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Abstract

Air transportation systems are complex, interdisciplinary integrated systems, be-
cause there are large numbers of components with different characteristics. It is
challenging to assess new technology in complex, interdisciplinary integrated sys-
tems, such as air transportation systems. The focus of this research is one element
in complex air transportation systems: aircraft. The success of an aircraft is no
longer dominated by economic criteria. Several other criteria, such as environmental
aspects and level of comfort, need to be taken into consideration. Therefore, air-
craft design and evaluation are typical multi-criteria decision problems and need to
be prudently conducted. One solution is to apply Multi-Criteria Decision Analysis
(MCDA) techniques.

The goal of this research is to investigate how MCDA techniques can be applied in

order to provide better decision aiding for stakeholders in air transportation systems.

First, an advanced approach to effectively select the most appropriate decision anal-
ysis method for a given decision making problem is formulated and presented in
this research. This method selection approach is implemented and an intelligent

multi-criteria decision support system is developed.

Second, a new approach is proposed for assessing the uncertainties propagated in
the decision analysis process. The uncertainty assessment approach consists of four
steps: uncertainty characterization, uncertainty analysis, local sensitivity analysis,
and global sensitivity analysis. This novel approach for uncertainty assessment can
be used to aggregate input data from tools with different fidelity levels and is capable

of propagating uncertainties in an assessment chain.

Third, two proofs of concept are conducted to demonstrate the effectiveness of ap-
plying the most appropriate MCDA techniques in aircraft design and evaluation
processes. In order to efficiently assess the uncertainties related to the subjective
preference information in aircraft design process, surrogate models for design criteria
in terms of weighting factors are developed. Furthermore, soft criteria quantifica-
tion in aircraft evaluation process permits the synergy of hard technical criteria and

additional soft criteria for the MCDA techniques.
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Introduction

Air transportation systems are composed of infrastructure and service providers with the pri-
mary goal of safely transporting people and freight by air [5I]. Air transportation systems
are complex, interdisciplinary integrated systems, because there are large numbers of compo-
nents with different characteristics. Main stakeholders in air transportation systems include
manufacturers, airlines, airports, air navigation service provider (ANSP), government agencies,

international organizations, and passengers.

The demands on air travel are increasing, not only regarding lower costs, but also better ser-
vice quality, higher safety, and more environmental friendliness. The imperatives of air transport
have evolved from Higher, Further, Faster to More Affordable, Safer, Cleaner and Quieter [1].
Vision 2020 set ambitious ACARE (Advisory Council for Aeronautical Research in Europe)
goals for future air transportation systems, in terms of quality and affordability, environment,
efficiency, safety, and security [I]. In order to sustain the growth of air transport in the long
term, multiple stakeholders in air transportation systems such as manufacturers, airlines, and
airports are involved to meet these ambitious goals. Multi-Criteria Decision Analysis (MCDA)

techniques can provide decision aid for these stakeholders.

As an important field in Operational Research (OR), MCDA is a process that allows one
to make decisions in the presence of multiple, potentially conflicting criteria [I39]. Common
elements in the decision analysis process are a set of design alternatives, multiple decision criteria,
and preference information representing the attitude of a Decision Maker (DM) in favor of one
criterion over another when choosing between alternatives. MCDA techniques can help the DM
to evaluate the overall performance of the design alternatives. Furthermore, MCDA techniques

can aid in the generation, analysis, and optimization of design solutions.



1. INTRODUCTION

1.1 Motivation

It is challenging to assess new technology in complex, interdisciplinary integrated systems, such
as air transportation systems. The focus of this research is one element in complex air trans-
portation systems: aircraft. Aircraft are complex engineered systems which involve multiple
disciplines, such as aerodynamics, structures, and disciplines involving human behavior which
are extremely difficult to quantify and integrate into mathematical models and optimization

problems [115].

Severe schedule delays and cost overruns are often encountered in complex engineered sys-
tems. For example, Boeing 787 program has suffered numerous production delays and huge
cost overruns. Qantas Airways has canceled 35 B787 and this is the largest cancellation for
B787 [95]. Air India has ordered 27 B787 and asked for the compensation package ranging
between $ 145 million and $ 800 million because of delivery delays [125]. The cancellation of air-
liners and compensation to carriers for delays and cost overruns has constrained the profitability
of the 787 program. It is estimated that Boeing currently loses $ 100 million for each B787 it
sells [95]. In order to address these severe problems, more advances are needed to improve the

design process of complex engineered systems [115].

The single economic criterion, such as operating cost, is not the only metric for final technol-
ogy evaluation as well as the figure of merit for design optimization. The success of an aircraft
is no longer dominated by economic criteria, such as purchase price and operating costs [39].
Moreover, it is alerted that by applying classic Direct Operating Costs (DOC) comparison as the
only yardstick in the evaluation of an aircraft, manufacturers run the risk of designing aircraft

types and capabilities not fully suited to satisfy long term transportation needs [84].

In addition to the economic consideration, there are several other criteria need to be taken
into account in aircraft design and evaluation processes. For instance, environmental impact
and level of comfort. Continuous growth in passenger traffic and increasing public awareness of
aircraft noise and emissions have made environmental considerations extremely critical in the
design of future aircraft [10]. Besides, passengers are more concerned about crowded flights and
airlines are criticized for increasing load factors to fully utilize the capacity [I16]. Therefore,
considering these multiple criteria simultaneously, aircraft design and evaluation are typical
multi-criteria decision problems and need to be prudently conducted. However, it is often
difficult to derive a reliable transfer function to convert these non-monetary into monetary

values [I17]. One solution is to apply Multi-Criteria Decision Analysis (MCDA) techniques.

Applying MCDA techniques in aircraft design and evaluation processes is one strategy to deal
with multiple, potentially conflicting criteria. MCDA techniques can be utilized to aggregate

multiple design criteria into one composite figure of merit, which serves as an objective function
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in the optimization process. MCDA techniques allow transparent trade-offs among criteria and
support designers in quickly assessing the compromised design alternatives. Moreover, MCDA
techniques have the ability to handle a large number of criteria in aircraft design and evaluation
processes.

Preference information describes a DM’s attitude in favor of one criterion over another when
choosing between alternatives. There are many ways to represent a DM’s preference information,
such as weighting factors, utility function [65], loss function [99],[119], reference points consisting
of desirable aspiration levels for the criteria [I30], and fuzzy numbers. In this research, weighting
factors are chosen to represent a DM’s preference information, considering that most decision

analysis methods require the preference information in the form of weighting factors.

1.2 Literature Review on MCDA in Air Transportation Systems

MCDA techniques have been used to solve multi-criteria decision problems in air transportation
systems. This section reviews the research work of applying MCDA techniques in aircraft,
airlines, airports, Air Traffic Management (ATM), and air cargo related multi-criteria decision
problems, respectively.

Nowadays, more stringent societal, environmental, financial, and operational requirements
have to be addressed in aerospace engineering designs [80]. MCDA techniques can facilitate the
decisions regarding which concept to pursue in the conceptual design process. The Aerospace
Systems Design Laboratory at the Georgia Institute of Technology pioneered the application
of MCDA techniques in aerospace systems design. A probabilistic MCDA method for multi-
objective optimization and product selection was developed [12]. However, it was pointed out
that this method did not consider the absolute location of joint probability distribution [73].
The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) was utilized
for the selection of technology alternatives in conceptual and preliminary aircraft design [66].
However, TOPSIS has limitations in that it assumes each criterion’s utility is monotonic and it
is rather sensitive to weighting factors. A modified procedure for applying MCDA techniques to
large scale systems design problems with several requirements was presented in [21], where each
criterion had a two-part relative importance model: a static portion quantifying basic relative
importance and a dynamic portion to reduce the impact of the assumption that the utility of
the criteria are monotonically increased. A multi-criteria interactive decision-making advisor for
the selection of the most appropriate method was developed [72]. However, only few methods
were implemented and uncertainty propagation was not addressed explicitly.

Lots of research has been conducted to aircraft evaluation using MCDA techniques. Four civil

aircraft were evaluated by six criteria [29]: cost, performance, comfort, environmental influence,
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product support and family concept, and availability of aircraft. A 10-point ratio scale was
employed to normalize the values of the six criteria, where the maximum value of the benefit
criteria obtained 10 points and the minimum value was given 0 point. Simple Additive Weighting
(SAW) was used to rank the candidate aircraft. However, the normalization of the six criteria
was conducted by a linear relationship between the criteria values and the scale values, and SAW
is very sensitive to the normalization method and the weighting factors. Besides, civil aircraft
were assessed by three criteria: DOC, operational commonality, and added values [84], [39]. The
added values were quantified by equivalent DOC based on weighting factors. However, inherent

subjectivity and uncertainty of weighting factors detriments the usefulness of this approach.

Furthermore, seven initial training aircraft were evaluated by sixteen criteria using TOP-
SIS [128]. However, only technical criteria were considered because of the difficulty of collecting
qualitative data. Four regional aircraft were assessed by using TOPSIS method, based on three
groups of criteria: technological (aerodynamic efficiency, structural efficiency, fuel flow, cruise
endurance and requested trip fuel for the fixed cruise range), operational (max range with max
payload and ground efficiency), and climb capability [32]. Analytic Hierarchy Process (AHP)
was used to obtain the weighting factors for these criteria. However, only one set of the weight-
ing factors was studied in the evaluation process of four regional aircraft. Considering that the
pairwise comparison of AHP is highly subjective, the ranking of the four regional aircraft will
probably change with different sets of weighting factors. Thus, it is necessary to conduct uncer-
tainty analysis for the weighting factors in the aircraft evaluation process. One MCDA method
named NATADE (Novel Approach to Imprecise Assessment and Decision Environments) was
used to select an aircraft among eight alternatives for a regional charter company [52]. Three
group criteria were considered and subdivided into eleven sub-criteria: financial group (ac-
quisition costs, liquidity, and operating costs), logistics group (range, flexibility, cruising speed,
replacement parts availability, landing and take-off distance), and quality group (comfort, avion-
ics availability, and safety). This work showed that the NAIADE method was capable to aid
DMs in the aircraft selection problem. However, it was pointed out that the NAIADE method
acquired undesirable levels of complexity when the uncertainty of the variables was added, thus,

reducing the transparency of the results for DMs.

MCDA techniques have also been used to solve multi-criteria decision problems related to
airlines. Three MCDA methods: SAW, weighted product model, and TOPSIS, were used to eval-
uate the competitiveness of Taiwan’s five major airlines [27]. Equal weighting factors were con-
sidered for five performance criteria: cost, productivity, service quality, price, and management.
A fuzzy MCDA method was used to develop an airline safety index for Taiwan’s major airlines,
in terms of four criteria: management, flight operations, engineering and maintenance, and fleet

planning [28]. Another fuzzy MCDA method was used to evaluate the financial performance
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of Taiwan airlines [128]. AHP with fuzzy numbers was applied to evaluate the competitive-
ness of five major Chinese airlines, in terms of five criteria: internationalization level, market
competitiveness, scale competitiveness, asset operation competitiveness, and human resource
competitiveness [132]. These five criteria were further decomposed into seventeen sub-criteria.
The results showed that this approach could help to improve Chinese airline competitiveness in
the market. Moreover, MCDA methodology was used to evaluate a set of generated line main-
tenance plan alternatives for an airline operator at the airports, concerning four criteria: cost,
remaining useful life, operational risk, and flight delay [96]. This approach can help to achieve
high fleet interoperability and low maintenance cost. A combined AHP, TOPSIS, and VIKOR
(VlseKriterijumska Optimizacija I Kompromisno Resenje in Serbian, which means multi-criteria
optimization and compromise solution) was applied to the selection of a maintenance strategy
for an aircraft system [3]. It was shown that the proposed combination of AHP, TOPSIS, and

VIKOR was able to identify the most effective maintenance alternative.

Some research has been done on applying MCDA techniques in airport related multi-criteria
decision problems. Three MCDA methods: SAW, TOPSIS, and AHP, were applied to an airport
selection problem, where seven alternatives were evaluated in terms of twelve criteria [61]. The
authors concluded that these three methods produced the same results if the same weighting
factors were used, and they also suggested that the weighting factors should be considered more
carefully. AHP was used to study the relative importance of the means to improve passenger
security checks at the airports, among three major factors: human resources, equipment and
facilities, and procedures and responsibility structures [134]. A questionnaire survey was con-
ducted to gather the data for AHP in Incheon International Airport in South Korea. It was
revealed that the factor of human resources was most important for the performance of passenger
screening. A fuzzy method combing MCDA and gray relational analysis was used to evaluate
the service quality of Northeast-Asian international airports [68]. The results showed that this
method was able to tackle multi-criteria decision problems with qualitative attributes in a fuzzy

environment.

MCDA techniques are also helpful for ATM in air transportation systems. ATM is defined by
International Civil Aviation Organization (ICAO) as the dynamic, integrated management of air
traffic and airspace - safely, economically and efficiently - through the provision of facilities and
seamless services in collaboration with all parties. Compromises between multiple criteria have
to be made for multiple stakeholders, for instance, the cost minimization for airline, capacity
maximization for ANSP, and the concerning of local air quality for airport. With the increase
of air traffic volume, the overwhelming data makes more difficult for air traffic controllers to
make decisions rapidly and safely. In order to help en-route air traffic controllers to quickly

share information and maintain good common situation awareness with adjacent sectors, MCDA
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methodology was applied in their decision making process [6], [7], [§]. The evaluation criteria and
preferences between the criteria were extracted through interviews. This work showed that it
was possible to develop multi-criteria cooperative decision aiding tools for conflict management
in ATM.

MCDA techniques have also been applied to solve multi-criteria decision problems in air
cargo transportation. AHP was applied to evaluate the competitiveness of air cargo express
carriers in Korean market, in terms of six criteria: promptness, accuracy, safety, convenience,
economic efficiency, and dependability [98]. This analysis showed that accuracy and promptness
were the two most influential factors to competitiveness. Analytic Network Process (ANP) was
applied to examine the trade-offs between costs, benefits, and risks in the selection of logistics
service providers for air cargo [I33]. Moreover, in order to resolve potential conflicts between
safety, efficiency, and well-being in risk assessments for emerging technology in air transportation
systems, AHP/ANP methodology was used to overcome the fragmentation perceived by risk,
budget, quality, and schedule management [13].

