********
%Subroutine: (Matlab & Neural Network Toolbox
%Version 5.3.1.29215a(Rll.l)September 28, 1999)
%Prediction with RBF Network
%Network structure 1 hidden layer, 1 output
%Prediction of Chingkuo
g£'£'0Q-^j^y0j-|0gg********************************************
%Training by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Ceilling, Bottom
%Generalisation from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Running 10 consecutive times to check stability
for i = 1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2;
51900 46305 81000 47400 42300 62000 88000 28000 28000 33000
62000 62000 62000 88000 66138 33478];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
net = newrb(pn (:,1 :8) ,tn) ;
an = sim(net,p n (: ,1 :8) );
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
Al (1,i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
Al (2, i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
Al (3,i) = a3;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
Al (4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(aSn,mint,maxt);
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Al (5,i) = a5;
a6n = sim(net,p n (:,6));
a5 = postmnmx(a6n,mint,maxt);
Al (6,i) = a6;
a7n = sim(net,p n (:,7))/
a7 = postmnmx(a7n,mint,maxt);
Al (7,i) = al-,
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
Al (8,i) = a8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
Al (9,i) = a9;
alOn = sim(net,p n (:,10));
alO = postmnmx(alOn,mint,maxt);
Al (10,i) = aie
alln = sim(net,pn(:,11));
ail = postmnmx(alln,mint,maxt);
Al (11,i) = ail
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A l (12,i) = al2
al3n = sim(net,pn(:,13));
al 3 = postmnmx(al3n,mint,maxt);
A l (13,1) = al3
al4n = sim(net,p n (:,i4));
al 4 = postmnmx(al4n,mint,maxt);
Al (14,i) = al4;
al5n = sim(net,p n (:,15));
al 5 = postmnmx(al5n,mint,maxt);
Al (15,i) = al5;
al6n = sim(net,pn(:,16));
al 6 = postmnmx(al6n,mint,maxt);
Al (16,i) - al6;
Al
end
% add max
w0Îght********************************************************
* * * * * * * * * * * * * * * * * * * * * * *

% add max thrust
for i = 1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2;
51900 46305 81000 47400 42300 62000 88000 28000 28000 33000
62000 62000 62000 88000 66138 33478;
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36000 40460 58200 32800 23770 70000 70000 18000 18000 18920
70000 70000 70000 44000 55114 21384];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
net = newrb(pn(:,1: 8),tn);
an = sim(net,p n (:,1: 8));
a = postmnmx(an,mint,maxt)
aln = sim(net,p n (:,1));
al = postmnmx(aln,mint,maxt);
A2 (1, i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A2(2,i)

= a2;

a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A2 (3, i ) = a 3 ;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A2 (4 ,i) = a 4 ;
a5n = sim(net,pn(:,5));
a5 - postmnmx(a5n,mint,maxt);
A2 (5, i ) = a 5 ;
a6n = sim(net,pn (:,6) );
a6 = postmnmx(a6n,mint,maxt);
A2 (6, i) = a 6 ;
a7n = sim(net,pn (:,7) );
a7 = postmnmx(a7n,mint,maxt);
A2 (7, i) = a7;
a8n = sim(net,pn (:,8));
a8 = postmnmx(a8n,mint,maxt);
A2(8,i)

= a8;

a9n = sim(net,pn (:,9));
a9 = postmnmx(a9n,mint,maxt);
A2(9,i)

= a9;

alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A2 (10,i) = alO
alln = sim(net,pn(:,11));
ail = postmnmx(alln,mint,maxt);
A2 (11,i) = ail
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A 2 (12, i) = al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A 2 (13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A2 (14,i) = al4;
al5n = sim(net,pn(:,15));
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al5 = postmnmx(al5n,mint,maxt);
A2 (15, i) = a 15 ;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A 2 (16,i) = al6;
A2
end
% add max
-k-k'k'k^'k-k'k-k'k-k'k'k-k'k'k'k-k-k-k'k-k-k-k-k-k-k'k'k'k'k-kic-k-k-k-k-k'k-kic'k-k'k'k-k'k'k'k'k'k'k'k-k'k

************************
% add max thrust
% Delete T/W Ratio 0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9
0.87 1.4 1.4 1.4 0.5 0.92 0.95 1.32;
for i = 1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2;
51900 46305 81000 47400 42300 62000 28000 88000 28000 33000
62000 62000 62000 88000 66138 33478;
36000 40460 58200 32800 23770 70000 70000 18000 18000 18920
70000 70000 70000 44000 55114 21384];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
net = newrb(pn(:,1 :8),tn);
an = sim(net,pn(:,1 :8));
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A3 (1,i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
A3 (2,i) = a2;
a3n - sim(net,p n (:,3));
a3 = postmnmx(a3n,mint,maxt);
A3(3,i) = a3;
a4n = sim(net,p n (:,4));
a4 = postmnmx(a4n,mint,maxt);
A3 (4,i) = a4;
a5n = sim(net,p n (:,5));
a5 = postmnmx(a5n,mint,maxt);
A3 (5,i) = a5;
a6n = sim(net,p n (:,6));
a6 = postmnmx(a6n,mint,maxt);
A3 (6,i) = a6;
a7n = sim(net,p n (:,7));
a7 = postmnmx(a7n,mint,maxt);
A3 (7,i) = a7;
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a8n = sim(net,pn (:,8));
a8 = postmnmx(a8n,mint,maxt);
A3(8,i) = a8;
a9n = sim(net,pn (:,9));
a9 = postmnmx(a9n,mint,maxt);
A3(9,i) = a9;
alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A3(10,i) = alO
alln = sim(net,p n (:,11));
all = postmnmx(alln,mint,maxt);
A3(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A3(12,i) = al2
al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A3(13,i) = al3
al4n = sim(net,p n (:,14));
al4 - postmnmx(al4n,mint,maxt);
A3(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A3 (15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A3(15,i) = al6;
A3
end
% add max
***********************************
W0 igh
% add max thrust
% Include T/W Ratio 0.54 1. 23 1 . 3 9 0 . 9 8 0 . 8 7 1 . 4 1 . 5 0 . 1 0 . 9
0.87 1.4 1.4 1.4 0.5 0.92 0 . 9 5 1 . 3 2 ;
for i = 1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1 ;
2262.4 1879.70 2730.40 1793. 6 1 5 2 9 . 2 3 2 7 8 7 . 5 4 0 0 0 1 0 0 0 1 2 7 5 . 5 8
1318.78 2787.5 2787.50 2787.5 2707.47 3 4 65.58 1440;
98 61 81 68 91 69.4 50 110 61 1 0 3 . 4 6 9 . 4 6 9 . 4 6 9 . 4 94 90 85,
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 3 0 ; 1 . 8 2 . 0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1 . 7 2 . 2 2 . 2 2 . 2 1 . 7 2 . 3 5 2 . 2 ;
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4
0.5 0.92 0.95;
51900 46305 81000 47400 4 2 3 0 0 6 2 0 0 0 2 8 0 0 0 8 8 0 0 0 2 8 0 0 0 3 3 0 0 0
62000 62000 62000 88000 661 38 3 3 4 7 8 ;
36000 40460 58200 32800 23770 70000 70000 18000 18000 18920
70000 70000 70000 44000 551 14 2 1 3 8 4 ] ;
t = [0.21 0.82 0.60 0.50 0. 21 0 . 9 1 1 0];
[pn,minp,maxp] = premnmx(p)
[tn,mint,maxt] = premnmx(t)
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net = newrb(pn(:,1 :8),tn);
an = sim(net,pn (:,1: 8));
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,!));
al = postmnmx(aln,mint,maxt);
A4 (1, i) = al;
a2n = sim(net,pn(:,2));
a2 = postmnmx(a2n,mint,maxt);
A4 (2, i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A4 (3,i) = a3;
a4n = sim(net,pn (:,4));
a4 = postmnmx(a4n,mint,maxt);
A4 (4, i) = a4;
aSn = sim(net,pn(:,5));
a5 = postmnmx(aSn,mint,maxt);
A4 (5, i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A4 (6,i) = a5;
a7n = sim(net,pn (:,7));
a7 = postmnmx(a7n,mint,maxt);
A4 (7, i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A4 (8, i) = a8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A4 (9,i) = a9;
alOn = sim(net,p n (:,10));
alO = postmnmx(alOn,mint,maxt);
A4 (10,i) - alO
alln = sim(net,pn(:,11));
all = postmnmx(alln,mint,maxt);
A4 (11, 1 ) - all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A4(12,i) = al2
al3n = sim(net,p n (:,13));
al3 = postmnmx(al3n,mint,maxt);
A4 (13,i) - al3
al4n = sim(net,p n (:,14));
al4 = postmnmx(al4n,mint,maxt);
A4 (14,i) = al4;
al5n = sim(net,p n (:,15));
al5 = postmnmx(al5n,mint,maxt);
A4 (15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A4 (16,i) = al6;
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A4
end
%*Original RBF Training

for i-1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2];
t - [0.21 0.82 0.60 0.50 0.21 0.91 1 0] ;
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
net = newrb(pn{:,1 :8),tn);
an = sim(net,pn(:,1 :8));
a == postmnmx (an, mint, maxt)
aln = sim(net,p n (:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn (:,3));
a3 = postmnmx(a3n,mint,maxt);
A (3, i ) = a 3 ;
a4n = sim(net,p n (:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(aSn,mint,maxt);
A(5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6,i) = a6;
a7n = sim(net,pn(:,7));
a7 = postmnmx(a7n,mint,maxt);
A(7,i) = a7;
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8, i ) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,pn(:,10));
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln = sim(net,pn(:,11));