From these applications of MCDA techniques in multi-criteria decision problems in air trans-
portation systems, two observations can be formulated:

Observation 1: There are various decision analysis methods which have been developed for
solving multi-criteria decision problems. Different methods have different underlying assump-
tions, analysis models, and decision rules that are designed for solving a certain class of decision
making problems. For example, SAW chooses the most preferred alternative which has the
maximum weighted criteria values, while TOPSIS ranks the alternatives based on the Euclidean
distance. This implies that it is critical to select the most appropriate method to solve a given
problem, since the use of inappropriate methods is often the cause of misleading design decisions.
However, most researchers use one method without a formal method selection process, thus, the
research area of decision analysis method selection has not drawn enough attention.

Observation 2: Due to different preferences and incomplete information, uncertainty al-
ways exists in the decision analysis process. When MCDA methods are used to solve decision
problems, the values of decision criteria and weighting factors are main input data. It is observed
that there are always uncertainties existing in decision criteria due to incomplete information or
limited knowledge, while weighting factors are often highly subjective, considering that they are
elicited based on the DM’s experience or intuition [14], [44]. The inherent uncertainties asso-
ciated with the input data have significant impacts on the final decision solution. This implies
that it is critical to effectively address these uncertainties in the decision analysis process in
order to get more accurate results.

In this research, a three-step framework for solving decision making problems is proposed and

implemented: definition of a decision making problem, selection of the most appropriate MCDA
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method for the given problem, and uncertainty assessment in the decision analysis process.
This three-step framework provides a general guideline on how to structure and solve any given

decision making problems.

1.3 Research Statement

The goal of this research is to investigate how MCDA techniques can be applied in order to
provide better decision aiding for stakeholders in air transportation systems, by investigating
how existing MCDA techniques can be improved to solve complex decision problems, and how
to implement the improved MCDA techniques in aircraft design and evaluation processes. The

following research objectives are considered critical to achieve the overall research goal:

1. Select the most appropriate MCDA method in a problem oriented way to solve the decision

making problem under consideration effectively.

2. Assess the uncertainties propagated in the decision analysis process when applying the

MCDA techniques.

3. Demonstrate the capabilities of the MCDA techniques with uncertainty assessment in

aircraft design and evaluation processes.

The research objectives of this study can be best introduced through a series of research

questions as follows:

e Question 1: How to select the most appropriate MCDA method for a given decision

making problem under consideration?

e Question 2: How to capture and assess the uncertainties propagated in the decision

analysis process when solving decision making problems?

e Question 3: How to effectively implement the MCDA techniques in aircraft design and

aircraft evaluation processes?
In order to answer the research questions described above, several hypotheses are proposed:

e Hypothesis 1: The goodness of the MCDA methods for a given decision making problem

can be quantified mathematically. (Question 1)

e Hypothesis 2: Statistical techniques can effectively deal with the uncertainties propa-

gated in the decision analysis process. (Question 2)

e Hypothesis 3: MCDA techniques facilitate compromised decision solutions in aircraft

design and evaluation processes. (Question 3)
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1.4 Thesis Outline

The outline of the thesis is illustrated in Figure In Chapter 2, an overview of the MCDA
techniques is provided. An advanced approach to facilitate the selection of the most appropriate
MCDA method is presented and an intelligent multi-criteria decision support system is developed
in Chapter 3. Chapter 4 introduces a new uncertainty assessment approach in the decision
analysis process. In Chapter 5, the implementation of an improved MCDA technique with
uncertainty assessment in aircraft conceptual design is presented as the first proof of concept. In
Chapter 6, business aircraft evaluation using an appropriate MCDA technique with uncertainty
assessment is presented as the second proof of concept. The thesis is summarized and some

recommendations for future work are given in Chapter 7.

1. Introduction

v

2. MCDA Technigues Overview

v

3. MCDA Method Selection

v

4. Uncertainty Assessment

/\

5. Proof of Concept 1: 6. Proof of Concept 2:
MCDA in Aircraft Design MCDA in Aircraft Evaluation

e e—

7. Conclusions

Figure 1.1: Thesis Outline



Multi-Criteria Decision Analysis

Techniques Overview

As an important and active discipline in Operational Research (OR), Multi-Criteria Decision
Analysis (MCDA) has a long history. In 1896, Vilfredo Pareto proposed the concept of domi-
nance [97]. The dominance concept is the foundation of modern MCDA theory. In the 1940s, von
Neumann and Morgenstern introduced utility theory [93]. The utility theory lays the foundation
for one major stream of MCDA methodology: multi-attribute utility theory. In the 1960s, Roy
introduced the concept of outranking relation [I04]. The outranking relation concept sets the
grounds of the European school of MCDA.

Nowadays, over 70 different MCDA techniques have been developed in order to facilitate
the decision making process in complex and ill-structured problems, focusing on the resolution
of multiple and conflicting criteria, preferences modeling, and identification of compromised
decision solutions [I39]. MCDA discipline continues its growth in the development of new ap-
proaches and methodologies, the interactions with other disciplines such as problem structuring
methods and evolutionary optimization algorithms, and innovative applications in new areas
such as transportation systems [139].

This chapter provides an overview of several widely used decision analysis techniques. There
are essentially two approaches to solve decision making problems: non-compensatory and com-
pensatory methods [58]. Non-compensatory methods do not permit trade-offs among criteria,
while compensatory methods permit trade-offs among criteria. According to this classification,
several widely used decision analysis methods are summarized in Table It is noted that
ELECTRE is classified as one non-compensatory method [22], considering that the role of cri-
teria weights in ELECTRE are coefficients of importance [106], [31]. Besides, a poor criterion
is judged irrespective to other good criteria, which distinguishes ELECTRE from compensatory
methods [87].
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Table 2.1: Typical Non-compensatory and Compensatory Decision Analysis Methods [58]

Non-compensatory methods | Compensatory methods
Conjunctive method Analytic hierarchy process
Disjunctive method Expected utility theory
Dominance method Multi-attribute utility theory
ELECTRE Multiplicative weighting method
Elimination by aspects PROMETHEE

Lexicographic method Simple additive weighting
Maximin method TOPSIS

Maximax method

2.1 Concepts and Terminologies

In order to have a universal understanding of the MCDA techniques, several important concepts

and terminologies are introduced in this section.

MCDM and MCDA

There are two schools of decision analysis methods: Multi-Criteria Decision Making (MCDM)
developed by the American school [137], and Multi-Criteria Decision Analysis/Aid (MCDA)
created by the European school [105]. Most researchers use MCDM and MCDA interchange-
ably [14], [139], [44]. In this research, the European school (MCDA) is followed.

Criteria, Attributes, and Objectives

The distinctions among criteria, attributes, and objectives are made as follows [58].

e Criteria: A criterion is a measure of performance for the evaluation of an alternative.
e Attributes: An attribute is an inherent characteristic of an alternative.

e Objectives: An objective is something to be pursued to its fullest. It indicates the desired

direction of change.

The relationships among criteria, attributes, and objectives are illustrated in Figure As
shown in Figure [2.1] criteria are emerging as a form of attributes or objectives, and attributes
with directions are objectives. For example, level of comfort is a criterion when evaluating an
aircraft; cabin volume and noise are attributes of the aircraft which can be used to measure
the level of comfort; while the maximization of cabin volume and the minimization of noise are

objectives in the aircraft design process.

10
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Criteria

Attributes  With direction Objectives
(Selection) > (Design)

Figure 2.1: The Relationship among Criteria, Attributes, and Objectives [111]

Decision Matrix

At the heart of the MCDA techniques is the concept of decision matrix. Let A; be the i-th
alternative (i = 1,2,...,m) and x; be the j-th criterion (j = 1,2,...,n). Suppose z;; stands for
the value of criterion x; with respect to alternative A;. Then, a quantitative MCDA problem

can be represented using decision matrix, as shown in Table

Table 2.2: Decision Matrix

Alternatives Criteria
Ay T T2 ... Tin
Ay Ta1 T2 ... Top
Am Tml Tm?2 cee Tmn

Pareto Frontier

Pareto frontier is introduced to find the best compromised solution which has the maximum
overall performance [57]. In the feasible solution space, a solution is dominated if there is
another solution which excels it in one or more criteria and equals it in the remainder [26].
A non-dominated solution is one which no criteria can be improved without a simultaneous
detriment to at least one of the others. A two-dimensional Pareto frontier for the minimization

of two criteria is illustrated in Figure

2.2 Preference Information Elicitation Techniques

Preference information represents a DM’s attitude in favor of one criterion over another when
choosing between alternatives. This section introduces typical preference information elicitation
techniques: direct assignment method [58], eigenvector method [10§], entropy method [5§],
Simple Multi-Attribute Rating Technique (SMART)[43], Kano’s model [140], and distance-to-
target method [86].

11
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A Non-dominated Dominated
« . .
= solutions solutions
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Figure 2.2: Pareto Frontier in Two Dimensions

2.2.1 Direct Assignment Method

In this method, the DM directly assigns numbers to represent the relative importance of one
criterion over others. For instance, a ten-point scale can be chosen with calibration that 0 stands

for extremely unimportant criterion, while 10 stands for extremely important one, as shown in

Table 2.3

Table 2.3: Direct Assignment Method with a Ten-point Scale

Criterion evaluation Value

Extremely low 0
Very low 1.0

Low 3.0

Average 5.0

Very high 9.0
Extremely high  10.0

This method is popular because of its simplicity. However, it should be noted that the
numerical assignment is arbitrary, and this type of scaling assumes that a scale value of 9.0
is three times as favorable as a scale value of 3.0. Besides, it also assumes that the difference
between low and average is the same as the difference between average and very high. In
complex decision making problems, it is rather difficult even for an experienced DM to precisely

assign weights for all criteria directly.

12
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2.2.2 Eigenvector Method

The eigenvector method is an analytical way of eliciting preference information in Analytical
Hierarchy Process (AHP) [108]. This method uses pairwise comparisons between criteria rep-
resented by a comparison matrix M, the relative weights of criteria can be obtained by solving

the eigenvalue function, as shown in Equation [108].

M xW = Mgz * W (2.1)

where A i the maximum eigenvalue of the comparison matrix M, the weights of criteria are

the normalized eigenvector W = [wy, wa, ..., w,]? corresponding to the maximum eigenvalue.
In most decision making problems, the eigenvalue function is solved to evaluate the prior-

ities of different criteria. In AHP, the consistency of the weights is assessed by Consistency

Ratio (CR), as shown in Equation

CI
CR=— 2.2
where Consistency Index (CI) is calculated by Equation
A -n
CcJ = - 2.
1 (2.3)

Random Consistency Index (RI) is an average value derived from a large sample of reciprocal

matrices having all elements varying from 1/9 to 9. Table|2.4]lists RI for up to ten elements [108].

Table 2.4: Random Consistency Index [10§]

n 1 2 3 4 5 6 7 8 9 10
RI 0 0 058 089 1.11 125 135 140 145 1.49

In general, CR of 0.1 or less is considered acceptable. In order to maintain reasonable
consistency when deriving weights from pairwise comparisons, it is suggested that the number

of elements being considered should be less than nine.

2.2.3 Entropy Method

The entropy method provides an alternative way of assigning weights when the input data of

a decision making problem is represented by decision matrix, the weights of criteria w; can be

13
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calculated by Equation [58].

d,

wj = n ! ’ V]
21 d;
d; = E], vy
| . (2.4)

E] lnm szj lnp”, .7

Lij ..
bi; = — 4 ) Vla J

> Tij
=1

where p;; is the value of the j-th criterion (i = 1,2,...,m,j = 1,2, ...,n), E; is the entropy of the
j-th criterion, d; is the degree of diversity of the information involved in the j-th criterion.

The entropy method helps to investigate contrasts between sets of data, that is, the weight of
a criterion is small when all the alternatives have similar values on the criterion. In other words,

a criterion does not contribute much when the criterion has similar values for all alternatives.

2.2.4 Simple Multi-Attribute Rating Technique

Simple Multi-Attribute Rating Technique (SMART') was originally developed as a whole process

of rating alternatives and weighting criteria [43]. The weights are obtained in two steps:

e Firstly, the DM ranks the importance of the changes in the criteria from the worst criterion

levels to the best criterion levels;

e Then, the DM makes ratio estimates of the relative importance of each criterion relative

to the one ranked lowest in importance.

The second step usually begins with assigning ten points to the least important criterion.

Relative importances of other criteria are then evaluated by giving them points from ten upwards.

2.2.5 Kano’s Model

Kano’s model provides a way of classifying importance among the attributes of alternatives [63].
There are three types of product attributes in Kano’s model: must-be attributes, one-dimensional

attributes, and attractive attributes.

e Must-be attributes: The must-be attributes are the basic requirement of the prod-
uct. The consumer regards these attributes as prerequisites. Their fulfillment will not
increase consumer’s satisfaction; however, if the product does not have these attributes,

the customer will become extremely dissatisfied.

14
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e One-dimensional attributes: The one-dimensional attributes have proportional satis-
faction degree with regard to their fulfillment level. The consumer has more satisfaction

with better attributes.

e Attractive attributes: The attractive attributes are unique selling points of the product.
The consumer will not feel dissatisfaction without them, however, their fulfillment greatly

enhances the consumer’s expectation and satisfaction.

Each attribute type described above influences customer satisfaction in a different way, as
shown in Figure As time passes by, the attractive attributes will evolve into one-dimensional
ones, and the one-dimensional attributes will evolve into must-be ones, and new attractive

attributes will emerge.

A

Attractive attributes

Satisfaction

\

One-dimensional attributes

»
>

Performance
Must-be attributes

Figure 2.3: Attributes Classification in Kano’s Model [16]

2.2.6 Distance-to-target Method

The distance-to-target method is widely applied in the field of Life Cycle Assessment (LCA),
which describes the environmental impacts associated with a product, process, or service by
multi-attribute product evaluations [86]. The distance-to-target method derives the weights
from the distance between the current levels of the criteria and the future target values [2]. This
method ranks impacts as being more important the further away from achieving the desired

standard [112]. The total environmental impact caused by a product system a is calculated by

15
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Equation [2.5] [112].