3Ü0

all = postmnmx(alln,mint,maxt);
A(ll,i) = all
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n ^ sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
A
end
xlabel('Aircraft Types'), ylabel('Effectiveness'), grid on
plot(A, 'k :* ')
hold on
plot(Al, 'C-+ ')
hold on
plot(A2,'r— X ')
hold on
plot(A3, 'g-+ ')
hold on
plot(A4, 'b :X ')
hold on
xlabel('Types of Aircraft (]~8: Training sets, 9~16:
Prediction sets)'), ylabel('Effectiveness predictions'), grid
on
text(1,mean(A (1,1 :i)),{ 'F18C',num2str(mean(A(l,l:i)))},'FontSize',8)
text(2,mean(A(2,l:!)),('EF2000',num2str(mean(A(2,l:i)))},'FontSize',8)
text(3,mean(A(3,1 ;i)),('F15E',num2str(mean(A(3,l:i)))},'FontSize',8)
text (4,mean(A(4,l:!)),{'RAFALE',num2str(mean(A(4,l:i)))},'Font
Size',8)
text(5,mean(A (5,1 :i)),{'F16C',num2str(mean(A(5,l:i)))},'FontSize',8)
text(6,mean(A (6,1 :i)),{'F22',num2str(mean(A(6,l:i)))},'FontSize',8)
text(7,mean(A(7,l:i)),{'Ceiiing',num2str(mean(A(7,1 :i))) }, 'Fon
tSize ',8)
text(8,mean(A(8,l:i)),{'Bottom', '0 '}, 'FontSize',8)
text(9,mean(A(9,l:i)),{'Gripen',num2str(mean(A(9,l:i)))},'Font
Size',8)
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text(10,mean(A(10,1:1)),{'Chingkuo',num2str(mean(A(10,1:1)))},
'FontSize',8)
text(11,mean(A(11,1:1) ), {'F22X',num2str(mean(A(ll,l:l)))},'FontSize',8)
text(12,mean(A(12,1:1)) , {'F22Y',num2str(mean(A(12,l:l)))},'FontSize',8)
text(13,mean(A(13,1:1)),{'F22Z',num2str(mean(A(13, 1:1))) }, 'FontSize',8)
text(14,mean(A(14,1:1)),{'FI8E',num2str(mean(A(14,l:l)))},'FontSize',8)
text(15,mean(A(15,1:1)),{'Su27',num2str(mean(A(15,1:1)))},'FontSize',8)
text(15,mean(A(16,l:l)),{'Mirage','20005',num2str(mean(A(16,1:1))) }, 'FontSize',8)
text (9, mean (A(9,l:l)), '+-T/W (Original) \rlghtarrow' , 'Horizontal A
ilgnment','right')
text(9,mean(Al(9,1 :1)), '+T/W+Max
WXrlghtarrow','HorizontalAlignment','right')
text(9,mean(A2(9,1 :1)), '+T/W+Max
TXrlghtarrow','HorizontalAlignment','right')
text (8.9,0.67, '+Max T+ Max
WXrlghtarrow','Hor1zontalAIignment','right')
text(9,mean(A4(9,1 :1) ), '+T/W+ Max T+ Max
WXrlghtarrow', 'HorizontalAi ignment', 'right')
titie ({'Comarison of RBF Predictions Trained with Redundant
Pamaraters ', ' (inputs: HCF, L*W, Wing Loading, Max AoA, Max
Speed...)'},'FontSize',8)
%legend('Original RBF Prediction Value')
hold off

D.6 Programme R-6
% Programme R^ ■ k 'k 'k 'k 'k 'k 'k -k -k 'k 'k -k ii'k'k 'k-k'k'k 'k-k'k'k 'k'k 'k 'k'^ 'k 'k'k -k -k-k-k'k'k 'k'k ic ^'k 'k 'k'k 'k'k'k 'k'k 'k 'k'k -k 'k 'k'k 'k'k'k 'k

%tralning without bottom and cellllng
%Subroutlne: (Matlab & Neural Network Toolbox
% V e r s i o n 5 . 3.1.2 9 2 1 5 a ( R l l . l ) S e p t e m b e r 28, 1999)
%Predlctlon with RBF Network
%Network structure 1 hidden layer, 1 output
%Predlctlon of Chingkuo
%Tralnlng by F-18C, EF-2000, F-15E, RAFALE, F-16C, F-22,
Cellllng, Bottom
%Generallsatlon from 6 parameters: RCS, Size, W/S, T/W, Max
AoA, Max Speed
%Runnlng 10 consecutive times to check stability
for 1 = 1:10
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p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0] ;
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
pn
net = newrb(pn(:,1: 6),tn(1: 6));
an = sim(net,p n (:,1 :6));
a = postmnmx(an,mint,maxt)
aln =: sim (net,pn (:,1 ));
al = postmnmx(aln,mint,maxt);
Al (1, i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
Al (2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
Al (3, i) = a3;
a4n = sim(net,pn(:,4));
a4 - postmnmx(a4n,mint,maxt);
Al (4, i) = a4;
a5n = sim(net,pn(:,5));
a5 = postmnmx(a5n,mint,maxt);
A l (5,i) = a5;
a6n = sim(net,pn(:,6));
a6 = postmnmx(a6n,mint,maxt);
Al (6,i) = a6;
a7n = sim(net,p n (:,7));
a7 = postmnmx(a7n,mint,maxt);
Al (7,i) = a7;
a8n = sim(net,p n (:,8));
a8 = postmnmx(a8n,mint,maxt);
A l (8,i) = a 8 ;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A l (9,i) = a9;
alOn = sim(net,p n (:,10));
alO = postmnmx(alOn,mint,maxt);
Al (10,i) = alO
alln = sim(net,p n (:,11));
ail = postmnmx(alln,mint,maxt);
Al (11,i) = ail
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
Al (12,i) - al2
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al3n = sim(net,pn(:,13));
al3 = postmnmx(al3n,mint,maxt);
Al (13,i) = al3
al4n = sim(net,pn(:,14));
al4 = postmnmx(al4n,mint,maxt);
Al (14,1) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A l (15,i) = al5;
al6n = sim(net,pn(:,16));
al6 = postmnmx(al6n,mint,maxt);
Al (16,i) = al6;
end
%*Original RBF
******************
for i = 1:10
p = [1 0.01 1 0.01 1 0.001 0.001 1 0.1 1 0.01 0.1 1 0.1 1 1;
2262.4 1879.70 2730.40 1793.6 1529.23 2787.5 4000 1000 1275.58
1318.78 2787.5 2787.50 2787.5 2707.47 3465.58 1440;
98 61 81 68 91 69.4 50 110 61 103.4 69.4 69.4 69.4 94 90 85,
0.54 1.23 1.39 0.98 0.87 1.4 1.5 0.1 0.9 0.87 1.4 1.4 1.4 0.5
0.92 0.95;
50 33 30 32 26 60 90 20 26 26 60 60 60 60 24 30; 1.8 2.0
2.5 1.8 2.0 2.2 2.9 1.0 2.0 1.7 2.2 2.2 2.2 1.7 2.35 2.2];
t = [0.21 0.82 0.60 0.50 0.21 0.91 1 0];
[pn,minp,maxp] = premnmx(p);
[tn,mint,maxt] = premnmx(t);
pn
net = newrb(pn(:,1: 8),tn);
an = sim(net,pn(:,1 :8));
a = postmnmx(an,mint,maxt)
aln = sim(net,pn(:,1));
al = postmnmx(aln,mint,maxt);
A (1,i) = al;
a2n = sim(net,p n (:,2));
a2 = postmnmx(a2n,mint,maxt);
A(2,i) = a2;
a3n = sim(net,pn(:,3));
a3 = postmnmx(a3n,mint,maxt);
A(3,i) = a3;
a4n = sim(net,pn(:,4));
a4 = postmnmx(a4n,mint,maxt);
A(4,i) = a4;
a5n = sim(net,p n (:,5));
a5 = postmnmx(a5n,mint,maxt);
A (5,i) = a5;
a6n = sim(net,p n (:,6));
a6 = postmnmx(a6n,mint,maxt);
A (6, i ) = a 6 ;
a7n = sim(net,pn(:,7));

304

a l = postmnmx(a7n,mint,maxt);
A(7,i) = a l i
a8n = sim(net,pn(:,8));
a8 = postmnmx(a8n,mint,maxt);
A (8, i ) = a 8;
a9n = sim(net,pn(:,9));
a9 = postmnmx(a9n,mint,maxt);
A(9,i) = a9;
alOn = sim(net,p n (:,10));
alO = postmnmx(alOn,mint,maxt);
A(10,i) = alO
alln - sim(net,pn(:,11));
ail = postmnmx(alln,mint,maxt);
A(ll,i) = ail
al2n = sim(net,pn(:,12));
al2 = postmnmx(al2n,mint,maxt);
A(12,i) = al2
al3n = sim(net,pn(:,13));
al 3 = postmnmx(al3n,mint,maxt);
A(13,i) = al3
al4n = sim(net,p n (:,14));
al 4 = postmnmx(al4n,mint,maxt);
A(14,i) = al4;
al5n = sim(net,pn(:,15));
al5 = postmnmx(al5n,mint,maxt);
A(15,i) = alS;
al6n = sim(net,p n (:,16));
al 6 = postmnmx(al6n,mint,maxt);
A(16,i) = al6;
plot(A, 'r-+ ')
hold on
plot(Al,'b-x')
hold off
xlabel('Types of Aircraft (1~8/1~6: Training sets, 9~16/7~16:
Prediction sets)'), ylabel('Effectiveness predictions'), grid
on
text(7,mean(A(7,l:i)),{num2str(mean(A(7,l:i)))},'FontSize',8)
text(9,mean(A(9,1 :i)),{num2str(mean(A(9,l:i)))},'FontSize',8)
text(13,mean(A(13,1:1)),{num2str(mean(A(13,l:i)))},'FontSize',
8)
text (14,mean ( A ( 1 4 , l : i ) ) , {num2str(mean( A (14,1 i)))},'FontSize',
8)

text (15,mean ( A (15, 1 :i)), (num2str(mean( A (15,1 i)))},'FontSize',
8)

text(1,mean(Al(1,1 :i)),{'r18C',num2str(mean(Al(1,1 :i)) )},'FontSize',8)
text(2,mean(Al(2,1 :i)), { 'EF2000' ,num2str(mean(Al(2,1 :i)) ) } , ' F o n t S i z e ',8)
text ( 3 , mean(Al(3 ,1 :i ) ) ,{ ' F15E',num2str(mean(A l (3 ,1 :i)) ) }, 'FontSize',

305

text(4,mean(A l (4,1 :i)), { 'RAFALE',num2str(mean(Al (4,1 :i)) ) }, 'Fo
ntSi ze',8)
text(5,mean(Al(5,1:!)),{'Gripen',num2str(mean(A l (5,1 :i))) }, 'Fo
ntSize',8)
text(6,mean(Al(6,1:!)),{'F22',num2str(mean(Al(6,1:1)))},'FontSize',8)
text(7,mean(Al(7,1 :i)),{ 'Ceiling',num2str(mean(Al(7,1 :i))) }, 'F
ontSize',8)
text(8,0,'Bottom','FontSize',8)
text(9,mean(Al(9,1 :i)),('Gripen',num2str(mean(Al(9,1 :i))) }, 'Fo
ntSize',8)
text(10,mean(Al(10,1 :i)),( 'Chingkuo',num2str(mean(A l (10,1 :i)))
},'FontSize',8)
text(11,mean(Al(11,1 :i)),{'F22X',num2str(mean(A l (11,1 :i))) }, 'FontSize',8)
text(12,mean(Al(12,1 :i)), ( 'F22Y',num2str(mean(A l (12,1 :i))) }, 'FontSize',8)
text(13,mean(Al(13,1 :i)), ( 'F22Z',num2str(mean(A l (13,1 :i))) }, 'FontSize',8)
text(14,mean(A l (14,1 :i)), { 'F18E',num2str(mean(Al(14,1 :i))) }, 'FontSize',8)
text(15,mean(Al(15,1 :i)) , { 'Su27',num2str(mean(Al(15,1 :i))) }, 'FontSize',8)
text(16,mean(Al(16,l:i) ),{ 'Mi rage', '20005',num2str(mean(Al(16,1 :i) )) }, 'FontSize',8)
text(7.3,0.8, '\LettarrowTrained with Artificial Data')
text(6.6,0.6, '\leftarrowTrained without Artificial Data')
title ({'Comparison of RBF Effectiveness Trained with/without
Artificial Data','([nput.s: PCS, Size, W/S, T/W, Max AoA, Max
Speed)'},'FontSize',8)
end

306

APPENDIX E
COMBAT AIRCRAFT QUESTIONNAIRE SURVEY

Dear Sir:
I am a PhD student of University College London, the subject of my
dissertation is: “Combat Aircraft Effectiveness Prediction by Artificial Neural
Network (ANN)”. I intend to model the effectiveness value fiinction of combat
aircraft by ANN, which can be used to economically predict the effectiveness of
combat aircraft according to their attributes, in the early stage of defence
investment decision analysis. The method currently used by most system analysts
in the ROC defence environment is AHP, in order to compare the outcomes of
ANN with that of AHP; I sincerely need your assistance to construct an objective
tree of combat aircraft. I am most grateful for your help and patience.
For the simplicity of implementation, a few criteria have been pre-selected
according to literature research and professional interview, as illustrated in Fig. 1.
The value tree consists of three levels; the top level is the overall goal, the second
level is the sub-criteria (objectives); and the bottom level consist of the attributes
which are available from general commercial specification.

Goal

EFFECTIVENESS

Objectives
M anoeuvrability

Survivability

L ethality

Attributes
Thrust-toweight
Ratio
(T/W)

Maximum
AoA

Wing
Loading
(SAV)

Maximum
Speed

Figure 1. Objective Tree
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Size

Radar
CrossSection

Please help to implement a pairwise comparison by judging the relative
importance of the criteria in the same level and fill the shaded cells of Table 1 to
Table 4, with the \iewpoint a pilot of fighter aircraft. Please fill in the values from
1 to 9 according to the following standard.
1:
3:
5:
9:
2,

A is weakly more important than B
A is strongly more important than B
A is demonstrably or very strongly more important than B
A is absolutely more important than B
4, 6, and 8: values in between

Table 1 Pairwise Comparison with
Respect to Effectiveness

Effectiveness
Manoeuvrabilit)'
Lethality
Sur\dvabilit\'

Manoeuvrabilit\-

:Lethalit\’

Sunivabüitrv'

1

1
1

Table 2 Pairwise Comparisons with
Respect to Manoeuvrability

Manoeuvrability'

Tlmist-to-\X eight
Ratio (TV\X')
Max AoA
Max Speed
Wing
I.oading
Size
Radar
Section

Max
Speed

4’hrust-toMax
VCeight Ratio AoA
(T/W)

IRadar
ICross
:Section

1

1

..... ......
1

!

I

1

1

_______ ...................

.............. .........
Cross

Size

Wing
Loading
(S/W)

:

' " r " .r —

-

1
1
1
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Table 3 Pairwise Comparisons with
Respect to Lethality

Max
Thrust-toWeight Ratio iAoA
(T

Lethalit}'

/ #

Max
Speed

1

Thrust-toWeight Ratio
(T/W-)
Max AoA
Max Speed
Wing Loading
(S/\X)
Size
Radar
Cross
Section

IWing
iLoading
l(s m

Size

Radar
Cross
Section

1

1

1

1

...........
1

1

Table 4 Pairwise Comparisons with
Respect to Survivability
Sunivabilit\’

Tlirust-toMax
Weight Ratio AoA
( T

Thrust-toWeight
Ratio

/ w

i

;Max
Speed

TXing
iSize
Loading
( S /W

:

- )

1

................

Max AoA
Max Speed
Wing Loading
.(SAX’)

Size
Radar
Section

Cross

I am grateful for you kindly assistance and thank you again!
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;

IRadar
ICross
ISection

BIBLIOGRAPHY

Aronstein, David C. & Albert C.
Picdrillo (1997) Have Blue and F117A.: Evolution of the “Stealth
Fighter”, AIAA
AGARD (1998) Aircraft Design
Integration and Affordability.
NATO’s Advisory Group for
Aerospace Research and
Development, R-826.
Agrell, Per J. & Joakim Wikner (1996)
A n M CDM Frameworkfor Dynamic'
Systems, International Journal of
Production Economics, Vol. 45,
pp. 279-292.
Alford, Lionel D , Jr. (1999) The
Problem with Aviation COTS.
Acquisition Review Quarterly,
summer. (Downloadable at
website wv\w.dsmc.dsm.mil)
Alpaydin, Ethem, I. Kuban Altinel,
and Necati Aras (1996) Parametric
Distance Functions vs. Nonparametric
Neural Networksfor Estimating Koad
Travel Distances. European Journal
of Operational Research, Vol. 92,
pp. 230-243.
Arbib, M. A. (1987) Brains, Machines,
and Mathematics, "^ edition. New
York, Springer-Verlag.
Armstrong, James E. JR. (1999) Issue
Formulation. In Handbook of
Systems Engineering and
Management, edited by Andrew P.
Sage & William B. Rouse John
Wiley & Sons, Inc.
Athanassopoulos, AD and W
Podinovski (1997) Dominance and
Potential Optimality in Multiple
Criteria Decision Analysis with

Imprecise Information. Journal of the
Operational Research Society, Vol.
48, pp. 142-150.
Augustine, Norman (1983) Augustine's
laws. New York, Viking Penguin
Avance, Derek W., Robert E. Clay,
David S. Grantham, David Kelly,
and John Rupp (1996) The Joint
Strike Fighter. Graduate thesis. Air
Command and Staff College,
April.
Bahdl, A. Terry and Clark Briggs
(2001) The Systems En^neering
Started in the Middle Process: A
Consensus of Systems Engineers and
Project managers. Systems
Engineering, Vol. 4, pp. 156-167.
Barzüai, Jonathan (1998) On the
Decomposition of Nalue Functions.
Operations Research Letters, Vol.
22, pp. 159-170.
Bashkirov, Igor (2001) The Influence of
“Stealth” Technolog)! on FlightPeformance and Maneuvering
Characteristics ofFighter Aircraft. A
Paper presented at the Aero India
2001 .
Belton, Valerie (1999) Multi-criteria
Problem Structuring and Analysis in A
Value Theory Framework. In
Multicriteria Decision Making:
Advances in MCDM Models,
Algorithms, Theory, and
Applications, edited by Tomas
Gal, Theodor J. Stewart, and
Thomas Hanne, Kluwer
Academic Publishers.
Belton, Valerie & T. Gear (1983) On a
Short-coming ofSaaty’s Method of

2

310

Birkler, John, John C. Grasser, Mark
V. Arena, Cynthia R. Cook,
Gordon Lee, Mark Lorell, Giles
Smith, Fred Timson, Obaid
Younossi, Jon G. Grossman
(2001)
Assessing Competitive
Strategiesfor theJoint Strike Fighter,
opportunities and options. RAND.
(Downloadable at website:
http: / / wavw.rand.org/publication
s/MR/MR1362/;i
Bitten, R.
Qualitative and
quantitative comparison ofgovernment
and industry agility metrics. Journal of
Aircraft, Volume 27, Number 3,
pp. 276-282.
Bitzinger, Richard A. (2000) Problems
and Prospects Facing Second-Tier
Arms-Producing States in the PostCold War Fra: A Comprehensive
Assessment. Discussion Paper,
Council on Foreign Relations.
Available on-line at
http:/ / ch.org/ public/arms trade/
Bitzinger Arms Paper.html
Bolkcom, Christopher & John Pike
(1996) Attack Aircraft Proliferation:
Issuesfor Concern, FAS Space Policy
Project. (Downloadable at website
http: / / fas.org/spp / aircraft/)
Boehm, B. W. (1981) Software
Fngineering Economics. Prentice-HaU
Advances in Computing Science
and Technology Series. PrenticeHaU, Englewood Cliffs, NJ.
Bradford, Jeffery Peter (1998)
Quantitative Modelling ofModem
Land Wafare: Operation Desert
Sword (1991). Defense Analysis,
Vol. 14, No. 3, pp. 277-298
Brans, Jean-Pierre (1996) The Space of
Freedom of The Decision Maker,

Analytic Hierarchies. Omega, pp.
228-230.
Belton, Valerie & Paul Goodwin
(1996) ^m arks on the Application of
The Analytic Hierarchy Process to
Judgmental Forecasting. International
Journal of Forecasting Vol. 12, pp.
155-161.
Belton, Valerie & Theodor J. Stewart
(2002) Multiple Criteria Decision
Analysis, A n IntegratedApproach.
Kluwer Academic Publishers.
Bemisi, Hugues, Gianluca Bontempi
and Christine Decaestecker (1995)
Comparing RBF and Fu!(ty Inference
Systems on Theoretical and Practical
Basis. IRIDIA Université Libre de
Bruxelles. (Downloadable at
website
http: / / citeseer.nj.nec.com/bersini
95comparing.html)
Beuthe, Michel, Louis Eeckhoudt,
and Giuseppe Scannella (2000) A
Practical Multicriteria Methodologyfor
Assessing
Public Investments.
Socio-Economic Planning
Sciences, 34, pp. 121-139.
Beuthe, Michel & Giuseppe Scannela
(2001) Comparative Analysis of
UTA Multicriteria Methods.
European Journal of Operational
Research 130, pp. 246-262.
Bianchini, Monica, Paolo Frasconi,
and Marco Gori (1995) Learning
mthout Local Minima in Rudial Basis
Function Networks. IEEE
Transactions on Neural Networks,
Vol. , No. 3, May 1995, pp. 749756. (Downloadable at website
http:/ / citeseer.nj.nec.com/bianch
ini951eaming.html)
6