I(a) =) TJT s Lj(a) (2.5)
j=1 J J

where I(a) represents the total environmental impact result caused by product system a, Lj-v
stands for the actual level of environmental intervention j related to a given region, L]T represents
the target level of environmental intervention j related to a given region, L;(a) is the amount
of environmental intervention j caused by product system a, and c is a constant.

However, it has been pointed out the setting of the targets is seldom transparent, they may
vary between countries and may be obtained more politically rather than scientifically [74]. It
was suggested to use a correction factor which indicates the relative significance of an impact

category regarding other impact categories within a given region [70].

2.3 Typical Non-compensatory Decision Analysis Methods

Non-compensatory decision analysis methods do not permit trade-offs among criteria, that is,
a disadvantage in one criterion cannot be offset by an advantage in other criterion. The non-
compensatory methods are credited for their simplicity. As summarized in Table typical

non-compensatory methods are explained in detail in the following subsections.

2.3.1 Conjunctive Method

The DM sets up the acceptable minimal criteria values. Any alternative which has a criterion
value less than the standard level will be rejected [58]. When bigger criteria values are preferred,

the i-th alternative A; (i = 1,2,...,m) is classified as an acceptable alternative only if

x>y, j=1,2,..,n (2.6)

0
J

eliminating the alternatives; if too high, none is left; if relatively low, several alternatives are left

where z7j is the standard level of the j-th criterion x;. The cutoff values play a key role in

after filtering. Hence, increasing the minimal standard levels in an iterative way, the alternatives
can be narrowed down to a single choice.

The Conjunctive method does not require the criteria to be in numerical form, and the
relative importance of the criteria is not needed. This method is usually used for dichotomizing

alternatives into acceptable and unacceptable categories.
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2.3.2 Disjunctive Method

In the Disjunctive method, an alternative is evaluated on its greatest value of a criterion [5§].
When bigger criteria values are preferred, the i-th alternative A; (i = 1,2, ...,m) is classified as

an acceptable alternative only if

Tij Z:E?, j=1lor2or..orn (2.7)

0
J

As with the Conjunctive method, the Disjunctive method does not require the criteria to be

where x; is the desirable level of the j-th criterion x;.

in numerical form, and it does not need information on the relative importance of the criteria.

2.3.3 Dominance Method

The Dominance method can be used to screen the alternatives in order to obtain a set of non-
dominated solutions before the final choice. The procedures of the Dominance method are

described as follows [26].

e Compare the first two alternatives and if one is dominated by the other, discard the

dominated one.

e Next, compare the retained alternative with the third alternative and discard any domi-

nated alternative.
e Then, compare the fourth alternative and so on.

e After all the alternatives are compared, the non-dominated set is determined.

The Dominance method does not require any assumption or any transformation of crite-
ria. The non-dominated set usually has multiple alternatives, hence, the Dominance method is

mainly used for initial filtering.

2.3.4 ELECTRE

ELECTRE (Elimination and Choice Translation Reality) methods use the concept of outranking
relation introduced by Benayoun [15]. For instance, suppose there are m alternatives based on n
evaluation criteria, with weighting factors (w1, ws, ..., wy|, z;; stands for the value of criterion z;
with respect to alternative A;. An outranking relation between alternative A; and alternative A;
(k,l =1,2,...,m,k # 1) is defined as: Ay is preferred to A; when Ay is at least as good as A;
with respect to a majority of criteria and when Aj is not significantly poor regarding any

other criteria. After the assessment of the outranking relations for each pair of alternatives,
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dominated alternatives can be eliminated and non-dominated alternatives can be obtained for
further consideration.

There are several different versions of ELECTRE methods, including ELECTRE 1, IS, II,
III, IV and TRI [106], [33]. ELECTRE I is the first decision analysis method using the concept
of outranking relation, the other versions of ELECTRE methods are extensions of ELECTRE
I. In this subsection, the stepwise calculations of ELECTRE I are described in detail and the
other ELECTRE methods are briefly introduced.

ELECTRE I is composed of the following nine steps [5§].

1. Normalize the decision matrix

11 r12 T1n
Tol1 T92 ... Top Tii
_ _ J . c
R= ; . i T = ———, 1=1,2,...,m,j=12..n (2.8)
: : U m
3% a2
Tml Tm2 Tmn =Y

2. Calculate the weighted normalized decision matrix.

711 712 T1in w1
T21 T92 Ton w9

V = RW = (2.9)
Tml Tm?2 Tmn Wy,

3. Determine the concordance and discordance sets.

For each pair of alternatives Ay and A;, the set of decision criteria J = (j | j = 1,2,...,n)
is divided into two disjoint subsets. The concordance set Cj; of A, and A; is composed
of all criteria which support that A is preferred to A;. The discordance set Dy, is the

complementary subset of the concordance set Cl;.

Ckl = {j ‘.’I}k] Z J]l]’}, (]{,l = 1,2, ...,m,and k 7& l)

j 2.10
Dkl:{]|xkj<ﬂflj}:<]—ckl ( )

4. Calculate the concordance matrix C.

Each element of the concordance matrix C is calculated by the sum of the criteria weights
which are contained in the concordance set. For example, the element cg; between Ay and

A; is calculated by Equation [2.11
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2.3 Typical Non-compensatory Decision Analysis Methods

Ckl = Z wy (2.11)

J€CK
5. Calculate the discordance matrix D.

Each element of the discordance matrix D reflects the degree to which one alternative is
worse than the other. For instance, the element dj; between Aj and A; is calculated by

Equation [2.12

— d1s dln
d21 — dzn

dmi dm2 ... —

max |vg; — V;4
jeDﬁ’ kj Z]’

dyy = (2.12)

max |vg; — vy

T | kj i
It should be noticed that differences among weighting factors are contained in the concor-
dance matrix C, while differences among criteria values are reflected in the discordance

matrix D.

6. Determine the concordance dominance matrix.

A concordance threshold ¢ needs to be chosen to perform the concordance test. Alter-
native A possibly dominates alternative A;, if the element cj; exceeds at least a certain

threshold ¢, that is, cx; > c.

In ELECTRE I, a Boolean matrix is used to convert the concordance test into numerical
values (0 or 1). If the concordance test is passed (¢ > ¢), then the element is 1. Otherwise,

if the concordance test is failed (cx < ¢), the element is 0.

7. Determine the discordance dominance matrix.

A discordance threshold d needs to be chosen to perform the discordance test. Alter-
native Ay possibly dominates alternative A;, if the element dj; is smaller than a certain

threshold d, that is, d; < d.
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As with the case of the determination of the concordance dominance matrix, the discor-
dance test is converted into numerical values (0 or 1) by a Boolean matrix. The element
is 1 when the discordance test is passed (dy; < d), and it is 0 when the discordance test is
failed (dy; > d).

8. Aggregate the dominance matrix.

An outranking relation can be justified only if both the concordance test and the discor-
dance test are passed. That is, ¢y > ¢ and dy; < d. The aggregated dominance matrix
is calculated by an element-to-element product of the concordance dominance matrix and

the discordance dominance matrix.

9. Eliminate the dominated alternatives.

The aggregated dominance matrix gives the partial preference of the alternatives. In the
aggregated dominance matrix, the element 1 in the column indicates that this alternative
is dominated by other alternatives. Thus, any alternative which has at least one element

of 1 in the column can be eliminated.

ELECTRE I is widely used because of its simple logic and refined computational procedures.
However, the two concordance and discordance threshold values have significant impact on the
final results. Additionally, the calculation procedures will become more complex as the size of

decision matrix increases.

An Aircraft Selection Example using ELECTRE 1

An aircraft selection example is presented to show how to use ELECTRE I in this subsection.
Suppose that the DMs of an airline consider to purchase an aircraft among three competing
aircraft, with the consideration of three criteria: comfort, cost, and environmental friendliness.
Smaller value of cost is preferred, while bigger values of comfort and environmental friendliness
are preferred. A ten-point score is assigned to the three criteria for each alternative, respec-
tively. The weighting factors among the three criteria are [0.3 0.4 0.3]. The decision matrix is
summarized in Table 2.5

Given the decision matrix shown in Table going through the described nine-step calcu-
lations of ELECTRE I, the aggregated dominance matrix is shown in matrix M.

is dominated by
— 0 1
0O — 0
0 0 -

M =

dominates
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2.3 Typical Non-compensatory Decision Analysis Methods

Table 2.5: Decision Matrix of an Aircraft Selection Example using ELECTRE I

Criteria

Cy: Comfort C5: Cost Cs: Environmental friendliness

Alternatives wi: 0.3 wq: 0.4 wsz: 0.3
Aircraft A 8 7 10
Aircraft B 9 6 )
Aircraft C 6

In the aggregated dominance matrix M, the element 1 in the column indicates that this
alternative is dominated by other alternatives. Thus, Aircraft C is dominated by Aircraft A
and Aircraft B. In another words, Aircraft A and Aircraft B are non-dominated alternatives.
Therefore, in this aircraft selection example using ELECTRE I, Aircraft C should be eliminated
from the candidate alternatives, Aircraft A and Aircraft B can be recommended for further

consideration.

ELECTRE IS

ELECTRE IS is similar to ELECTRE I, except that in Step 6 (Determine the concordance
dominance matrix), instead of Boolean numbers (0 or 1), interval values between 0 and 1 are
used [106], [33]. In order to discriminate the alternatives, two thresholds have to be defined for

each criterion: indifference threshold and strict preference threshold.

ELECTRE II

ELECTRE II is also similar to ELECTRE 1. The main difference is the definition of two out-
ranking relations: strong outranking and weak outranking [106]. For each criterion, two strong

outranking thresholds and one weak outranking threshold have to be defined.

ELECTRE III

ELECTRE III uses the same principle of ELECTRE II. For each criterion, an indifference
threshold, a preference threshold, and a veto threshold have to be defined in order to compare
the alternatives. Both the concordance dominance matrix and discordance dominance matrix
are constructed by interval values between 0 and 1. The aggregation of the concordance domi-
nance matrix and discordance dominance matrix is obtained by a credibility matrix. The final

classification of alternatives is based on ascending and descending distillations [106], [33].
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ELECTRE IV

Unlike the previously described ELECTRE methods, ELECTRE IV does not require criteria
weights in the calculation procedures. Instead, it uses the number of criteria in different pref-
erence areas [106]. For each criterion, an indifference threshold, a preference threshold, and a
veto threshold are required in order to compare the alternatives. Similar to ELECTRE III, a
credibility matrix is calculated, and the classification of alternatives is based on ascending and

descending distillations.

ELECTRE TRI

In ELECTRE TRI, some reference alternatives are introduced, all alternatives are compared to
these reference alternatives [106]. Similar to ELECTRE III, a credibility matrix is computed
with respect to reference alternatives. The outranking relations between candidate alternatives
and reference alternatives are established using the credibility matrix and a veto threshold.
ELECTRE TRI can reduce the computational cost of alternative comparisons when the number

of alternatives is large.

Summary of ELECTRE Methods

The main characteristics of all versions of ELECTRE methods were summarized by Roy [106],
as shown in Table Considering different problem statements, some guidelines on how to
choose among ELECTRE methods were also suggested. For instance, if it is truly essential to
work with a very simple method and it is realistic to have no information on the indifference
threshold and preference threshold, ELECTRE I should be selected in order to eliminate the non-
dominated alternatives, while ELECTRE II should be used in order to build a partial preorder
of alternatives. ELECTRE IV would be convenient only if there exists a good reason to refuse
the introduction of importance coefficients. In general, ELECTRE IS, II, III, IV, and TRI do
provide powerful support for the classification of the alternatives. However, they require too
many threshold definitions from DMs, thus, it is rather complex to implement these methods in

real world problems [87].

2.3.5 Elimination by Aspects Method

In this method, the DM is assumed to have minimum cutoffs for each criterion. A criterion is
selected, and all alternatives which do not pass the cutoff on that criterion are eliminated. Then
another criterion is selected, and so forth. The process continues until all alternatives but one

are eliminated [58].
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Table 2.6: Main Characteristics of ELECTRE Methods [106]

ELECTRE methods I IS II III v TRI

Require indifference no yes no yes yes yes
and preference thresholds
Require criteria weights yes yes yes yes no yes
Outranking relations binary binary strong interval  strictly, weakly,  interval
and weak  values  hardly preferred,  values
or indifferent

The elimination by aspects method eliminates alternatives which do not satisfy some stan-
dard level, and it continues until all alternatives except one have been eliminated. However,

only small part of the information is used when comparing the alternatives.

2.3.6 Lexicographic Method

In the Lexicographic method, the DM compares the alternatives on the most important crite-
rion. If one alternative has a better criterion value than all the other alternatives, the alternative
is chosen and the decision process ends. However, if some alternatives are tied on the most im-
portant criterion, the subset of tied alternatives is then compared on the second most important
criterion. The process continues sequentially until a single alternative is chosen or until all the
criteria have been considered.

The Lexicographic method does not require comparability across criteria, and the preference
information on the criteria is not necessarily in numerical values. However, it only utilizes a

small part of the available information in making a final decision.

2.3.7 Maximin Method

In the Maximin method, the overall performance of an alternative is determined by the weakest
or poorest criterion. The DM examines the criteria values for each alternative, notes the worst
value for each alternative, and then selects the alternative with the most acceptable value in
its worst criterion. It is the selection of the maximum (across alternatives) of minimum (across

criteria) values [58]. Mathematically speaking, the alternative A* is selected such that

A* = {Ai

where r;; are normalized criteria values, and bigger criteria values are preferred.

? J

max min r;; }, i=1,2,..m,j=1,2,...n (2.13)
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2.3.8 Maximax Method

In contrast to the Maximin method, the Maximax method selects an alternative by its best
criterion value rather than its worst criterion value. In this method, the best criterion value
for each alternative is identified, then these maximum values are compared in order to select
the alternative with the best value [58]. Mathematically speaking, the alternative A* is selected
such that

A* = {Ai

mMax max r;; } , i=1,2,...m,7=1,2,...,n (2.14)
i

where 7;; are normalized criteria values, and bigger criteria values are preferred.
The Maximin method and the Maximax method utilize only one criterion per alternative
in making a final choice. The two methods are widely used in game theory, however, their

applicability in other fields is relatively limited.

2.4 Typical Compensatory Decision Analysis Methods

Compensatory decision analysis methods permit trade-offs among criteria, that is, small changes
in one criterion can be offset by opposing changes in any other criteria. As summarized in

Table typical compensatory methods are explained in detail in the following subsections.

2.4.1 Analytic Hierarchy Process

Analytic Hierarchy Process (AHP) was proposed to deal with decision making problems that
have hierarchical structures of attributes [I08]. AHP is based on the idea of translating the
hierarchical decision making problem into a series of pairwise comparison matrices and obtaining
the preference information for the attributes using eigenvector method.

As one popular preference information elicitation technique, the eigenvector method is ex-
plained in Subsection The first part of this subsection introduces pairwise comparison
matrix, followed by computational steps of AHP.

Pairwise Comparison Matrix

The pairwise comparison concept originated from an experiment considering the subject of
stimuli and responses performed by Weber in 1846. Weber stated that change in sensation was
noticed when the stimulus was increased by a constant percentage of the stimulus itself. A
nine-point scale based on Weber’s law was created and shown in Table

Suppose there are m alternatives and n criteria in a given problem. A pairwise comparison

matrix is a m by m matrix, whose element y;; indicates the DM’s preference information of
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Table 2.7: Pairwise Comparison Scale [10§]

Intensity of | Definition Explanation
importance
1 Equal importance Two activities contribute equally to the objective.
3 Moderate importance of one | Experience and judgment slightly favor one activity
over another over another.
5 Strong importance Experience and judgment strongly favor one activity
over another.
7 Very strong or demonstrated | An activity is favored very strongly over another; its
importance dominance demonstrated in practice.
9 Extreme importance The evidence favoring one activity over another is of
the highest possible order of affirmation.
Reciprocals | If activity ¢ has one of the | A reasonable assumption.
of above above nonzero numbers as-
signed to it when compared
with activity j, then j has the
reciprocal value when com-
pared with 4.

alternative ¢ over alternative j for a given criterion. In total, there are n m x m comparison

matrices, as shown in matrix M.

T yi2 Yim
- y?1 1 Yom
Yml Ym2 1

Computational Steps of AHP

1. Establish the decision making problem in a hierarchy structure.

2. Formulate the pairwise comparison matrix for elements at a single level of the hierarchy,

with respect to each of the elements at a level immediately above.

3. Generate the weights of elements using the eigenvector method, as described in Subsec-

tion [2.2.2

4. The alternative with a larger relative value is more favorable.

AHP provides a simple way to formulate a decision making problem and to elicit preference
information, as it only requires pairwise comparisons between criteria or alternatives. However,
it has some limitations. The preference independence among all elements at any level except

for the bottom level is assumed. It would be problematic to use AHP if the criteria at the same
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level have correlated dependence. Another limitation is that the pairwise comparison matrix
is required with each element describing the relative importance of a criterion over all other
criteria, or the relative preference of an alternative over all other alternatives. The complete
pairwise comparison is not a trivial task for the DM and may trigger inconsistency problems.

These problems will become worse with increasing size of pairwise comparison matrix.

2.4.2 Expected Utility Theory

Expected utility can be dated back to Daniel Bernoulli’s resolution to the St. Petersburg paradox
in 1738 [35], [38]. The rule of the St. Petersburg game is that the player tosses a fair coin until
head shows up for the first time, if this occurs at the k-th toss, the payoff is 2* guilders. The
expected monetary value is i (DF2F=1+1+14...... = 00. The people were asked how much
they would pay for the gamle:?1 However, the paradox is that no reasonable people would want
to pay even small amount of money for the game with infinite expected value.

Bernoulli used a logarithmic utility index defined over wealth to compute a finite price for a
gamble with an unbounded expected value, with the argumentation that the people estimate the

game in terms of the utility of money outcomes, and the marginal utility is diminishing. For a

person with present wealth a, the expected utility of the game is calculated by Equation [38].

sz'IOg(a + ;) (2.15)

(2

where p; is the probability of the i-th game, and x; is the outcome of the i-th game.
The value of the game with fixed amount v is calculated by log(a+v) = 3 p;log(a+ x;) and
i

is shown in Equation [2.16] [38].

v= H(a +x)P —a (2.16)

i
Expected utility theory states that the DM chooses between risky prospects by comparing
their expected utility values, which are calculated by the weighted sum of utility values of

outcomes multiplied by their probabilities, as shown in Equation

E(ulp, X) = Y p(w)u() (2.17)

zeX
where z is a particular outcome from the set of all possible outcomes X, p(x) is the probability
of the particular come, u(x) is its utility function.
Expected utility theory is suitable for decision making problems with risk and uncertainty.
However, it is difficult to obtain an accurate utility function for each criterion, and the consis-

tency of the utility functions among different criteria is hard to maintain.
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2.4.3 Multi-Attribute Utility Theory

This method is based on the concept of utility function, which represents a mapping from
the DM’s preference into a mathematical function [65]. The most widely used form is the
additive multi-attribute utility method given by Equation with two assumptions stating
that utility functions of all attributes are independent and the weighting factor of an attribute

can be determined regardless of the weighting factors of other attributes.

U(l‘l,fEQ,...,xn) :Zw’bu’b (xl) (218)
=1

where wj; is the weighting factor of the i-th attribute z;, u;(z;) is its utility function.

The additive multi-attribute utility theory provides utility function to represent the DM’s
preference information. However, the two assumptions including the independence of utility
function and weighting factors do not hold true for many practical decision making problems,

which limits the use of this method.

2.4.4 Multiplicative Weighting Method

In this method, weighting factors [wy, ws, ..., wn]T are assigned to the criteria by the DM, the
criteria values for each alternative are multiplied, with the weighting factors as exponents.
This method chooses the most preferred alternative which has the biggest value, as shown in

Equation when bigger criteria values are preferred.
n
A*={ A m?xﬂxgj i=1,2,...m,j=12 ..n (2.19)
7j=1

Considering the exponentiation property, all criteria values should be greater than one in
order to assure its monotonicity. When criteria values are smaller than one, 10* should be

multiplied, where k is an exponent which make the smallest criterion value bigger than one.

2.4.5 PROMETHEE

In PROMETHEE (Preference Ranking Organization METHod for Enrichment Evaluations)
method [24], [25], a valued preference relationship based on a generalization of the notion of
criteria is constructed first, and a preference index is defined, then a valued outranking graph is
obtained. According to the preference index, PROMETHEE I provides a partial preorder and
PROMETHEE II offers a complete preorder on all actions (alternatives).

Criteria Generalization

The valued preference relationship between two actions a and b is defined as follows [25].
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e P(a,b) =0 means an indifference between a and b.

e P(a,b) ~ 0 means weak preference of a over b.

e P(a,b) ~ 1 means strong preference of a over b.

e P(a,b) =1 means strict preference of a over b.

For each criterion, a generalized criterion and a corresponding preference function are consid-

ered. In PROMETHEE, six types of generalized criteria are provided, as illustrated in Figure[2.4]

where d is the difference between two criteria, p is the strict preference threshold, and ¢ is the

indifference threshold, s is the standard deviation in Gaussian distribution.

P P
A A
1 1
0 “d 0 q d
Typ | : Usual Criterion Typ Il : U-Shape Criterion
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0 p >d 0 q p d
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Typ V : V-Shape with indifference Criterion

Typ VI : Gaussian Criterion

Figure 2.4: Six Types of Generalized Criteria [25]
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Multi-Criteria Preference Index

The multi-criteria preference index of action a over action b, denoted by II(a, b), is defined as in

Equation [2.20]

II(a,b) = z": w; P;(a,b) (2.20)
i=1

where n is the number of criteria, w; is the weighting factor of the i-th criterion, and P; is
the preference function of the i-th criterion. The multi-criteria preference index ranges from 0
to 1, with II(a,b) ~ 0 represents a weak preference of action a over action b, and II(a,b) ~ 1

represents a strong preference of action a over action b.

PROMETHEE Rankings

A positive outranking flow is defined by Equation and a negative outranking flow is defined
by Equation [2.22] respectively. Besides, a net outranking flow is calculated by Equation [2.23]

ot (a) = T(a,b) (2.21)

beA

® (a) = T(b,a) (2.22)

beA

®(a) = ®T(a) — @ (a) (2.23)

Based on Equation and Equation PROMETHEE I provides a partial preorder by
considering the intersection of the positive outranking flow and negative outranking flow, which

is listed as follows.
e Action a outranks action b, if ®(a) > ®*(b) and ®~ (a) < P (b).
e Action a is indifferent from action b, if ®*(a) = ®*(b) and ®~ (a) = & (b).
e Otherwise, action a and action b are incomparable.

Based on Equation PROMETHEE II considers action a outranks action b if ®(a) >
®(b), and action a is indifferent from action b if ®(a) = ®(b).

The six types of preference functions and the partial or complete preorder in PROMETHEE
provide the DM more insights in solving the given problem. However, in order to define the
preference function, it requires too many threshold parameters. Moreover, these threshold pa-
rameters are rather subjective and different DMs often have different threshold values, which

increases the complexity of the problem significantly.
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2.4.6 Simple Additive Weighting

In Simple Additive Weighting (SAW) method [58], weighting factors [w1, wa, ..., wn]T are assigned
to the criteria by the DM. The multiple criteria values together with their weighting factors are
aggregated into a single performance metric. SAW chooses the most preferred alternative A*
which has the maximum weighted outcome, as shown in Equation where bigger criteria

values are preferred.
n
A* = A |max Y wimi; o, i=1,2,.,m,j=1,2,..,n (2.24)
R
‘7_

SAW is one of the most widely used decision analysis methods because of its simplicity.
However, it also has some limitations. SAW requires all criteria values to be both numerical
and comparable, which will trigger the quantification problem for the qualitative criteria and
normalization problem for all the elements in decision matrix. The quantification methods and
normalization methods have a significant influence on the final decision results. Moreover, SAW

is sensitive to the weighting factors.

2.4.7 TOPSIS

TOPSIS (Technique for Order Preference by Similarity to Ideal Solution) is based on the idea
that the chosen alternative should have the shortest distance to the positive ideal solution A*
and the furthest distance from the negative ideal solution A~. The distance is in the form of

Euclidean distance [58], as shown in Figure
A

Criterion 2

>

Criterion 1

Figure 2.5: TOPSIS Method [58]

TOPSIS requires a decision matrix and weighting factors as input data, its computational

steps are summarized as follows.
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1. Normalize the decision matrix.

CCZ']'

Zij = —F/—,
m
> 22
=1

2. Calculate the weighted normalized decision matrix.

i=1,2,...,m,j=12 ....n (2.25)

Tij = WjZij, 1=1,2,...m,3=12,...n (226)

3. Identify the positive ideal solution A* and the negative ideal solution A~.
A* = {<maxrij|j € J> ) <minrij|j € j> li=1,2, ,m} ={z}, 25, ...,z } (2.27)
K2 (2

A- = {(minriﬂj € J) , (maxrij\j € j) li = 1,2,...,m} ={a7, 25, ...,z } (2.28)

where J is the benefit criteria set (bigger criterion value is preferred), and J is the cost
criteria set (smaller criterion value is preferred). Thus, the positive ideal solution is com-
posed of the maximum values of benefit criteria and the minimum values of cost criteria;
while the negative ideal solution is composed of the minimum values of benefit criteria and

the maximum values of cost criteria.

4. Calculate the distance for each alternative to the positive ideal solution and the negative

ideal solution, respectively.

k
2

S7 = \ zk: (W - x;)Q, i=1,2,...m (2.30)

5. Calculate the relative closeness for each alternative to the ideal solutions.
ST
Cl=—"— i=12...m (2.31)
S, + S5
6. Rank the alternatives according to the value of C .

TOPSIS suggests the best alternative which has the furthest distance from the negative
ideal solution (biggest value of S;”) and shortest distance to the positive ideal solution
(smallest value of S7). Thus, the increase of numerator and the decrease of denominator
will lead to a bigger value of C} in Equation . In other words, the alternative which

maximizes the value of C; ranks first.
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Furthermore, in addition to Equation the relative closeness of each alternative to the
ideal solutions could be also aggregated by Equation [2.32

_ St .

i = oo 1=12,..m (2.32)
S+ S;

where the decrease of numerator and the increase of denominator will result in a smaller value

of C;". Thus, the alternative which minimizes the value of C;  ranks first. Besides, since the

sum of Cf and C; is one, it is sufficient to compute one of them, and the other one can be

inferred easily.

Another approach is to visualize the relative closeness of each alternative to the ideal solutions
via Pareto frontier, as illustrated in Figure 2.6 where the horizontal axis represents the distance
to the positive ideal solution (S}), while the vertical axis stands for the distance to the negative
ideal solution with minus signal (—S;). The minus signal is used to convert the preference

direction of S;” for the convenience of displaying Pareto frontier.

A

Pareto frontier

Distance to Negative Ideal Solution

-1 ] ] ] ] -
0 025 05 075 1

Distance to Positive Ideal Solution

Figure 2.6: Pareto Frontier for Relative Closeness to Ideal Solutions in TOPSIS

The Pareto frontier approach does not need to aggregate the relative closeness, however,

instead of one best alternative, a set of non-dominated alternatives is often obtained.

TOPSIS is one of the widely used compensatory decision analysis methods considering its
simplicity and systematic calculation procedures. However, TOPSIS assumes that each crite-
rion’s utility is monotonic, which is not appropriate for problems where a particular criterion

value is desired to be achieved [58]. TOPSIS is also rather sensitive to the weighting factors.
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An Aircraft Selection Example using TOPSIS

In this subsection, TOPSIS is used in an aircraft selection example, as described in Subsec-

tion The decision matrix is repeated in Table for the convenience of calculation.