311

http://www.jsc.nasa.gov/bu2/P
GEHHTML/ pceh.htm
Buede, Dennis M. (1994) Engineering
Design Using Decision Analysis.
Proceedings of IEEE
International Conference on
Systems, Man, and Cybernetics,
Vol. 2, pp. 1868-73
Buede, Dennis M. (1997) Developing
Originating Bfquirements: Defining the
Decision Decisions. IEEE
Transactions on Aerospace and
Electronic Systems, Vol. 33, No.
2, pp. 596-609
Buede Dennis M. (1999) Functional
Analysis. In Handbook of Systems
Engineering And Management,
edited by Andrew P. Sage &
William B. Rouse John Wiley &
Sons, Inc.
Buede, Dennis M. & Terry A.
Bresnick (1992) Application of
Decision Analysis to the Military
Systems Acquisition Process.
Interfaces Vol. 22, No. ,
November-December, pp. 110125.
Burgee, Susan L. & Layne T. Watson
(1995) The Promise (and B£ality) of
Multidisciplinary Design Optimisation.
Virginia Computer Science Tech
Report TR-95-13, Virginia
Polytechnic Institute and State
University, August 1995.
(Downloadable from website
http:/ / ei.cs.vt.edu:8090/Dienst/
UI/2.0/Describe/ncstrl.vatech c
s /TR-95-13?abstract—MDO)
Calvano, C. N., O. Jons, and R. G.
Keane (2000) Systems Engineering in
Naval Ship Design. Naval
Engineers J oumal, July.

Modelling The Human Brain.
European Journal of Operational
Research. Vol. 92, pp. 593-602.
Brans, J. Pierre (2002) Hthics and
Decision. European Journal of
Operational Research. Vol. 136,
pp. 340-352.
Brans, Jean-Pierre and Bertrand
Mareschal (1994) The Tromcalc <0°
G A IA Decision Support Systemfor
Multicriteria Decision Aid. Decision
Support System, Vol. 12, pp. 297310.
Brans, J. P. and PH. Vinke (1985) A
Preference Banking Organisation
Method (The PRO M ETH EE
Methodfor Multiple Criteria DecisionMaking). Management Science,
Vol. 31, No. , June, pp. 647-656.
Brans J.P., Ph. VINKE and B.
Mareschal (1986) How to Select and
How to Bank Projects: The Promethee
Method. European Journal of
Operational Research, Vol. 24, pp.
228-238.
Breiman, Leo (1998) Using Convex
Pseudo-Data to Increase Prediction
Accuracy Technical Report,
University of CaHfomia, Berkeley,
March 1998. Available on-line at
(Downloadable at website
http: / / oz.berkeley.edu/techreports / index.html)
Broomhead, D. S. & David Lowe
(1988) Multivariable Functional
Interpolation and Adaptive Networks
Complex Systems Vol. 2, pp. 321355.
Brundick, BH (1995) Parametric Cost
Estimating Handbook. NASA,
available on-line at
6

6

312

Camzosa, E., E. Coude, F.R.
Fernandez, J. Puerto (1995) Muticriteria Analysis with Partial
Information About the Weighting
Coefficients. European Journal of
Operational Research Vol. 81, pp.
291-301.
Chan, Kwai-Cheung (1997) Operation
Desert Storm, Dévaluation of the A ir
CoTTîpaign. GAO Report, NSIAD97-134, United States General
Accounting Office, June.
Available on-line at:
(Downloadable at website
http:/ / fas.org/man/gao/nsiad97
134/)
Chan, Lai-Wan (1996) IjevenhergMarquardt Learning and
Regulariî^ation Progress in Neural
Information Processing, edited by
S. Amari, L. Xu, L.-W. Chan, I.
King and K. S. Leung, Springer
Verlag, pp.139-144.
(Downloadable at website
http://www.cs.cuhk.bk/~lwchan
/home.btml)
Cbaudbary, Ravi I. (2000) Reliability
Means Performance. Program
Management, Marcb-April, pp.
24-28.
Chen, S., C. F. N. Cowen, and P.M.
Grant (1991) Orthogonal lueast
Squares Learning Algorithmfor
Radial Basis Function Networks.
IEEE Transactions on Neural
Networks, Vol. 2, No. 2, March,
pp. 302-309.
Chen, Yub-Wen & Gwo-Hsbiung
Tzeng (2001) Lfsing Fu^ty Integral
For Evaluating Subjectively Perceived
Travel Costs In A Traffic Assignment
Model European Journal of

Operational Research, 130, pp.
653-664.
Cheng, Ching-Hsue (1996) Evaluating
naval tactical missile systems byfu^fy
A H P based on thegrade value of
membershipfunction. European
Journal of Operational Research,
Vol. 96, pp. 343-350.
Cheng, Ching-Hsue, Kuo-Lung Yang
and Chia-Lung Hwang (1999)
Evaluating Attack Helicopters by
A H P Based on Linguistic Variable
Weight. European Journal of
Operational Research, Vol. 116,
pp. 423-435.
Chng, E.S., S. Cheng and B. Mulgrew
(1996) Gradient Reidial Basis
Function Networksfor Nonlinear and
Non-stationary Time Series Prediction.
IEEE Transactions on Neural
Networks, Vol. 7, No. 1, January,
pp. 190-194. (Downloadable from
website
http: / / citeseer.nj.nec.com/chng9
gradient.html)
Cohen, J., & Cohen, P. (1983).
Applied multiple regression!correlation
analysisfor the behavioral sciences.
Hillsdale, NJ: Lawrence Erlbaum
Associates, Inc.
Coit, David W. & Alice E. Smith
(1996) Solving the Redundancy
Allocation Problem Using a Combined
Neural Network! GeneticAlgorithm
Approach Computers Operations
Research, Vol. 23, No. , pp. 515526.
Cole, Elbert L. J.R. (1998) Functional
analysis: A System Conceptual Design
Tool IE E E Transactions on
Aerospace and Electronic
6

6

313

Systems Vol. 34, No. 2, April, pp.
354-365.
Coyle, J. M., D. Exelby, andj. Holt
(1999) Systems Dynamics in Defence
Analysis: Some Case Studies. Journal
of the Operational Society, Vol.
50 pp. 372-382.
Correll, John T. (1997) Flak Aheadfor
the F-22. Air Force Magazine, Vol.
80, No. 1, Available at
http:/ /\vw\v.afa.org/magazine/ed
itorial/ 01 edit97.html
Crossley, William A. & David H.
Laananen (1997) The Genetic
Algorithms as an Automated
Methodologyfor Helicopter Conceptual
Design. Journal of Engineering
Design, Vol. , No. 3, pp. 231250.
Curry, B. & P. Morgan (1997) Neural
Networks: A Needfor Caution.
Omega, International Journal of
Management Science, Vol. 25, No.
1, pp. 123-133.
DAU (2001) Systems Fngineering
Fundamentals. Defense Acquisition
University Press, Fort Belvoic,
Virginia.
D ’Avignon, GiUes R. & HeinzMichael Winkels (1986)
Multicriteria Decision A id for the
Management of Uncertainty. In The
Management of Uncertainty:
Approaches, Methods and
Applications, edited by Luc
Wilkin and Alan Sutton, Martinus
Nijhoff Publishers, Dordrecht,
The Netherlands, pp. 75-138.
Defense link (2001) Secretaries of
Defense. (Available on-line at
http: / /ww^v.defenselink.mü/spec

ials / secdef histories /bios / mena
mara.htm)
Demuth, Howard & Mark Beale
(1992-1998) Neural Network
Toolbox,for Use with MLATLAB,
Version 3, The MathWorks, Inc.
Deptula, David A. (2001) Fffects-Based
Operations: Change in the Nature of
War. Aerospace Education
Foundation.
Eckart, C. & G. Young (1939) A
PrincipalA xis Tranformationfor
Non-Hermitian Matrices. American
Mathematical Society Bulletin, 45,
pp. 118-221.
Eisner, H. (1992) The New Process of
ArchetypingforFarge-Scale Systems
Integration. Proceedings of the
International Symposium of the
National Council on Systems
Engineering, CCOSE, Vol. 1, pp.
51-58.
Eum, Yun Seong, Kyung Sam Park,
and Soung Hie Kim (2001)
Fstahlishing Dominance and Potential
Optimality in Multi-Criteria Analysis
with Imprecise Weight and Value.
Computers & Operations
Research Vol. 28, pp. 397-409.
Faggin, F. (1991) V L S I Implementation
ofNeural Networks. Tutorial Notes,
International Joint Conference on
Neural Networks, Seattle
Fan, Zhi-ping, li-hui Zheng and Dehui Pan (1997) A Subjective and
Objective Synthetic Methodfor Multiple
Attribute Decision Making.
Proceedings of The 13* World
Congress International Federation
of Automatic Control, Vol. L, pp.
255-260.