Table 2.8: Decision Matrix of an Aircraft Selection Example using TOPSIS

Criteria

Ch: Comfort (C5: Cost Cj3: Environmental friendliness

Alternatives wy: 0.3 wsy: 0.4 wsz: 0.3
Aircraft A 8 7 10
Aircraft B 9 6 )
Aircraft C 6

Given the decision matrix summarized in Table 2.8 going through the described six-step
calculations of TOPSIS, the relative closeness aggregated by Equation [2.31] is shown in vector
C*. Considering that the alternative which maximizes the value of C'* ranks first, Aircraft A is

recommended as the best alternative.

0.5175
C* = 10.4866
0.5043

Furthermore, the relative closeness aggregated by Equation is shown in vector C~. In
this case, the alternative which has the smallest value of C~ ranks first. Therefore, Aircraft A

is ranked as the best alternative.
0.4825

C™ = (05134
0.4957

The Pareto frontier for the relative closeness to the ideal solutions is illustrated in Figure[2.7]
It can be observed that Aircraft A is a non-dominated alternative.

In summary, in this aircraft selection example using TOPSIS, three approaches of represent-
ing the relative closeness for each alternative to the ideal solutions (aggregation by Equation m
and Equation and visualization via Pareto frontier), generate the consistent result that Air-

craft A is the best alternative for the DMs to consider among the three candidate aircraft.
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Figure 2.7: Pareto Frontier for Relative Closeness to Ideal Solutions in an Aircraft Selection

Example

2.5 Emerging MCDA Techniques Interacting with Other Disci-

plines

MCDA discipline continues its growth in the development of new approaches and methodologies,
especially through the interactions with other disciplines, such as problem structuring methods
and evolutionary optimization algorithms [I39]. This section introduces these new emerging
MCDA techniques. More comprehensive review of the new trends in MCDA can be found

in [44].

2.5.1 Problem Structuring Methods and MCDA

Most MCDA literature focused on analysis methods and took a well-structured problem as a
starting point, with the assumptions that the alternatives have been well-defined and a coherent
set of evaluation criteria has been identified [I4]. It is an erroneous impression that arriving
this point is a relatively trivial task, while in reality this is not so simple [44]. In order to
enable effective multi-criteria analysis and appropriately formulate the multi-criteria decision
problem, the problem structuring methods can be applied to provide a rich representation of a
problematic situation and conceptualize a decision which is initially simplistically presented.
Lots of research has been conducted on problem structuring for MCDA. One approach is
to implement problem structuring within the existing MCDA framework, such as value focused
thinking proposed by Keeney [64]. Before the evaluation of candidate alternatives and the
selection of a preferred one, value focused thinking stresses the importance of understanding the
DM’s values and objectives and using them as the basis for creative generation of alternatives.
The decision frame, objectives, and alternatives are three components need to be coherently

specified. Keeny also compared value focused thinking against alternative focused thinking.
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Alternative focused thinking starts from a specified set of alternatives and identifies values
based on these alternatives. Corner et al. proposed a dynamic decision problem structuring
framework to advocate a continuing process of iteration between value focused thinking and
alternative focused thinking [34], as illustrated in Figure The consideration of values and
objectives prompts new alternatives, while in turn the reflection of alternatives contributes to
new values and objectives. This iterative process helps DMs to learn about the problem context

and reflect on their values.

Identify new
objectives

Alternatives

Identify new
alternatives

Figure 2.8: The Framework of Dynamic Decision Problem Structuring [34]

Rosenhead and Mingers outlined five principal methods for problem structuring: strategic
options development and analysis, soft systems methodology, strategic choice approach, robust-
ness analysis, and drama theory [103]. These five methods are all based on the UK commu-
nities of system thinking. The key features of the five principal methods are summarized as

follows [103], [44] .

e Strategic options development and analysis: begins with a process of idea generation,

seeks to capture and structure the complexity of an issue reflected by multiple perspectives.

e Soft systems methodology: uses rich pictures, root definitions and conceptual models

to explore the issue from a number of different perspectives.

e Strategic choice approach: four modes: shaping, designing, comparing, choosing. This
method focuses on key uncertainties (about related areas, environment and values) and

analysis of interconnected decision options.

¢ Robustness analysis: focuses on identifying options which perform well in all possible

futures.

e Drama theory: appropriate in multi-party contexts where the outcome is dependent on

the inter-dependent actions of the parties. This method seeks to identify stable options.

Another approach is to integrate cognitive/causal mapping with MCDA, such as reasoning

maps developed by Montibeller and Belton [90]. Reasoning maps introduce a focused casual
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map in order to enable the qualitative analysis of the alternatives within the structure of the

map directly.

2.5.2 Evolutionary Optimization Algorithms and MCDA

Optimization techniques perform the task of searching for one or more solutions in order to
minimize or maximize one or more specified objectives, while satisfying all the constraints.
There are at least two equally important tasks: an optimization task for finding Pareto optimal
solutions, and a decision making task for choosing a single most preferred solution [23].

Evolutionary algorithms are widely used optimization techniques which are inspired by bio-
logical evolution, they operate on a population of candidate solutions and apply the principle of
survival of the fittest to evolve the candidate solutions towards the desired optimal solutions [36].
Continuous and discrete variables can be included in evolutionary algorithms simultaneously,
where the continuous variables are discretized with a reasonable resolution. Additionally, evo-
lutionary algorithms consider the whole design space, thus, the risk of convergence to a local
optimum can be avoided. However, evolutionary algorithms suffer from expensive computation,
and different optimization runs may result in different optimal solutions.

The decision making task usually involves the elicitation of the preference information from
a DM. There are typically three strategies to incorporate the DM’s preference information
with optimization techniques [85]: a priori approach, a posteriori approach, and an interactive
approach. In the a priori approach, the DM’s preferences are utilized to aggregate the multiple
objectives into one figure of merit. Then, optimization techniques are applied to search for the
most preferred design solution, with the composite figure of merit as a single objective function.
In the a posteriori approach, optimization techniques are applied firstly to search for a set of non-
dominated solutions, usually in terms of a Pareto front. Then, the DM’s preferences are used
to select the most preferred design solution among several design alternatives from the Pareto
front, taking multiple objectives into consideration simultaneously. In the interactive approach,
the DM iteratively specifies the preference information during the optimization process.

The link between evolutionary algorithms and MCDA can be built, considering that MCDA
techniques have been developed for solving decision problems with discrete solution alternatives.
For instance, one a posteriori approach is to use MCDA techniques to analyze the final population

of evolutionary optimization algorithms [23], [123].
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MCDA Method Selection

The first objective of this research is the development of an intelligent multi-criteria decision
support system in order to facilitate the selection of the most appropriate MCDA method for the
problem under consideration effectively. In this chapter, with the perspective that the method
selection itself is a complicated MCDA problem, twelve evaluation criteria are proposed to
assess sixteen widely used MCDA methods. An Appropriateness Index (AI) is used to quantify
the goodness of a method for solving the problem under consideration. This method selection
approach is implemented and an intelligent multi-criteria decision support system is developed
in MATLAB.

The framework of MCDA method selection was originally developed by [72]. In this research,
the framework has been successfully improved in order to yield more accurate and reliable

solutions [I18]. Three major improvements are listed as follows.

1. The distinction between filtering questions and scoring questions. The filtering questions
are used to screen out inappropriate methods in the initial step of selection, and scoring

questions are used to derive the attributes of a MCDA formulation.

2. The method library is extended to include all sixteen widely used MCDA methods.

3. Most importantly, a newly developed uncertainty assessment module, which is discussed
in detail in Chapter 4.

3.1 Method Selection Background

Although MCDA has a relatively short history of about 40 years, over 70 MCDA techniques
have been developed for facilitating the decision making process [I11],[126],[139]. Among these
developed MCDA methods, different methods have different underlying assumptions, analysis

models, and decision rules that are designed for solving a certain class of decision making
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problems. It is critical to select the most appropriate method to solve the problem under
consideration since the use of unsuitable methods might lead to misleading decisions. It can be
seen that the selection of MCDA methods itself is a complicated MCDA problem [58] and needs
to be prudently performed.

Over the past decades, considerable research has been conducted to deal with the selection of
the most appropriate MCDA method for a given decision making problem. MacCrimmon firstly
recognized the importance of MCDA method selection. He proposed a taxonomy of MCDA
methods, created a method specification chart in the form of a tree diagram and provided an
illustrative application example [78]. Hwang developed another tree diagram, which consists of
nodes and branches connected by choice rules that can be used for selecting the decision making
method for a specified problem [58]. Sen and Yang developed similar tree diagrams to help
the DM with selecting the appropriate MCDA methods, and the selection was based on the
type of preference information elicited [I1I]. The tree diagram approach provides reasonable
classification schemes and is easy to utilize. However, this approach has its own disadvantages:
it usually gives two or more MCDA methods rather than the most appropriate method, and it
only considers limited types of decision problems, preference information, and available methods.
These limitations stop the tree diagram approach from being an effective solution to the method

selection problem [102].

Possible criteria for evaluating MCDA methods were proposed as an alternative solution to
the method selection problem. Tecle and Duckstein developed an approach based upon a com-
posite programming algorithm which aided in selecting an appropriate MCDA method [121].
They proposed four categories of criteria: DM-related characteristics, method-related char-
acteristics, problem-related characteristics, and solution-related characteristics to evaluate an
method. The independent criteria categories enable the DM to conduct the evaluation in a
specified order. However, it is difficult to quantify all MCDA methods in terms of these four
criteria categories. Besides, by using this approach, different users may get totally different
results because the users’ knowledge about the MCDA methods has a strong impact on the final

results.

Artificial intelligence techniques were employed by Poh and Lu et. al. [100],[77] to help the
DM select the most suitable method based on a series of user inputs. Poh suggested a knowledge-
based system, which allowed the DM to select the most appropriate method among available
eleven multi-attribute decision making methods. Lu et al. proposed an intelligent system, which
facilitated selecting the most suitable method among seven multi-objective decision making
methods. The knowledge-based intelligent system simplifies the method selection problem with
simple questions by allowing direct selection or automated selection based on DM’s inputs.

However, they do not clearly state the limitations or failure modes of the systems [102].
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Although the tree diagrams approach, the criteria approach, and the artificial intelligent
systems provide some capabilities to find the suitable decision making methods for a given prob-
lem, they have their own disadvantages. Therefore, an advanced approach with more capabilities

needs to be developed to facilitate the MCDA method selection.

3.2 An Advanced Approach for Method Selection

In order to effectively select the most appropriate MCDA method for a given decision making
problem, a systematic framework is proposed in this study. The proposed approach consists of
eight steps: define the problem, define the evaluation criteria, perform initial screening, define
the preferences on evaluation criteria, calculate the Appropriateness Index, evaluate the MCDA
methods, choose the most suitable method, and conduct sensitivity analysis. This framework is
illustrated in Figure Each step of the proposed approach to method selection is discussed

in detail in the following subsections.

Define the problem

v

Define evaluation criteria

v

Perform initial screening

v

Define preferences on evaluation criteria

v

Calculate Appropriateness Index

v

Evaluate decision analysis methods

v

Choose the most suitable method

v

Conduct sensitivity analysis

( Final results )

Figure 3.1: An Advanced Approach to MCDA Method Selection
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3.2.1 Step 1: Define the Problem

The characteristics of the decision making problem under consideration are addressed in the
problem definition step, such as identifying the number of alternatives, attributes, and con-
straints. The available information about the decision making problem is the basis on which the

most appropriate MCDA techniques will be selected and utilized to solve the problem.

3.2.2 Step 2: Define the Evaluation Criteria

The proper determination of the applicable evaluation criteria is important because they have
great influence on the outcome of the MCDA method selection process. However, simply using
every criterion in the selection process is not the best approach because the more criteria used,
the more information is required, which will result in higher computational cost. Therefore,
a trade-off has to be made between the accuracy of the results and computational cost. In
this study, the characteristics of the MCDA methods are identified by the relevant evaluation
criteria in the form of a questionnaire. Twelve questions are defined to capture the advantages,

disadvantages, applicability, and computational complexity of each MCDA method.
e Filtering questions

1. Is the method able to handle selection or optimization problems?
2. Does the method allow trade-offs among criteria?

3. What input data is required by the method?
e Scoring questions

What preference information does the method need?

What decision rule does the method use to rank or sort the alternatives?
Does the method evaluate the feasibility of the alternatives?

Can the method handle any subjective attribute?

Does the method handle qualitative or quantitative data?

© »®» N e v

Does the method deal with discrete or continuous data?
10. Can the method handle the problem with hierarchy structure of attributes?
11. Is the method able to capture uncertainties existing in the problem?

12. Can the method support visual analytics?

It should be noted that the first three filtering questions are used to screen out inappropriate
methods in the initial step of selection, the other nine scoring questions are used as the attributes

of a MCDA formulation and as the input data of decision matrix for method selection.
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3.2.3 Step 3: Perform Initial Screening

In the initial screening step, the first three filtering questions are utilized to screen out inap-
propriate methods. For the first filtering question, only scoring MCDA methods are suitable
for solving optimization problems since the scores aggregated by MCDA methods can serve as
objective functions in the optimization process, while classification MCDA methods, such as

ELECTRE, are not suitable since they cannot offer objective functions for optimization.

For the second filtering question, if trade-offs among criteria are allowable, all non-compensatory
methods will be removed, and only compensatory methods remain as the candidate methods for

further selection.

For the third filtering question, different decision analysis methods require different input
data. For example, most MCDA methods require a decision matrix as input, while AHP needs
pairwise comparison matrix. Thus, when the DM can provide pairwise comparison matrix, then
AHP will be the only left method to solve the decision making problem. AHP and its ex-
tended version Analytical Network Process (ANP) are implemented in Super Decisions software
(www.superdecisions.com). Thus, only methodology instructions for AHP are integrated in the

multi-criteria decision support system.

3.2.4 Step 4: Define the Preferences on Evaluation Criteria

Usually, after the initial screening step is completed, more than one MCDA methods are expected
to remain, otherwise the DM can directly choose the only one left to solve the decision making
problem. With the nine scoring questions defined in Step 2, the DM’s preference information
on the evaluation criteria is defined. This will reflect which criterion is more important to the

DM in the method selection process.

In this study, weighting factors are assigned to evaluation criteria to describe the DM’s
preference information. The weighting factors must be carefully elicited in order to accurately
capture DM’s preferences. A subjective scale of 0 to 10 recommended by Hwang [58] is used
in this study, with calibration that 0 stands for extremely unimportant while 10 represents

extremely important.

3.2.5 Step 5: Calculate the Appropriateness Index

In this study, sixteen widely used MCDA methods are identified and stored in the knowledge
base as candidate methods for selection. The evaluation criteria are captured by answering

twelve questions relevant to the characteristics of the methods. Al is used to rank the methods,
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given by Equation [72], [11§].

lifcji:ai . .
i = =1,2,...,n;5=1,2, ...
b]l { 0 if cji 75(11‘ ? y by ey 3] y Ly eeey 1T

where n is the number of evaluation criteria used to examine the methods with respect to the
given problem, and m is the number of methods stored in the knowledge base, {w1,ws, ..., wy}
are the weighting factors for the evaluation criteria, a; is the value of the i-th characteristic of the
decision problem, and cj; is the value of i-th characteristic of the j-th method, b;; is a Boolean
number depending on the match of the i-th characteristic of the decision problem and the i-th
characteristic of the j-th method. If the i-th characteristic of the decision problem matches the
i-th characteristic of the j-th method, then bj; = 1; otherwise, b;; = 0. 1; denotes one.

n
With one set of weighting factors, the numerator of AI ()" wj * bj;) calculates the weighted
i=1

score for each method, while the denominator (zn: w; x 1;) calculates the maximum value if the
characteristics of one method match completely szzilth the characteristics of the decision problem.
For each method, Al is calculated by the weighted score normalized by the maximum value. Al
ranges from 0 to 100%, higher value of AT indicates the method is more appropriate to solve a

given decision problem.

Table shows one example of the Al calculation process for TOPSIS technique. At first,
the DM identifies the key characteristics of the decision making problem by defining relative
weights for the evaluation criteria. In this example, the decision rule, input data, and uncer-
tainty analysis are considered as most important criteria, so high weights are assigned to these
evaluation criteria. The other evaluation criteria are assigned relative weights in the same way,
thus, the weighting factors of the nine evaluation criteria are defined as [5 8 4 4 6 4 3 6 5].
Second, the characteristics of the decision making problem are obtained from the answers to
the questionnaire, while the characteristics of the MCDA methods can be obtained from the
knowledge base. Then, the characteristics of the problem and method are compared pairwise in
order to see if they match with each other. Finally, Al can be calculated for TOPSIS by using
Equation [3.1] and the result is given by Equation
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Table 3.1: The Appropriateness Index Calculation Process for TOPSIS

Criteria Problem Method Match
weights  criteria values criteria values  scores

Evaluation criteria w; a; Cji bji
Filtering questions
1. Selection/Optimization - - - -
2. Allow trade-off - - - -
3. Input data - - - -
Scoring questions
4. Preference information 5 Relative weight Relative weight 1
5. Decision rule 8 Min. closeness  Min. closeness 1
6. Feasibility evaluation 4 Yes No 0
7. Subjective 4 No No 1
8. Qualitative/quantitative data 6 Quantitative Quantitative 1
9. Discrete/continuous data 4 Discrete Discrete 1
10. Single/hierarchy 3 Single Single 1
11. Capture uncertainties 6 Yes No 0
12. Visualization 5 Yes Yes 1

9

> w; *bj;

Altopsis = izgli % 100%
dwix 1
=1
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3.2.6 Step 6: Evaluate the MCDA Methods

In order to compare the appropriateness of the methods with respect to the given decision making

problem, each method is evaluated based on the nine scoring questions and Al for the MCDA

methods are obtained. Based on the Al calculation, the MCDA method with the highest score

will be chosen as the most appropriate method to solve the original decision making problem.

3.2.7 Step 7: Choose the Most Suitable Method

As noted in Step 6, the method with the highest AI will be recommended as the most appropriate

method to solve the given problem. The developed decision support system is utilized to guide

the user to reach the final decision when solving evaluation decision making problems. After

one MCDA method is identified as the most appropriate method, the user can simply click the
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name of the method, and the methodology instructions will be displayed to guide the user to
solve the given problem. The mathematical calculation steps are built in the MATLAB-based
decision support system, thus, the user can just simply follow the instructions, such as inputting

necessary data, to get the final results.

3.2.8 Step 8: Conduct Sensitivity Analysis

It is observed that different DMs often have different preference information on the nine scoring
questions, thus, sensitivity analysis should be performed on the method selection algorithm to
analyze its robustness with respect to the variations of weighting factors.

In order to accommodate different preference information from different DMs, weighting
factor of each characteristic is treated in a parametric manner. In our integrated user interface,
DMs can adjust criteria weights by moving the corresponding slide bars. It is worth noting that
there is no absolute best decision analysis method that can solve any decision problem, since
the method selection is problem specific. The selection of the most suitable decision analysis

method depends on the problem under consideration.

3.2.9 Two Particular Scenarios During the Method Selection Process

There are two scenarios of particular interest which need to be considered during the method
selection process: (1) the case when there are two or more methods whose appropriateness
scores are the highest. (2) the case when there is no method which can be considered suitable
for the problem under consideration. These two particular scenarios were not addressed in the
previous research in [72]. In this study, these two particular scenarios are explicitly addressed
and formulated as follows.

For the first scenario, when there are more methods that can be considered as the best ones to
solve a given decision problem, the DM can perform uncertainty analysis of the weighting factors
for the nine evaluation criteria. The method which has the highest probability to be ranked first
is recommended as the most suitable method for the decision problem under consideration. In
the developed multi-criteria decision support system, the DM can adjust the weighting factors
of the nine evaluation criteria by moving the corresponding slide bars.

For the second scenario, when there is no method can be considered as the suitable one for
a given decision problem, new methods or hybrid methods need to be used to solve the given
problem. During the process of method selection, more insights on the characteristics of the
methods can be obtained. For example, by combining two or more decision analysis methods,
DMs may get one hybrid method which is more effective for solving the given problem. Moreover,
the definition of a threshold value for the appropriateness index of the decision analysis method

can be helpful to identify the occurrence of the second scenario.
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3.3 An Intelligent Multi-Criteria Decision Support System

The proposed approach to method selection is implemented and an intelligent multi-criteria
decision support system is developed in MATLAB. Its architecture is illustrated in Figure (3.2
For a given decision making problem, the DM needs to define the requirements of the problem
and the preference information on these requirements. Then the intelligent multi-criteria deci-
sion support system will utilize the information provided in the knowledge base, and rank the
methods. The method with the highest score will be selected as the most appropriate MCDA
method to solve the given problem. The user guide of the intelligent multi-criteria decision

support system can be found in Appendix A.

Given problem

Define requirements Define preference on requirements

y v

Rank methods in terms of Appropriateness Index [« Knowledge base

v

Select the most appropriate method and solve given problem

Final results

Figure 3.2: The Architecture of an Intelligent Multi-Criteria Decision Support System

3.4 Chapter Summary

An advanced approach to effectively select the most appropriate MCDA method for a given de-
cision making problem was formulated and presented in this chapter. Twelve evaluation criteria
were proposed to assess sixteen widely used MCDA methods. This method selection approach
was implemented and an intelligent multi-criteria decision support system was developed in
MATLAB. The capabilities of the developed intelligent multi-criteria decision support system
will be demonstrated and evaluated in Chapter 5 and Chapter 6.
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Uncertainty Assessment in the

Decision Analysis Process

The second objective of this research is to assess the uncertainties propagated in the decision
analysis process. The values of decision criteria and weighting factors are main input data when
solving a decision problem. The inherent uncertainties associated with the input data have
significant impacts on the final decision solution. In this chapter, a new approach for uncer-
tainty assessment in the decision analysis process is proposed. This approach consists of four
steps: uncertainty characterization by percentage uncertainty with confidence level, uncertainty
analysis using error propagation techniques, local sensitivity analysis based on iterative binary
search algorithm, and global sensitivity analysis using partial rank correlation coefficients. The
proposed new approach is implemented and an uncertainty assessment module is developed and

integrated into the intelligent multi-criteria decision support system.

4.1 Uncertainty Assessment: State of the Art

Considerable research has been conducted to assess the uncertainties propagated in the decision
analysis process. Durbach and Stewart provided a review of uncertainty modeling for conducting
multi-criteria decision analysis with uncertain attribute evaluations [42]. The review included
models using probabilities, quantiles, variances, fuzzy numbers, and scenarios. Aschough et al.
discussed the incorporation of uncertainty in environmental decision making process [11]. Es-
pecially, the authors asserted the importance of developing innovative methods for quantifying
the uncertainty associated with human input.

A conceptual framework for the systematic treatment of uncertainty in model-based de-
cision support was developed by Walker [127]. Another approach to incorporate uncertainty
management with engineering systems design was proposed by de Neufville et al. [92]. A

generic classification of uncertainty from the perspective of a generic product development and
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manufacturing firm was provided by de Weck and Eckert [I129]. An exploratory of MCDA was
developed by Van der Pas to address deep uncertainty [4]. However, the quantification of the
uncertainty propagated into the final decision results was not fully addressed.

The analysis of multi-criteria problems with uncertainty using simulation based techniques
has been studied by many researchers [40], [122], [41], [45]. An uncertainty analysis program for
SAW (Simple Additive Weighting [58]) and PROMETHEE (Preference Ranking Organization
METHod for Enrichment Evaluations [24]) was developed in Excel by Hyde [60], [59]. A new
surrogate modeling method for propagating uncertainty from model inputs to model outputs was
developed by Allaire and Willcox [5]. However, the uncertainties of the criteria were directly
defined in the form of probability distributions, the DM’s confidence levels regarding these
uncertainties were not explicitly captured. In other words, the accuracy of the uncertainty
modeling has not been quantified. Accordingly, the quality of the final decision made under
these uncertainties cannot be guaranteed.

The analytical error propagation technique was employed to measure the composite errors
of multiplicative weighting method [135], where only two simple algebraic calculation steps were
involved: the attribute values for each alternative were multiplied by the weights as exponen-
tiation. However, for complicated decision analysis methods, there would be heavy calculation
burden to infer the analytical error derivatives.

The uncertainty assessment approach proposed in this study overcomes the aforementioned
limitations, through capturing the confidence levels of a DM, while utilizing simulation-based
numerical error propagation technique to calculate the propagated error for complex decision
analysis methods. This approach consists of four steps: uncertainty characterization, uncertainty
analysis, local and global sensitivity analysis. Each step of the uncertainty assessment approach

is discussed in detail in the following sections.

4.2 Uncertainty Characterization

The uncertainties are represented by percentage uncertainties with confidence levels. These
uncertainties are transferred into standard deviations through the utilization of inverse error
function. In this section, the relationship between normal distribution and error function is

introduced first, then the uncertainty transformation using inverse error function is presented.

4.2.1 Relationship between Normal Distribution and Error Function

For a normal random variable X with N (u, 02) distribution, the probability of a random sample

value falling within the interval [u — no, p + no| can be calculated by Equation
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1 ptno _ (I*%F)
P(p—no <X <pu+no)= / e\ *7 Jdz (4.1)
oV2T Jy—no

The error function is shown in Equation [89], with the substitution z = %, Equation

can be converted into Equation 4.3

=erf(x :i xe<_t2) .
y=erf@ = — [ O (4.2

P(pu—no< X <pu+no) =

\/12? _T; ) s = e (\’/%) (4.3)

In other words, the probability of a normal random variable X falling within its interval
[t — no, 4+ no| can be calculated by the error function erf (%) Some typical numbers of

standard deviation are plotted in Figure [4.1
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Figure 4.1: Typical Numbers of Standard Deviation

4.2.2 Uncertainty Transformation using Inverse Error Function

When the probability (confidence level) of a normal random variable X falling within certain
confidence interval has been given, the numbers of standard deviation can be calculated by the

inverse error function, as described in Equation [£.4]

n = v/2er f~!(Confidence level) (4.4)
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The relationship between mean p and standard deviation o is shown in Equation

Relative error(%)u = no (4.5)

Note that relative error here is equivalent to percentage uncertainty, thus, the conversion of
percentage uncertainty into standard deviation is shown in Equation |4.6
Percentage uncertainty (%
o — g y (%) (4.6)

n

4.3 Uncertainty Analysis

The process of uncertainty analysis using error propagation techniques is illustrated in Figure[d.2]
In the first part of this section, the background of error propagation techniques is introduced.

Robustness measurement using Signal-to-Noise Ratio (SNR) is presented in the second part.

Uncertainty characterized by
percentage uncertainty
with confidence level

*Transform into

Numbers of
standard deviations

+Transform into

Uncertainty expressed by
mean and standard deviation

* Input
Calculation of
propagated uncertainty using
error propagation techniques

Figure 4.2: The Process of Uncertainty Analysis using Error Propagation Techniques

4.3.1 Background of Error Propagation Techniques

Error propagation techniques answer the question: how the uncertainties of input variables
will be propagated to some predefined functions involving these variables and lead to the final
result [I7]. There are two classes of error propagation techniques: analytical and simulation-
based numerical error propagation techniques.

The analytical error propagation technique relies on a linearized Taylor series expansion of

the function about the mean of each variable, the total error of the function is obtained by
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combining the linearized individual error in quadrature. For a function

yzf(l’l,m,--.,wn) (47)

where z1, z9, ..., x, are input variables, 0, ,0g,, ..., 05, refer to the relatively small uncertainties
in x1,x9, ..., Tn, respectively. The small uncertainties can be identified as Gaussian distribution
provided that their magnitudes are not too large [I7]. Small uncertainties of the variables
0215 0zq, -y 0z, can be used with their standard deviation o,,,04,, ..., 04, interchangeably. Based
on Taylor series expansions, the propagated errors of input variables x1+0,,,z2£04,, ..., Tn £z,
can be analytically described by Equation [17].