8

314

Accounting Office, GAO/HR97-6.
Geoffrion, A.M., J.S. Dyer, and A.
Feinberg (1972) A n Interactive
Approachfor Multi-criterion
Optimif^ation, with A n Application to
The Operation ofAcademic
Department. Management Science,
19, pp. 357-368.
Gkosi, Federico & Poggio, Tomaso
(1989) Networks and the Best
Approximation Property. A. I. Memo
No. 1164 & C. B. I. P. Paper No.
45, Massachusetts Institute of
Technology. Available at
http://citeseer.nj.nec.com/17603
7.html
Golub, G. H. & C. H. Reinsch (1970)
Singular Value Decomposition and
Least Square Solution. Numerical
Mathematics, 14, pp. 403-20
Good, I. J. (1969) Some Applications of
the Singular Value Decomposition of a
Matrix. Technometrics, 11, pp.
823-31
Gori, M. & A. Tesi, (1992) On The
Problem ofLocal Minima in
Backpropagation. (Downloadable at
website
http: / / citeseer.nj.nec.com/73329.
html)
Gower,}. C. and P. G. N. Digby
(1980) Expressing Complex
B£lationships in Two Dimensions.
appeared in “Interpreting
Multivariate Data”, edited by Vic
Barnett, John Wiley & Sons,
pp.83-118.
Gower,}. C. and D .}. Hand (1996)
Biplots. Chapman & Hall, London
Grant,}. (2000) Ensuring Succèsfful
Implementation of Commercial Off-

Forrester,}. W. (1961) Industrial
Dynamics. Cambridge, MA, MIT
Press.
Freeman, Kenneth. (1999) Assessing
Cost Effectiveness: The B-2 In
Conventional Missions. RUSI,
December, pp. 36-42.
Fulghum, David A. (2001) Stealth
Engine Advances Bevealed in JSF
Designs. Aviation Week & Space
Technology, 19* March 2001,
Available online at
http:/ / www. a\iationno w. com / co
ntent/publication/ awst/2001031
9/a\v90.htm
Funahashi, Ken-Ichi (1989) On the
Approximate Tealie^ation of
Continuous Mappings by Neural
Networks. Neural Networks, Vol.
2, pp. 183-192
Gabriel, K.R. (1971) The Biplot Graphic
display ofMatrices with Application to
Principal Component Analysis.
Biometrika, 58, 3, pp. 453-467.
Gabriel, K. R. (1980) Biplot Display of
Multivariate Matricesfor Inspection of
Data and Diagnosis, appeared in
“Interpreting Multivariate Data”,
edited by Vic Barnett, John Wüey
& Sons, pp. 147-173.
Galkin, Ivan (1991) Crash Introduction
to Artificial Neural Networks
Materials for UML 91.531 Data
Mining course. (Downloadable at
website
http://ulcar.uml.edu/~iag/CS/In
tro-to-ANN.html)
Gallant, Stephen I. (1993) Neural
Network Teaming A nd Expert
Systems. The MIT Press
GAO (1997) Defense Systems Acquisition.
The United States General

315

Courses ofActions. In Handbook of
Systems Engineering and
Management, edited by Andrew P.
Sage and WUUam B. Rouse, John
Wiley & Sons, Inc.
Honavar, Vasant (1997) Radial Basis
Function Networks. Lecture Notes
for Neural Computation,
Artificial InteUigence Research
Group, Iowa State University
(Downloadable at website
http://www.cs.iastate.edu/~cs47
4 /spring98/lecturenotes.html)
Hormk, Kurt. (1989) Multilayer
Feedforward Networks are Universal
Approximators. Neural Networks,
Vol. 2, pp. 359-366.
Homick, Kurt Homik, MaxweU
Stinchcombe and Halbert White
(1990) UniversalApproximation of
an Unknown Mapping and Its
Derivatives Using Multilayer
Feedforward Networks. Neural
Networks, Vol. 3. pp. 551-560
Hua, His-chun (1997) The Story ofYunHan, The Process ofID F Fighter
Engine Development. China
Productivity Center, Taipei (in
Chinese).
Hua, His-chun (1999) The Sky of
Combat Aircraft. Commonwealth
PubUshing, Taipei (in Chinese).
Hwang, Ching-Lai & Kwangsun
Yoon (1981) Multiple Attribute
Decision Making Methods and
Applications, Springer-Verlag, pp.
208.
Ignizio, James P. (1998) Integrating Cost,
Effectiveness, A n d Stability,
Acquisition Review Quarterly,
winter, pp. 551-60.

The-ShelfProducts (COTS) in A ir
Force Systems. Defense Systems
Management College Press,
Virginia.
Greenacre, Michael J. (1984) Theory
andApplications of Correspondance
Analysis. Academic Press, London
Greenman, Roxana M. (1998) TwoDimensional Fligh-lijtAerodynamic
Optimif^ation Using Fleurai Networks.
NASA/TM-1998-112233.
(Downloadable at website
http:/ / atrs.arc.nasa.gov/atrs/gree
nman/9811759/9811759.refer.ne
w.html
Hajela, Prabhat (1999) Softcomputingin
Multidisciplinary Aerospace Design —
NewDirectionsfor Research. Paper
presented at the RTO AVT
Symposium on “Aerodynamic
Design and Optimisation of
Flight Vehicles in a Concurrent
Multi-Disciplinary Environment”,
held in Ottawa, Canada, 18-21
October 1999, and published in
RTO MP-35.
Haykin, Simon (1999) Neural Networks,
A Comprehensive Foundation.
Prentice-HaU.
Hazelrigg, G. A. (1996) Systems
Fngineering. A n Approach to
Information-Based Design. PrenticeHaU.
Hazen, Gordon B. (1986) Partial
Information, Dominance, and Potential
Optimality in Multiattribute Utility
Theory. Operations Research, Vol.
34, No. 2, March-Aphl, pp. 296310.
Hipel, Keith W., D. Marc KUgour,
and Siamak Rajabi (1999)
Operations Research and Refinement of

316

lISS (1996) Strategic Survej 1995-1996.
The International Institute for
Strategic Studies
Jacquet-Lagreze, E. and J. Siskos
(1982) Assessing a set of additive
utilityfunctionsfor multicriteria
decision-making^ the U TA method.
European Journal of Operational
Research, 10, pp. 151-164
Jacquet-Lagreze, E. and J. Siskos
(2001)
Preference Disaggregation: 20
Years ofM CD A Experience.
European Journal of Operational
Research 130, pp. 233-245
Jan, T-S & C-G Jan (2000) Development
of Weapon Systems in Developing
countries: A Case Study ofLong Range
Strategies in Taiwan. Journal of the
Operational Society Vol. 51, pp.
1041-1050.
Kahaneman, D., P. Slovic, and A.
Tversky (editors) (1982) judgement
Under Uncertainty: Heuristics and
Biases. New York, Cambridge
University Press.
Kahaneman, D., & A. Tversky (1979)
Prospect Theory. Econometrica Vol.
47, pp. 263-291
Kan, Shirley A., Christopher Bolkcom,
and Ronald O ’Rourke (2000)
China’s Foreign ConventionalArms
Acquisitions: Background and
Analysis. CRS Report for
Congress, October 10, 2000.
(Downloadable from website
www.fas.org/man/crs/RL30700.
P#
Kandebo, Stanley W. (2000) Super
Hornet Cost Reductions Could Boost
Export Potential Aviation Week &
Space Technology, April 10, pp.
58-61.

317

Karlsson, Joachim & Ryan, Kevin
(1997) A Cost-Value Approachfor
Priorititfng Requirements. IEEE
Software, September/October,
pp. 67-74.
Kaufhiann, William W. (1964) The
McNamara Strategy, Harper & Row
Publishers, NY.
Kausal, Tony, Gertrud Humily,
Trevor Taylor and Peter Roller
(1999) A Comparison of the Defense
Acquisition Systems ofFrance, Great
Britain, Germany and the United
States. Defense Systems
Management College Press,
Virginia.
Kaye, Michael A. Sobota, Mark S.,
Graham, David R., and Gotwald,
Allen L. (2000) CostA s A n
Independent Hariahle: Principles and
Implementation. Acquisition Review
Quarterly, Fall, pp. 353-372.
Kayton, Myron. (1997) A Practitioner’s
View ofSystem Engineering. IEEE
Transactions on Aerospace and
Electronic Systems, Vol. 33, No.
2, April, pp. 579-586.
Keeney, Ralph L. (1988) Value-Focused
Thinking and The Study of Values. In
Decision Making - Descriptive,
Normative, and Prescriptive
Interactions, Edited by David E.
Bell, Howard Raiffa, and Amos
Tversky, Cambridge University
Press.
Keeney, Ralph L. (1992) Value-Focused
Thinking —A Path to Creative
Decision making. Harvard
University Press.
Keeney, Ralph L. (1996) Value-Focused
Thinking. Identifying Decision
Opportunities and Creating

Alternatives. European Journal of
Operational Research, pp. 537549.
Keeney, Ralph L. & Howard Raiffa
(1976) Decision With Multiple
Objectives: Preferences and Value
Tradeoffs. ]ohn Wiley & Sons
Kirkpatrick, David (1995) The Rising
Unit Cost of Defence Equipment-The
Reasons and The Results. Defence
and Peace Economics, 1995, Vol.
, pp. 263-281.
Kirkpatrick, David (1996) Choose Your
Weapon: Combined Operational
Effectiveness and Investment Appraisal
(COEIA) and Its Role in UK Defence
Procurement. Royal United Services
Institute for Defence Studies.
Kirkpatrick, David (2000) Whole Life
Cost Forecasting. RUSI Journal,
August, pp. 25-29.
Kirkpatrick, D.L.I. & J.S. Smith (1990)
Multidisciplinary Optimisation in
Aircraft Design, ICAS-90-2.3.1
International Council for
Aeronautical Sciences, 17*
Congress Proceedings, Vol. 1, pp.
434-441.
Kirkwood, Craig W. (1999) Decision
Analysis. In Handbook of Systems
Engineering and Management,
edited by Andrew P. Sage and
William B. Rouse, John Wiley &
Sons, INC.
Kitfield, James (1999) The High Cost of
Upgrades. Government Executive
Magazine, 30 August 1999.
(Downloadable at website
http: / / govexec.com/features / 99t
op/08a99sl 3.htm)
Klein, B. D. & D. F. Rossin (1999)
Data Quality in Neural Network

Model: effects of error rate and
magnitude of error on predictive accuracy.
Omega, The International Journal
of Management Science.Vol. 27,
pp. 569-582
Korhonen Pekka J. & Jukka Laakso
(1986) A Visual Interactive Method
for Solving the Multiple Criteria
Problem. European Journal of
Operational Research, 24, pp.
277-287.
Korte, J. J., R. P. Weston, and T. A.
Zang (1997) Multidisciplinary
Optimif^ation Methodsfor Preliminary.
Design Technical Report, NASA
Langley Research Center.
(Downloadable at website
http:/ / techreports.larc.nasa.gov
trs /PDF/1997 /mtg/NASA-97agard-jjk.pdf)
Kostkowski, M. & R. Slowinski (1996)
UTA+ Application (v 1.20) user’s
manual. Cahier Lamsade 95
Kranowski, W.J. (2000) Principles of
Multivariate Analysis, A User’s
Perspective. Oxford University
Press, New York
Krekel, Bob (1998a) Decision Modelfor
Selecting The Rest A ir Start Unit For
Naval Aviation. Course Notes, Mgt
224 Executive Decision Making,
The George Washington
University. (Downloadable at
website
http: / / mdm.gwu.edu/ forman)
Krekel, Bob (1998b) Resource Allocation
Modelfor Naval Aviation Common
Ground Equipment. Course Notes,
Mgt 224 Executive Decision
Making, The George Washington
University. (Downloadable at