23 (5;)2031. S (;ﬁ;) < 2 ) O yari 7 J) (45)

j=1 j=1i=1
where 03 is the total variance of the function, % is a partial derivative of the function f with
J

respect to variable x;, when treating other variables x1, x2,...,xj_1, 741, ..., T, as constants, Jgj
is the variance of variable z;, and O'g%jmi is the cross-product covariance when variables x; and
x; are correlated. If the variables x1, 9, ..., z,, are independent, we can omit the cross-product

covariance term, Equation [4.8| reduces to

n 2
of
2 _ 2

o= <a:c]> Ta; (4.9)
The contribution due to the uncertainties in x1, xo, ..., T, is considered separately through
Equation[4.9] provided that the errors of the input variables could be seen as normally distributed

and there is no strong nonlinearity associated with the function in its evaluation range.
While analytical error propagation technique is appropriate for simple calculation processes,

simulation-based numerical error propagation technique is more suitable for dealing with com-

plex models, where trade-off has to be made between results accuracy and computation time.

4.3.2 Robustness Measurement using Signal-to-Noise Ratio

Robustness is an important performance measurement when uncertainty exists. Taguchi pi-
oneered the application of robust design methods in product design and manufacturing pro-
cess [120]. Robustness reflects product’s ability to withstand uncontrollable variations in pro-
duction and usage. The Signal-to-Noise Ratio (SNR) is one way to measure the robustness
in Taguchi’s method. The SNR in terms of mean and standard deviation is defined as Equa-
tion

SNR = 20log, (1) (4.10)

g
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The SNR is expressed in decibel (dB). For instance, 40 (dB) means that the magnitude of
mean is 103 = 100 times the magnitude of standard deviation. A larger SNR value indicates
more robustness against uncertainty.

Moreover, linearity also influences the SNR value. When the relationship between the input
and output of a system is not linear, deviation from linearity is taken as the error after the

decomposition of variation and the SNR becomes smaller [120].

Uncertainty Analysis for an Aircraft Selection Example

Uncertainty analysis for an aircraft selection example, as described in Subsection is con-
ducted in this subsection. The decision matrix is repeated in Table for the convenience of

calculation.

Table 4.1: Decision Matrix of an Aircraft Selection Example for Uncertainty Analysis

Criteria

C1: Comfort C(C5: Cost Cj3: Environmental friendliness

Alternatives wi: 0.3 wy: 0.4 wsz: 0.3
Aircraft A 8 7 10
Aircraft B 9 6 5
Aircraft C 6

Assume that the DM states that there are 15% uncertainties existing in criteria values with
80% confidence level, and there are 30% uncertainties existing in weighting factors with 90%
confidence level. Following the uncertainty analysis process shown in Figure percentage
uncertainties with confidence levels are transferred into means and standard deviations, Monte
Carlo-based error propagation technique is used to calculate the propagated uncertainties.

When SAW is used to solve the aircraft selection example, the probabilistic ranking of the
three candidate aircraft is summarized in Table The largest number in each row indicates
the most likely ranking. It can be observed that Aircraft A has the highest probability to be
ranked first, Aircraft B is most likely to be ranked second, and Aircraft C has the highest
probability to be ranked in the last place.

Table 4.2: The Probabilistic Ranking in an Aircraft Selection Example

Alternatives
Ranking Aircraft A Aircraft B Aircraft C
1st 72.00% 26.00% 2.00%
2nd 25.00% 56.00% 19.00%
3rd 3.00% 18.00% 79.00%
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Figure 4.3: The Probabilistic Ranking Permutations in an Aircraft Selection Example

Table 4.3: Robustness Measurement using Signal-to-Noise Ratio in an Aircraft Selection Example

Alternatives Mean Standard deviation SNR (dB)

Aircraft A 1 =0.9041 o =0.1036 18.8148
Aircraft B = 0.8506 o =0.1096 17.7978
Aircraft C uw=0.7741 o =0.0973 18.0144

In addition to the probabilistic ranking of each alternative, the likelihood for alternatives
permutation is also calculated and demonstrated in Figure where the vertical axis represents
all possible alternatives permutations, the lower horizontal axis stands for simulation runs, and
the upper horizontal axis corresponds to the occurrence probability of each permutation. It can
be seen that the alternative permutation [A; Ay As] ([Aircraft A Aircraft B Aircraft C]) has
the highest probability of occurrence.

In order to compare the robustness of the three alternatives against uncertainties in weighting
factors and criteria values, SNR for each alternative is calculated using Equation and
summarized in Table[4.3] Considering that a larger SNR value indicates more robustness against
uncertainty, we can observe from Table that Aircraft A is most robust against uncertainties

in weighting factors and criteria values among the three alternatives.

4.4 Local Sensitivity Analysis via Iterative Binary Search Algo-

rithm

Sensitivity analysis addresses the question how the variation of input variables influences model

output [55]. There are two categories: local and global sensitivity analysis [110].
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Local sensitivity analysis varies input variables one at a time to determine which variables
have the greatest effect on model output, while holding the others fixed at nominal values.
Local sensitivity analysis can provide an initial understanding of the sensitivity of an individual
variable on model output over a small region around the nominal values of input variables,
with efficient computation. However, local sensitivity analysis may not provide meaningful
results when the model under consideration is nonlinear, or when input variables are perturbed
simultaneously and by different amounts, and the effects of interactions among input variables
on model output cannot be captured [46], [88].

Global sensitivity analysis varies all input variables simultaneously over the full range and
investigates the influence of each variable averaged over all possible values of other input vari-
ables [110], [46]. Global sensitivity analysis can provide insights into model behavior over the
full range of model output, taking into account the variable interactions [88]. However, com-
putational cost of global sensitivity analysis is higher than local sensitivity analysis and may
become prohibitive for large complex models.

In this research, we take the perspectives that different types of sensitivity analysis reveal
model behaviors in different domains of the variables [I38], and global sensitivity analysis should
not precede local sensitivity analysis [50]. This section focuses on local sensitivity analysis when
solving evaluation decision making problems, and global sensitivity analysis is investigated in

the next section.

Local Sensitivity Analysis in the Decision Analysis Process

When the MCDA methods are utilized in evaluation decision making problems, local sensitivity
analysis can be conducted to determine the sensitivity of alternatives’ rankings to changes in
input variables. A unified local sensitivity analysis approach for three MCDA methods including
SAW, multiplicative weighting method, and AHP, was proposed [126], where two questions were
addressed: (1) How sensitive the ranking of the best alternative or any alternative is to variations
in the current weights or performance measures of decision criteria? (2) What is the smallest
change in the current weights or performance measures of decision criteria which can alter the
current ranking of two alternatives?

However, this sensitivity analysis approach is specific for these three MCDA methods and
is not applicable to other MCDA methods. In addition, this approach was obtained through
the analytical inferences of these three specified MCDA methods, which only involve simple
mathematical calculation steps. For instance, SAW just has two calculation steps: multiplication
and addition, multiplicative weighting method only involves multiplication, and AHP also merely
involves multiplication and addition. Nonetheless, for other MCDA methods with complicated

mathematical calculations, such as TOPSIS or ELECTRE, it is difficult to infer the sensitivity
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coefficient for each input variable analytically. Thus, this sensitivity analysis approach cannot
be extended for general MCDA methods.

In this study, an iterative binary search algorithm is developed to investigate the sensitivity
of alternatives’ ranking to the variations of weighting factors or criteria values. The iterative
binary search algorithm can overcome these drawbacks mentioned above, since it is a sampling-
based method which will not be affected by the analytical calculation steps of MCDA methods.
Additionally, it can be generalized to other MCDA methods.

4.4.1 Iterative Binary Search Algorithm

The binary search technique has been widely used to find a target value in a sorted (usually
ascending) sequence efficiently [I31], [82]. This technique compares the middle element of the
sorted sequence to the target value, if the middle element is equal to the target value, then the
search terminates. If the target value is less than middle element, then the algorithm eliminates
the right half of the sorted sequence and conducts the same search for the left side. If the target
value is bigger than the middle element, then the algorithm ignores the left half of the sorted
sequence and performs the same search for the right side. Otherwise, we can conclude that the
target value is not in the sorted sequence.

For example, given a sorted sequence [0 5 12 17 23 25 50 60 80], assume that we want to find

the target value 25. The binary search technique works as follows.

e First iteration: [0 5 12 17 23 25 50 60 80]. The target value 25 is bigger than the middle
element 23, ignore the left half of the sorted sequence, and perform the same search for

the right side.

e Second iteration: [25 50 60 80]. The target value 25 is smaller than the middle element 50,

ignore the right side of the sorted sequence, and perform the same search for the left side.

e Third iteration: [25]. The target value 25 equals the element 25, the target value is found.

When using the MCDA methods to solve a given problem, input parameters are decision
criteria, weighting factors, the original ranking of the alternatives, and the number of iterations.
The outputs of the iterative binary search algorithm are the minimum changes in decision
criteria and weighting factors to alter the rankings of two alternatives. The iterative binary
search algorithm varies one input variable at a time in order to find the minimum change in this
input variable, which can alter the ranking of two alternatives.

The initialization of the iterative binary search algorithm is illustrated in Figure [£.4 The
first step is to initialize input parameters: left lower bound 11_bound, left upper bound 1u_bound,

right lower bound rl_bound, and right upper bound ru bound. In the next step, the left trial
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left search space right search space

:11_bound 1u_bound§ 1l_bound ru_bound;
® = ®
0% 1_trial initial r_trial 100%

Figure 4.4: Initialization for the Iterative Binary Search Algorithm

value 1_trial is calculated by the middle element in the left search space (11_bound+1u_bound) /2,
and the right trial value r_trial is calculated by the middle element in the right search space
(rl_bound+ru_bound) /2.

The flow chart of the iterative binary search algorithm is shown in Figure[4.5] where 1 stands
for left and u upper, 11 stands for left lower, 1u left upper, rl right lower, and ru right upper.
delta is the minimum change in weights or decision criteria when two rankings are altered. The
default setting is that it is non-feasible to change the current parameter to alter the ranking of
two alternatives. The number of iteration runs determines the precision of the calculation [82].
For instance, when the iteration runs is set as runs = 30, the precision of the calculation is
log(279ms) = 10g(23°) ~ 9.

The new trial values of the parameter under consideration are calculated and new rankings
of alternatives are computed. The rankings in the left search space will be evaluated first.
If the rankings using left new trial value change, then we will assign true to the judgment
variable isFeasible, and calculate the relative quantity of the parameter under consideration
delta decrement, and the left new trial value 1_trial is assigned to the left lower bound
11 bound. If the ranking using left new trial value does not change, then, the left new trial
value 1_trial is given to the left upper bound lu_bound. After the evaluation of the left search
space, the similar procedure is performed to the right search space. The algorithm is terminated
when the number of iteration is finished. Finally, if the judgment variable isFeasible is true,
the absolute magnitude of the relative quantities delta_decrement and delta_increment is
compared. The smaller quantity delta is the minimum change which can alter the ranking
of two alternatives. Otherwise, we can conclude that it is not feasible to change the current

parameter so that the ranking of two alternatives is altered.

4.4.2 Interactive Sensitivity Analysis for Weighting Factors

It is observed that weighting factors are often highly subjective considering that they are elicited
based on DM’s experience or intuition. The inherent uncertainties and subjectivities of weighting

factors have significant impacts on the final result of a decision making problem. In this study,
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Figure 4.5: Flow Chart of the Iterative Binary Search Algorithm

an interactive sensitivity analysis for weighting factors is developed. The basic idea is to vary

the weighting factor of one criterion from 0 to 100%, while keeping the weighting factors of other

criteria the same proportion as in the original setting.

Local Sensitivity Analysis for an Aircraft Selection Example

Local sensitivity analysis for an aircraft selection example, as described in Subsection is

conducted in this subsection. The decision matrix is shown in Table [4.4]

When SAW is used to solve the aircraft selection example, the ranking of the three alterna-

57



4. UNCERTAINTY ASSESSMENT IN THE DECISION ANALYSIS PROCESS

Table 4.4: Decision Matrix of an Aircraft Selection Example for Local Sensitivity Analysis

Criteria

Cy: Comfort C5: Cost Cs: Environmental friendliness

Alternatives wi: 0.3 wq: 0.4 wsz: 0.3
Aircraft A 8 7 10
Aircraft B 9 6 )
Aircraft C 6

tives is [Aircraft A Aircraft B Aircraft C]. The developed iterative binary search algorithm can
answer the question: What is the smallest change in the weighting factors so that the ranking
of the most preferred alternative or any alternative will be altered?

The absolute minimum changes in the weighting factors which can alter the ranking of
the alternatives are summarized in Table For the convenience of comparison, the relative
minimum changes are also presented in Table [£.6] The relative minimum changes are the
absolute minimum changes scaled against the original values of the weighting factors. In these
two tables, N/F (Non-Feasible) means that it is not mathematically feasible to alter the ranking
of the alternatives through the change of the current parameter.

The first two rows in Table show that when the weighting factor of C3 decreases —39.69%,
Aircraft B becomes the most preferred alternative, and it is not possible to change the weighting
factors so that Aircraft C ranks first. Moreover, it can be seen from the whole table that the
weighting factor of C3 is most sensitive to the ranking of the three alternatives.

Furthermore, following the proposed idea of varying the weighting factor of one criterion

Table 4.5: Absolute Minimum Changes in Weighting Factors to Alter the Rankings of Alternatives

in an Aircraft Selection Example

Pairs of rankings (o Cy Cs

Ay:A, 054 042 -0.12
Aj:As N/F N/F N/F
Ay:As 021 N/F 023

Table 4.6: Relative Minimum Changes in Weighting Factors to Alter the Rankings of Alternatives

in an Aircraft Selection Example

Pairs of rankings Ch Cs Cs
Aq:Ay 178.58% 104.17% -39.69%
Aq:As N/F N/F N/F
Ag:As -67.15% N/F 74.61%
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Figure 4.6: Interactive Sensitivity Analysis for the Weighting Factor of C; in an Aircraft Selection
Example

from 0 to 100%, while keeping the weighting factors of other criteria the same proportion as in
the original setting, the interactive sensitivity analysis for the weighting factor of C} is illustrated
as an example in Figure where an intersection of two lines indicates that there is a ranking

change between two alternatives.