6

/1

318

website
http:/ / mdm.gwu.edu/ forman/)
Kroo, Ilan, Steve Altus, Robert Braun,
Peter Gage, and lan Sobieski
(1994) Multidisciplinary Optimiî^ation
MethodsforAircrajt Preliminary
Design Program Report, Stanford
University. (Downloadable at
website
http:/ / aero.stanford.edu/Reports
/]VlDQ94.html)
Kroo, Ilan and Masami Takai (1998)
A Quasi-Procedural, Knowledge-Based
Systemfor Aircraft Design. Program
Report, Stanford University.
(Downloadable at website
http:/ / aero.stanford.edu/Reports
/ OpforDesign.hmil)
Ku^çu, ibrahim & Chris Thronton
(1994) Design ofArtificial Neural
Networks Using Genetic Algorithms:
P^view and Prospect. Cognitive and
Computing Science, University of
Sussex, Apnl 30,1994.
(Downloadable at website
W W W , cogs ■
susx.ac. uk)
Kutschera, Anthony & Peter M.
Render (1999) Design Tools For
Peformance Assessment ofFighter
Aircraft Incorporating New
Technologies. Paper presented at the
RTO AVT Symposium on
“Aerodynamic Design and
Optimisation of Flight Vehicles in
a Concurrent Multi-Disciplinary
Environment”, held in Ottawa,
Canada, 18-21 October 1999, and
published in RTO MP-35, pp. 291-29-9
Lai, S-K (1995) A Preference-based
Interpretation ofAH P. Omega,
International J oumal of

Management Science, Vol. 23, No.
4, pp. 453-462.
Lam, Wing (1999) Managing
P^quirement in a Product Family
Approach to Systems Engineering. The
Journal of The International
Council on Systems Engineering,
Vol. 2, No. 1, pp. 46-55.
Lambeth, Bejamin S. (1997) The
Technolog)! P^volution in A ir Wafare.
Survival, Vol. 39, No. 1, Spring,
pp. 65-83.
Lane, David M. (2001) HyperStat online
Textbook (Available on-line at
website
http://davidmlane.com/h\perstat
Lee, Jin Woo & Soung Hie Kim
(2000) Using Analytic Network
Process and Goal Programmingfor
Interdependent Information System
Project Selection. Computers &
Operations Research, Vol. 27, pp.
367-382.
Lee, Kyung Sang, Kyung Sam Park,
and Soung Hie Lim (2002)
Dominance, Potential Optimality,
Imprecise Information, and Hierarchical
Structure in Multi-criteria Analysis.
Computers & Operations
Research, Vol. 29, pp. 1267-1781.
Lee, Sang M. & David L. Olson (1999)
Goal Programming. In Multicriteria
Decision Making: Advances in
MCDM Models, Algorithms,
Theory, and Applications, edited
by Tomas Gal, Theodor J.
Stewart, and Thomas Hanne,
Kluwer Academic Publishers.
Lee, Young-Woo & Byong-Hun Ahn
(1991) Static Valuation of Combat
Force Potential by the Analytic
Hierarchy Process. IEEE

319

Transactions on Engineering
Management, Vol. 38, No. 3,
August, pp. 237-244.
Leshno, Moshe, Vladimir Ya. Lin,
Allan Pinkus, and Shimon
Schocken (1993) Multilayer
Feedforward Networks With a
NonpolynomialActivation Function
Can Approximate Any Function.
Neural Networks, Vol. , pp. 861867.
Leite, M. J. & D. R. Mensh (1999)
Definition ofEvaluation Criteriafor
System DevelopmentAcquisition
Modeling and Simulation. Naval
Engineers Journal, January, pp.
55-81
Leung, Mark T., An-Sing Cheng, and
Hazem Daouk (2000) Forecasting
Exchange Rates Using General
Regression Neural Networks.
Computers & Operations
Research Vol. 27, pp. 1093-1110.
Lewandowski, Andrzej & Janusz
Granat (1991) Dynamic BIPLOT as
the Interaction Intefacefor Aspiration
Based Decision Support Systems,
appeared in “Multiple Criteria
Decision Support”, Proceedings
of The International Workshop
held in Helsinki, Lecture Notes in
Economics & Mathematical
System: 356, edited by P.
Korhonen, A. Lewandowski, and
J. Wallenius, Springer-Verlag,
Berlin, pp. 229-241.
Li, Hong-xing and Xu l i Da (2000) A
Neural Network Representation of
Linear Programming. European
Journal of Operational Research,
Vol. 124, pp. 224-234.

Liu, Li-chun (2000) Scientific
Management ofForce Programming.
Military Focus Review, March 10*.
Available on-line at
http: / / www.diic.com.tw/comme
nt/news-old/000310.htm (in
Chinese)
Lovell, David & Peter Bartholomew
(1999) Progress Forwards a Multi
disciplinary Analysis and Optimisation
Capabilityfor A ir Vehicle Assessment
and Design. Paper presented at the
RTO AVT Symposium on
“Aerodynamic Design and
Optimisation of Flight Vehicles in
a Concurrent Multi-Disciplinary
Environment”, held in Ottawa,
Canada, 18-21 October 1999, and
published in RTO MP-35.
Lorell, Mark, Daniel P. Raymer,
Michael Kennex, and Hugh
Levaux (1995) The Gray Threat,
Assessing the Next-Generation
European Fighters. RAND.
Lorell, Mark A. & Hugh P. Levaux
(1998) The cutting edge, A H a f
Century of U.S. Fighter Aircraft R e>*
D RAND. (Downloadable at
website
http:/ / www.rand.org/publication
S/MR/MR939/)
Lorell, Mark, Julia Lowell, Michael
Kennedy, and Hugh P. Levaux
(2000) Cheaper, Faster, Better‘d
CommercialApproaches to Weapons
Acquisition RAND.
(Downloadable at website
http: / / www.rand.org/publication
S/MR/MR1147/)
Losa, Fabio B., Rob Van Den Honert
and Alison Joubert (2001) The
Multivariate Analysis Biplot as a Tool

6

320

http:/ / design.mit.edu/papers /RE
ADME 1993.html
Mason, T. (1994) A ir Power, A
CentennialAppraisal Brassey’s (UK)
Ltd.
Mavris, Dimitri N. & Daniel A.
DeLaurentis (2000) A Probabilistic
Approachfor Examining Aircrcft
Concept Feasibility and Viability.
Aircraft Design Vol. 3, pp. 79-101
Mcllvaine, PaulJ. (2000) The Evolution
of2 V Century Acquisition A n d
Logistics P^form. Acquisition
Review Quarterly, Fall,
(Downloadable at website
http://www.dsmc.dsm.mil)
McKitrick, Jeffery, James Blackwell,
Fred Littlepage, George Kraus,
Richard Blanchfield, and Dale
HiU (1995) The Pfvolution in
Military Affairs. SAC Studies,
Strategic Assessment CenterScience Applications International
Corporation. (Downloadable at
website
http: / / sac.saic.com/docs / SACR
NL\Art.pdf)
McNally, William P. Will Commercial
Specifications Meet Our Future A ir
Power Needs? Acc\\Asi\ion Review
Quarterly, Summer 1998,
(Downloadable at website
http:/ / www.dsmc.dsm.mil)
Micchelli, C. A. (1986) Interpolation of
Scattered Data: Distance Matrices
A nd Conditionally Positive Definite
Functions. Constructive
Approximation, Vol. 2, pp. 11-22
Millet, Ido & Thomas L. Saaty (2000)
On the P^lativity measures —
Accommodating Both Pjink
Preservation and Rank Reversals in the

for ConflictAnalysis in M CDA.
Journal of Multi-Criteria Decision
Analysis. Vol. 10, pp. 273-284.
Lovell, David & Peter Bartholomew
(1999) Progress Torwards a Multi
disciplinary Analysis and Optimisation
Capabilityfor A ir Vehicle Assessment
and Design. Paper presented at the
RTO AVT Symposium on
“Aerodynamic Design and
Optimisation of Flight Vehicles in
a Concurrent Multi-Disciplinary
Environment”, held in Ottawa,
Canada, 18-21 October 1999, and
published in RTO MP-35.
Maghami, Peiman, and Dean W.
Sparks, Jr. (2000) Design ofNeural
Networksfor Fast Convergence and
Accuracy: Dynamics and Control
IEEE Transactions on Neural
Networks, Vol. 11, No. 1, January,
pp. 113-123.
Mair, W. Austyn & David L. Birdsall
(1992,1998) Aircraft Peformance.
Cambridge University Press.
Malakooti, B. & Ying Q. Zhou (1994)
FeedforwardArtificial Neural
Networksfor Solving Discrete Multiple
Criteria Decision Making Problems.
Management Science, Vol. 40, No.
11, pp. 1542-1561.
Mareschal, Bertrand and Jean-Pierre
Brans (1988) Geometrical
Pfpresentationsfor MCDA.
European Journal of Operational
Research, Vol. 34, pp. 69-77
Marsh, Eric R., Alexander H. Slocum
and Kevin N. Otto (1993)
Fiierarchical Decision Making in
Machine Design, MIT Precision
Engineering Research Center.
Available on-line at

321

AH P. European Journal of
Operational Research, Vol. 121,
pp. 205-212.
Minsky, M. and S. Papert (1969)
Perceptrons: A n Introduction to
Computational Geometry MIT Press,
Cambridge.
Mitchell, Melanie (1996) A n
Introduction to Genetic Algorithms.
The MIT Press.
Mladineo, N., I. Lozic and S. Stosic
(1992) A n Evaluation ofMulticriteria
Analysisfor DSS in Public Policy
Decision. European J oumal of
Operational Research, Vol. 61, pp.
219-229.
Monga, Amit & Ming J. Zuo (1998)
Optimal System Design Considering
Maintenance and Warranty
Computers Operations Research
Vol. 25, No. 9, pp. 691-105.
Moody, John. (1994) Prediction Risk
and Architecture Selectionfor Neural
Networks, Appeared in From
Statistics to Neural Networks: Theoy
and Pattern Recognition Applications,
edited by V. Cherkassky, J.H.
Friedman and H. Wechsler (eds.),
NATO ASI Series F, SpringerVerlag. (Downloadable at website
http://citeseer.nj .nec.com/mood
y94prediction.html)
Murray-Smith Roderick (1994) Eocal
Model Network and Eocal Eeaming
Fuzzy-Duisburg ’94, University of
Duisburg, April 7-8.
(Downloadable at website
http:/ / citeseer.nj.nec.com/murra
y-smith941ocal.htm])
Nakashima A., A. Hirabayashi and O.
Ogawa (2001) Error Correcting
Memoris^ation EeamingforNoiy

322

TrainingExamples. Neural
Networks, Vol. 14, pp. 79-92.
Nguyen, Nghiep and Ai Cripps (2001)
Predicting Housing Halue: A
Comparison ofMultiple R£gression
Analysis and Artificial Neural
Networks. Journal of Real Estate
Research, Vol. 22, No. 3, 2001
O ’Hanlon, Michael E. (1999) The
Plane Truth: Fewer F-22s Means a
Stronger National Defense, The
Brookings Institution Policy Brief
#53, September. (Downloadable
at website:
http://www.mna.edu/globalbeat/
usdefense/Ohanlon0999.htnl).
Oliveira, M. Beatriz, M. Rui Alves,
and Margarida A. Ferreira (2001)
Multivariate analysis offatty acid cis
and trans isomers in margarines
determined by H RG C IFID I capillary
column,'^owvcvsS of Chemometrics,
2001; 15:71-84.
Osborne, Jason & Elaine Waters
(2002). Four assumptions of multiple
regression that researchers should always
test. Practical Assessment,
Research & Evaluation, 8(2).
Available online:
http:/ / ericae.net/pare/getvn.asp?
v= &n= .
Orr, Mark J. L. (1996) Introduction to
Radial Basis Function Networks
Centre for Cognitive Science,
University of Edinburgh.
(Downloadable at website
www.anc.ed.ac.uk/~mio/papers/
intro.ps)
Owens, William A. (1996) Microchip
Wars. New Zealand Defence
Quarterly, Summer, pp. 13-15.
8

2

Jr., R. James Woolsey, and Ernest
C. Arbuckle (1986) A Formulafor
Action, A Report to The President on
Defense Acquisition. The President’s
Blue Ribbon Commission on
Defense Management.
(Downloadable at website
http: / / www.ndu.edu/ ndu/libran^
/ goldnich/36ac7c2.pdf)
Pinney, Charles W. (1999) The USAF
P E G /D A C IM A D Structure:
Successful Patternfor Future Weapon
System Acquisition'? Acquisition
Review Quarterly, Winter
(Downloadable at website
http://www.dsmc.dsm.mU)
Poggio, T. & F. Girosi (1990)
Regularization Algorithmsfor
Teaming That Are Equivalent to
Multilayer Networks. Science, Vol.
247, pp. 978-982.
Poh, K. L. A (1998) Knowledge-based
Guidence Systemfor Multi-attribute
Decision Making. Artificial
Intelligence in Engineering Vol.
12,315-326.
Portier, K. M. (2001) Principal
Components Analysis. Course Notes,
Department of Statistics,
University of Florida.
(Downloadable at website
http: / / fasstat.ufl.edu/sta4702/ pd
f/lecture03.pdf)
Powell, M.J.D. (1987) RudialBasis
Functions F or Multivariable
Interpolation: A Review. In
Algorithms for Approximation,
Based the proceedings of the
IMA conference on Algorithms
for the Approximation of
Functions and Data held at the
Royal Military College of Science,

Pannell, David J. (1997) Sensitivity
Analysis ofNormative Economic
Models: Theoretical Framemrk and
Practical Strategies. Departmental
Paper, Agricultural and Resource
Economics, University of
Western Australia.
(Downloadable at website
www.general.uwa.edu.au/u/dpan
nell/dpap971f.htm)
Park,}. & I.W. Sandberg (1991)
UniversalApproximation Using
Radial-Basis-Function Networks.
Neural Computation, Vol. 3, 246257.
Park, Kyung Sam, Soung Hie Kim
and Wan Chul Yoon (1996) A n
Extended Model For Establishing
Dominance in Multiattrihute
Decisionmaking. Journal of the
Operational Research Society. Vol.
47,1415-1420.
Patterson, F. G. JR. (1999) Systems
Engineering Fife Cycles: Fife Cyclesfor
Research, Development, Test, and
Evaluation; Acquisition; and Planning
and Marketing. In Handbook of
Systems Engineering And
Management, edited by Andrew P.
Sage & WiUiam B. Rouse John
Wiley & Sons, Inc., pp. 59-111.
Pearman, A. D. (1993) Establishing
Dominance in Multiattribute Decision
Making Using an Ordered Metric
Method. Journal of Operational
Research Society. Vol. 44, No. 5,
pp. 461-469.
Pedhazur, E. J., (1997). Multiple
Regression in Behavioral Research (3"^
ed.). Orlando, FL: Harcourt Brace.
Perry, WiUiam J., David Packard,
Louis W. Gabot, Charles J. PiUiod,

323

Shrivenham, July 1985, edited by J.
C. Mason and M. G. Cox,
Clarendon Press, Oxford, pp.
143-167.
Pratt, Richard & Valerie Belton (1999)
Multi-criteria Decision Analysis: A
StructuredApproach to Making
Choices. Journal of Defence
Science Vol. 4 No. 4, DERA.
Przemieniecki, J.S. (1993) Acquisition of
Defense Systems., American Institute
of Aeronautics and Astronautics,
Inc., 1993, pp. 13-14.
RachHn, Howard (1989) Judgement,
Decision, and Choice, A
CognitivefBehavioral Synthesis. W. H.
Freeman and Company.
Rains, Dean A. (1990) A Systems
Engineering Approach to Suface
Combatant Design Issues. Naval
Engineers Journal, May, pp. 228239.
Rains, Dean A. (1999) Fleet M ix
Mission Effectiveness Analysis Naval
Engineers Journal, January, pp.
65-81.
Rand Review (1999) Regaining
Equilibrium, How Defense Planning
Can Help U.S. Forces Balance
Multiple Goal Vol. 23, No. 1,
Spring, pp. 20-23 (Downloadable
at website http://www.rand.org)
Rasmussen J., Annelise Mark
Pejtersen, and L.P. Goodstein
(1994) Cognitive Systems Engineering.
John Wiley & Sons, Inc.
Raveh, Adi (2000) Co-plot: A Graphic
Display Methodfor Geometrical
Representations ofMCDM.
European Journal of Operational
Research, Vol. 125, pp. 670-678

Raymer, Daniel P. (1999) Aircraft
Design: A ConceptualApproach. 3"'^
edition, American Institute of
Aeronautics and Astronautics, Inc.
Reed, Russell D. & Robert J. Marks,
II (1999) Neural Smithing, Supervised
Eeaming in FeedforwardArtificial
Neural Networks. The MIT Press.
Reiftnan, Jaques and Earl E. Feldman
(2002) Multilayer Ferceptronfor
Nonlinear Programming. Computers
and Operations Research, Vol. 29,
pp. 1237-1250.
Rios Insua, David (1990) Sensitivity
Analysis in Multi-Objective Decision
Making. Springer (Lecture Notes
in Economics and Mathematical
Systems, Vol. 347), BerHn.
Rios Insua, David and Simon French
(1991) A Frameworkfor Sensitivity
Analysis in Discrete Multi-objective
Decision-making, European Journal
of Operational Research, Vol. 54
pp. 176-190.
Rodin, E. Y. & S. M. Amin (1992)
Maneuver Prediction in A ir Combat
via Artificial Neural Networks.
Computers and Mathematics with
Applications, Vol. 24, No. 3, pp.
95-112, August.
Rodriguez, Francisco (2001) Artificial
Neural Networks. Available on-line
at:
http:/ / www.gc.ssr.upm.es / inves /
neural/annl / concepts /biotype.ht
ml
Rojas, R. (1996) Neural Networks, A
Systematic Introduction. SpringerVerlag Berlin Hiedelberg.
Romaniuk, Steve G. & Lawrence O.
Hall (1993) Divide and Conquer

324

NeuralNetmrks. Neural Networks,
Vol. , pp. 1105-1116
Romano, Anthony (1998) Jolut Vision
2010: Developing the Systems O f
Systems. Master’s thesis. Maxwell
Air Force Base, Alabama.
Ronco, Eric & Peter Gawthrop (1995)
Modular Neural Networks: A State of
the Art. Technical Report CSC95026, University of Glasgow.
Rosenbloom, E. S. (1996) A
Probabilistic Interpretation of the Final
Panking in A H P. European
Journal of Operational Research,
Vol. 96, pp. 371-378.
Royce, W. W. (1970), Managing the
development of large software y stems:
Concepts and Techniques. Proc. O f
WESCON, pp.1-70
Saaty, Thomas L. (1980) The Analytic
Hierarchy Process. McGraw-Hill.
Saaty, Thomas L. (1986) Axiomatic
Foundation of The Analytic Hierarchy
Process. Management Science Vol.
32 No. 7, July.
Saaty, Thomas L. (1990) The Analytic
Hierarchy Process. RWS
Publications.
Saaty, Thomas L. & Vargas, Luis G.
(1991) Prediction, Projection and
Forecasting, Kluwer Academic
Publishers.
Saaty, Thomas L. (1994) Fundamentals
of Decision Making and Priority
Theory with the AH P. RWS
Publications.
Saaty, Thomas L. (1996) Decision
Making With Dependence A n d
Feedback: The Analytic Network
Process. RWS Publications.
Salo, Ahti A. & Raimo P. Hâmàlàinen
(1992) Preference Assessment by

Imprecise Ratio Statements.
Operations Research, Vol. 40, No.
, November-December, pp.
1053-1061.
Salo, Ahti A. & Raimo P. Hamalainen
(1997) On the Measurement of
Preferences in the Analytic Hierarchy
Process,
of Multi-Criteria
Decision Analysis, Vol. , pp.
309-319.
ScanneUa, Giuseppe & Michel Beuthe
(2001) Assessing Risky Public
Investments with M U STARD .
Journal of Multi-criteria Decision
Analysis, 10, pp. 287-302.
Schilling, Robert J., James J. Carroll
and Ahmad F. Al-Ajlouni (2001)
Approximation ofNonlinear Systems
with Radial Basis Function Neural
Networks. IEEE Transactions on
Neural Networks, Vol. 12, No. 1,
January, pp. 1-15.
SchmaU, Joseph H. (1996) Introduction
to Defense Acquisition Management.
Fort Belvoir, Va. Defense
Systems Management College
Press.
Shambaugh, David A (2000) Matter of
Time: Taiwan’s Eroding Military
Advantage. The Washington
Quarterly, Spring.
Sharkey, Amanda J. C. (1998)
Combining Artificial Neural Nets,
Ensemble and Modular Multi-Net
Systems. Springer-Verlag.
(Available at website
http:/ Avww.dcs.shef.ac.uk/~ama
nda / online, html)
Sheehan, John J. (1997) BuildingThe
Right Militaryfor The 2 V Century.
Strategic Review, pp. 5-13

6

6

6

325

Shlapak, David A, David T. Orletsky,
and Barry A. Wilson (2000) Dire
Strait'^ Military Aspects of the ChinaTaiwan Confrontation and Optionsfor
U S. Poliy. RAND
Shroder, Wayne K. (1991) Parameter
Estimation using a Pack Propogation
Neural Network. In Intelligent
Engineering Systems Through
Artificial Neural Networks,
Edited by Cüian H. DagH,
Soundar R. t. Kumara, and Yung
C. Shin, ASME Press, pp. 835840.
Sietsma, Jocelyn & Robert}. F. Dow
(1991)
Creating Artificial Networks
That Generality. Neural Networks,
Vol. 4, pp. 67-79
Sima, Jiri (1996) Back-Propagation Is
Not Efficient. Neural Networks,
Vol. 9, No. , pp. 1017-1023.
Siskos, J. (1986) Evaluating A System of
Furniture Retail Outlets Using an
Interactive Ordinal Regression Method.
European Journal of Operational
Research, Vol. 23, pp. 179-193.
Siskos, Y., A. Spyddakos, and D.
Yannacopoulos (1999) Using
Artificial Intelligence and Visual
Techniques into Preference
Disaggregation Analysis; The
MIDAS System. European
Journal of Operational Research,
113, pp. 281-299.
Skorczewski, L. (1997) The Future For
Combat Aircraft Design-An Industrial
View. Paper presented at the
AGARD FVP Symposium on
“Strategic Management of the
Cost Problem of Future Weapon
Systems”, held in Drammen,
6

326

Norway, 22-25 September, and
published in CP-602.
Spitzer, Manfred (1998) The Mind
within the Net, Models ofTeaming
Thinking and Acting. The MIT
Press.
Spyddakos, A., Y. Siskos, D.
Yannacopoulos, and A. Skouds
(2001)
Multicriteria Job Evaluation
for Targe Organityitions. European
Journal of Operational Research,
130, pp. 375-387
Stam, A., M. Sun, and M. Haines
(1996) Artificial Neural Network
Representationsfor Hierarchical
Preference Structures. Computers
Operations Research, Vol. 23, No.
12, pp. 1191-1201.
Stewart, T. J. (1981) A Descriptive
Approach to multiple Criteria Decision
Making. Journal of the
Operational Research Society. Vol.
32, pp. 45-53
Stewart, Mark G & Melchers, Robert
E. (1997) Probabilistic Rdsk
Assessment ofEngineering Systems.
Chapman & HaU, pp. 122.
Sticht, Doug (1999) Reidar Cross Section
(RCSJ. In “Electronic Warfare
and Radar Systems Engineering
Handbook”, Naval Air Warfare
Center, Point Mugu, CA.
(Downloadable at website
http: / / ewhdbks.mugu.na^^^mil/ c
ontents.htm)
StraussIbgel, Dennis M. (1998)
Formulation of the Multimission
Aircraft Design Optimiyition Problem.
PhD Thesis, The Pennsylvania
State University.
Sutton, Richard S. & Andrew G.
Barto (1998) Reinforcement Teaming:

Tang, Fei (1999) Ministry ofDefense
Report to Législation Yuan. Taipei,
F' November.
Todd, Peter M. & Gerd Gigerenzer
(1999)
Si?nple Heuristics That Make
Us Smart. Oxford University Press
Tsoukalas, Le fieri H. & Robert E.
Uhrig (1997) Fu:(^ and Neural
Approaches in Engineering. John
Wiley & Sons, Inc.
Tveter, Donald R. (1995) The Backprop
Algorithm. (Downloadable at
website
WWW.dont\"eter.com / bpr / art .ht
ml#sarlel)
Ukrainec, Andrew M. & Simon
Haykin (1996) A Modular Neural
Networkfor Enhancement of Crosspolar Radar Targets. Neural
Networks, Vol. 9, No. 1, pp. 143168.
Usher, M. & D. Zakay (1993) A
Neural Network Modelfor AttributeBased Decision Processes. Cognitive
Science, Vol. 17, pp. 349-396.
Van Daalen, C. Els, WÜ A. H.
Thissen, and Alexander
Verbraeck, (1999) Methodsfor the
Modelling and Analysis ofAlternatives.
In Handbook of Systems
Engineering And Management,
edited by Andrew P. Sage &
William B. Rouse John Wiley &
Sons, Inc. 1999
Van der Smagt, Patrick & Gerg
Hirzinger (1998) Solving the Illconditioning in Neural Network
Learning, In: Neural Networks:
Tricks of the Trade, G. Orr and
K.-R. Miller (eds). Lecture Notes
in Computer Science 1524,
Springer-Verlag, pp. 193-206.

A n Introduction. MIT Press.
(Available on-line at http://wwwanw.cs.umass.edu/~rich/book
he-book.html)
Tabachnick, B. G., & Fidell, L. S.
(1996). Using Multivariate Statistics.
New York: Harper Collins.
Teles, Andras (2002) Lectures Notes on
Statistics and Decision Modelling^
International Business School
Budapest. (Downloadable at
website
http: / / education.kuhchki.net/ mb
a/statchlOaa.ppt)
Tirpak, John A. (2000) Can The Lighter
Force Hold Its Edge? Air Force
Magazine, January, Vol. 83, No. 1.
(Downloadable at website
http: / / www.afa.org/ magazine
OOfighter.html)
Tresp, Volker, Subutai Ahmad and
Ralph Neuneier (1994) Training
Neural N etm rks with Deficient Data.
In Advances in Neural Information
Processing Systems'. Eds Cowan, J. D.
Tesauro, G., and Alspector, J.
Kaufman. (Downloadable at
website:
http:/ / citeseer.n].nec.com/ tresp9
4training.html)
Triantaphyllou, Evangelos (2000)
Multi-Criteria Decision Making
Methods: A Comparative Study.
Kluwer Academic Publishers.
Triantaphyllou, Evangelos & Stuart H.
Mann (1995) Using the Analytic
Hierarchy Processfor Decision Making
In Engineering Applications: Some
Challenges. International Journal of
Industrial Engineering:
Applications and Practice, Vol. 2,
No. 1, pp. 35-44. 1995.
/ 1

2

/ 0 1

327

Wolters W.T.M. and B. Mareschal
(1995) Novel Types of Sensitivity
Analysisfor Additive M CDM
Methods. European Joumal of
Operational Research Vol. 81, pp.
281-290.
Woodbury, Keith A. (1995) What are
Inverse Problems. Available on-line
at
h ttp://www.me.ua.edu/inverse/
whatis.html
Yann, Chee-wha (2001) Combat
Aircraft Effectiveness Modeling ly
Rjjdial Basis Function (RBF)
Network. To appear in “The
proceedings of the 10*^ National
Conference on Science and
Technology of National Defense,
Republic of China”, held in Taipei,
23rd-24^ November 2001.
Yann, Chee-wha (2002) The
Application ofA N N on Combat
Aircraft Effectiveness Evaluation. The
10* National Symposium on
Defense Management. 7* June,
Taipei (in Chinese)
(Downloadable at website
www.ndmc.edu.tw)
Young, Pao-Chi (1997) Soaring Eagle A Development Story of Taiwan's
Indigenous Defense Fighter DTM
Publishing Co., Ltd, Taipei. (In
Chinese)
Zahir, Sajjad (1999a) Geometry of
Decision Making and The Vector
Space Formulation of The Analytic
Hierarchy Process. European Joumal
of Operational Research, Vol. 112,
pp. 373-396.
Zahir, Sajjad (1999b) Clusters in A
Group: Decision Making in The
Vector Space Formulation of The

(Downloadable at website:
http:/ / citeseer.nj.nec.com/pdf/4
01471)
Van GrondeUe, Jeroen (1997) A
Matlab-lmplementation ofNeural
Networks. (Downloadable at
website
http://www.students.cs.ruu.nl/~i
cgtonde / Scriptie / am7 .html)
Wang, Jun & B. Malakooti (1992) A
Feedforward Neural Networkfor
Multiple Criteria Decision Making.
Computers Operations Research,
Vol. 19, No. 2, pp. 151-167
Whitford, Ray (1996) Designingfor
Stealth in Fighter Aircraft (Stealth
from the Aircraft Designer's
Viewpoint). Paper No. 965540,
World Aviation Congress,
October 21-24.
Whitford, Ray (2000) Fundamentals of
Fighter Design. AirUfe Publishing
Ltd.
Wilkin, Luc and Alan Sutton (1986)
(editors) The Management of
Uncertainty: Approaches, Methods and
Applications. NATO ASI Series,
Martinus Nijhoff Publishers,
Dordrecht.
WoUam, Jon D. (1999) Reverse
Fngineering ofForeign Missiles Via
Genetic Algorithms. Msc thesis. Air
Force Institute of Technology,
Air University.
WoUover, David R. (1997) Quality
Function DeploymentA s A Toolfor
Implementing Cost as A n Independent
Variable. Acquisition Review
Quarterly, Summer, pp. 315-338.
(Downloadable at website
http://ww^v.dsmc.dsm.rml)

328

Analytic Hierarchy Process.
European Joumal of Operational
Research, Vol. 112, pp. 620-634.
Zeleny, Milan (1982) Multiple Criteria
Decision Making, McGraw-HiU
Book Company.
Zionts, Stanley (1981) A Multiple
Criteria Methodfor Choosing Among
Discrete Alternatives. European
Joumal of Operational Research 7
(1981) pp. 143-147.

329