4.5 Global Sensitivity Analysis using Partial Rank Correlation

Coefficients

In contrast to local sensitivity analysis, global sensitivity analysis allows the variations of all
input variables over the full range simultaneously. Many techniques have been developed to
perform global sensitivity analysis, among which Monte-Carlo sampling and correlation analy-
sis [18], [79], [55] and variance decomposition analysis [I10] are two most popular methods.

In this research, considering that inherent uncertainties in the decision analysis process, es-
pecially the subjectivities of weighting factors, have significant impacts on the final result of a
decision making problem, statistical techniques are capable of effectively dealing with these un-
certainties. Therefore, global sensitivity analysis based on Monte-Carlo sampling and correlation

analysis is further investigated.

4.5.1 Correlation Coefficients and Statistical Significance Test

In the decision analysis process, decision criteria and preference information are main input

variables. The output variables of the MCDA model are the overall performances of alternatives,
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Figure 4.7: Input Variables and Output Variables in the Decision Analysis Process

in the form of alternatives’ ranking or classification [14], [44]. The input variables and output
variables in MCDA models for statistical analysis are illustrated in Figure

The degree of association is one way to describe the statistical relationship between input
variables and output variables in the decision analysis process. Association between two vari-
ables exists when knowing the value of one variable provides information about the likely value
of the other variable, while correlation between the two variables exists when the association
is linear [56]. There are several correlation coefficients measuring the degree of association:
Pearson correlation coefficient, Spearman rank correlation coefficient, and partial rank correla-
tion coefficient [113]. The following part of this subsection introduces these three correlation

coefficients and statistical significance test.

Pearson Correlation Coefficient

Pearson correlation coefficient r is one common measure of linear relationship between two
variables. Assume that two variables X and Y, with sample values x1, xo, ..., z,, and y1, Y2, ..., Yn,
are well approximated by normal distributions, and their joint probability distribution is a

bivariate normal distribution. Pearson correlation coefficient is calculated by Equation [4.11

INgE

cov(X,Y) i

var(X varY: n
Vvar(X)/var(Y) \/Zl

(4.11)

( 7 7 y)
ZZ: (yi —9)?

zi — I)(y
—.’E)Q\/
i=1

where cov represents the covariance of two variables, var represents the variance of one variable,

1
(i

Z is the mean of the sample values for X, and g is the mean of the sample values for Y.
Pearson correlation coefficient r ranges from -1 to +1. A value of -1 indicates a perfect
negative linear relationship between variables X and Y, a value of +1 implies a perfect positive

linear relationship, and a value of 0 shows that there is no linear correlation.
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Spearman Rank Correlation Coefficient

Spearman rank correlation coefficient g is a non-parametric measure of association between
two variables, which are measured in ordinal scale, without the assumption that the variables
are normally distributed. When the association between X and Y is nonlinear, the relationship
can be transferred into a linear one by using the ranking of the variables R, and R,, rather
than their actual values. The result of Equation [£.11] with rank transformed variables is called
Spearman rank correlation coefficient. If there are no tied ranks, Spearman rank correlation
coefficient can also be calculated by Equation [69].

n
6 Z (R:Jci - Ryi)z
i=1
n(n?—1)
If tied ranks occur, the same rank has to be assigned to the equal values, Equation

(4.12)

re =1—

should be used to calculate Spearman rank correlation coefficient.
Spearman rank correlation coefficient ranges from -1 to +1. A value of -1 indicates a perfect
negative correlation between the two ranked variables, a value of +1 implies a perfect positive

correlation, and a value of 0 shows that there is no correlation.

Partial Rank Correlation Coefficient

Partial correlation coefficient measures the monotonic association between two variables, if they
were not correlated with any other variables [76]. It is the association between any two of the
variables, while eliminating indirect associations due to other variables [113]. Assume three
variables X, Y, and Z, with sample values x1,2x2,...,Tn, Y1,Y2, .-, Yn, and 21,22, ..., 2,. The
partial correlation coefficient between X and Y, when eliminating indirect associations due
to relationships that may exist between X and Z or Y and Z, equals to Pearson correlation
coefficient between the two residuals X — X and Y — Y. As shown in Equation X and
Y is the linear regression between X, Y and Z, respectively. The partial correlation coefficient
between X and Y is given by Equation

A~

X = ag + a1Z

N 4.13

Y =bo+bZ (4.13)
Xy —Trxzryz (4 14)

T =) (- 1)

Partial rank correlation coefficient r, calculates the partial correlation coefficient for the rank-
transformed variables, which characterizes the monotonic relationship between the rankings of

the two variables while eliminating indirect associations due to other variables.
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Partial rank correlation coefficient varies between -1 and +1, where -1 represents strongest

negative association between two variables, and 41 represents strongest positive association.

Statistical Significance Test

The degree of association itself cannot uncover the relationship between two variables without
statistical significance test. A strong association is not necessarily statistically significant [107],
the interpretation of the association could be misleading without statistical significance test.
Therefore, it is crucial to conduct a measure of association and statistical significance test in
order to avoid improper decisions [49].

Hypothesis testing can be performed to evaluate whether the measure of association between
two variables is statistically significant, which involves the calculation of a test statistic based
on a random sample from the population to determine whether to reject a given hypothesis [89].

In addition, p-value provides another way to assess the statistical significance of the test
statistic [89]. The p-value is the probability value that the test statistic is at least as large as
the observed one, given that the null hypothesis Hy is true. A lower p-value provides stronger

evidence to reject the null hypothesis Hy in favor of the alternative hypothesis Hj.

4.5.2 Proposed Approach to Perform Global Sensitivity Analysis

Partial rank correlation coefficient is one popular sampling-based global sensitivity analysis
index. It has been widely used to infer biochemical interactions in systems biology [18],[79]. In
the decision analysis process, partial rank correlation coefficient can be utilized to determine
the global sensitivity of the ranking or classification of alternatives to input variables. A higher
magnitude of partial rank correlation coefficient indicates a larger impact on the ranking or
classification of alternatives.

In this study, global sensitivity analysis using partial rank correlation coefficient in the
decision analysis process is performed, according to a step by step approach emphasized on
measure of association together with statistical significance test. The proposed step by step

approach is presented as follows.

Step 1: Define Probability Distributions for Input Variables

In the decision analysis process, input variables are the values of decision criteria and weighting
factors to reflect DM’s preference information. When the amount of available data is not suf-
ficient to construct probability distribution functions, uniform or normal distributions are two
popular alternatives for probability distribution functions. In a given problem, physical con-
straints of decision criteria usually serve as the range of variable variation, while the weighting

factors range from 0 to 1.
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Step 2: Perform Latin Hypercube Sampling

Latin Hypercube Sampling (LHS) is a type of stratified Monte-Carlo sampling technique [81],
where the distributions of input variables are divided into N equal probability intervals and the
value of each input variable is then randomly sampled. The entire range for each variable is
explored in a way that each value of each variable is used exactly once. LHS has the advantage
that it requires fewer samples than simple random sampling to achieve the same accuracy [81].
The efficiency of LHS enables to vary all variables at the same time with low computational cost
in global sensitivity analysis.

The minimum value of sample size N for LHS is %k, where k is the number of input vari-
ables that are varied [I8]. However, it is not necessary that the result is better when a larger
sample size is used. In addition to higher computational costs, larger sample size can make very
weak relationship become significant. The significance of a weak relationship is not necessarily

important in real-world applications [83].

Step 3: Rank Transformation for both Input Variables and MCDA Output

For each combination of the sampled values from decision criteria and weighting factors, MCDA
methods are utilized to calculate the overall performances of alternatives. The input vari-
ables (decision criteria and weighting factors) and MCDA output (alternatives’ performances)
are transformed into ranks in ascending order. Although the ascending order seems contrary
against the ranking of alternatives, it does not influence the calculation results of partial rank
correlation coefficients, since both input variables and MCDA output are transformed into ranks
in a consistent manner.

For the scoring MCDA methods, it is straightforward to transform the scores into ranks in
ascending order. Regarding tied ranks, the average rank is used instead. For example, for a
score vector [0.01 0.02 0.03 0.05 0.02 ], counting from smallest to largest, 0.01 ranks first, the
two 0.02 ranks second and third, thus, the average rank (2+3)/2 = 2.5 is used for both of them.
The transformed ranks in ascending order are [1 2.5 4 5 2.5].

For the classification MCDA methods, for instance, ELECTRE, the outrank set is assigned
scores first: non-dominated alternatives are assigned score 1, while dominated alternatives are
assigned score 0. Next, the outrank set with scores is transformed into ranks. For example,
considering five alternatives (A1, Ag, Az, A4, As), where A;, A3, and A, are non-dominated
alternatives, while As and As are dominated alternatives. In the first step, A1, As, and Ay are
assigned score 1, while As and Ay are assigned score 0. Thus, the assigned score vector for the
five alternativesis [1 0 1 1 0].

Next, the assigned score vector with tied values is transformed into ranks. Counting from

smallest to largest, the two 0 rank first and second, then the average rank is (1 + 2)/2 = 1.5.
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The three 1 rank third, fourth and fifth, their average rank is (3+4+5)/3 = 4. The transformed
ranks of the outrank set in ELECTRE are [4 1.5 4 4 1.5].
Attention should be paid that too many tied ranks may reduce the statistical power of partial

rank correlation coefficients. This will be shown in Chapter 6.

Step 4: Calculate Partial Rank Correlation Coefficients

With the rank-transformed data, partial rank correlation coefficients can be calculated. The
partial rank correlation coefficients in global sensitivity analysis are used to characterize the
monotonic statistical relationship between input variables and model output [I8]. Besides, it
is recommended that before initiating global sensitivity analysis, it is necessary to examine the

scatter plots to detect the non-monotonicities between input variables and model output.

Step 5: Conduct Statistical Significance Test

The measure of association alone cannot uncover the statistical relationship between variables
without statistical significance test. In the study, p-value is computed to assess the statistical
significance of partial rank correlation coefficient. A lower p-value provides stronger evidence
to reject the null hypothesis Hy (there is no partial correlation between the rank transformed
variables) in favor of the alternative hypothesis H; (there is nonzero partial correlation between

the rank transformed variables).

Step 6: Results Interpretation

It is crucial to interpret partial rank correlation coefficients together with statistical significance
test. Usually, p-values less than 0.05 indicate that the partial rank correlation coefficients are
statistically significant. Partial rank correlation coefficients can offer the DM more insights into
the relative contribution of input variables to the total performances of alternatives explicitly.
It is important to note that there are two components in a global sensitivity coefficient: the
range of the input variable and the sensitivity coefficient of the output to this input variable [88].
An input variable is identified as important in global sensitivity analysis if it has a wider range
and larger sensitivity coefficient. On the contrary, an input variable is not identified as important

in global sensitivity analysis if it has a narrow range, or if has a small sensitivity coefficient.

Global Sensitivity Analysis for an Aircraft Selection Example

One example of global sensitivity analysis for an aircraft selection example, as described in
Subsection is conducted in this subsection. The decision matrix is repeated in Table

for the convenience of calculation.
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Table 4.7: Decision Matrix of an Aircraft Selection Example for Global Sensitivity Analysis

Criteria

Cy: Comfort C5: Cost Cs: Environmental friendliness

Alternatives wi: 0.3 wq: 0.4 wsz: 0.3
Aircraft A 8 7 10
Aircraft B 9 6 )
Aircraft C 6

When SAW is used to solve the aircraft selection problem, the ranking of the alternatives
is [A; Ay Ajg] ([Aircraft A Aircraft B Aircraft C]). The proposed approach for global sensi-
tivity analysis is performed, with emphasis on measure of association together with statistical
significance test. The partial rank correlation coefficients with p-values for A; (Aircraft A) is
illustrated in Figure where the horizontal axis represents the partial rank correlation coef-
ficients, and the vertical axis stands for the six input variables for A; (Aircraft A), including
three criteria values and their weighting factors.

P-values for partial rank correlation coefficients are next to the bars. Lower p-values provide
stronger evidence of statistical significance. In this aircraft selection example, p-values less than
0.05 indicate that the partial rank correlation coefficients are statistically significant.

It can be observed from Figure that C5 (environmental friendliness) shows the strongest
statistically significant correlations with the overall performance of Aircraft A among the six

input variables, followed by C; (comfort) and Cy (cost).

4.6 An Uncertainty Assessment Module

The proposed new approach is implemented and an uncertainty assessment module is developed
and integrated into the multi-criteria decision support system. The user guide of the uncertainty
assessment module can be found in Appendix A. As shown in Figure in Appendix A, the
DM can simply go through the uncertainty assessment process according to the instructions. In
addition, the mathematical calculation steps for four MCDA techniques: SAW, multiplicative
weighting method, TOPSIS, and ELECTRE, are also built in the uncertainty assessment module,

which highly facilitates the uncertainty assessment in the decision analysis process.
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Figure 4.8: Partial Rank Correlation Coefficients for A; in an Aircraft Selection Example

4.7 Chapter Summary

A new approach for uncertainty assessment in the decision analysis process was proposed in
this chapter. This approach comnsists of four steps: uncertainty characterization, uncertainty
analysis, local and global sensitivity analysis. The proposed approach was implemented and an
uncertainty assessment module was developed and integrated into the intelligent multi-criteria
decision support system, as discussed in Chapter 3. This novel approach for uncertainty assess-
ment can be used to aggregate input data from tools with different fidelity levels and is capable
of propagating uncertainties in an assessment chain. Specifically, the different fidelity levels can
be effectively captured by the confidence level in the uncertainty characterization step.
Furthermore, a step by step approach to perform global sensitivity analysis using partial rank
correlation coefficients was proposed, with emphasis on measure of association and statistical
significance test. The proposed approach can be extended to investigate statistical relationships

between variables in complex analysis problems.
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Proof of Concept 1: MCDA in
Aircraft Design

The third objective of this research is to demonstrate the effectiveness of implementing the most
appropriate MCDA techniques in aircraft design and evaluation processes. In this chapter, the
feasibility and added values of applying MCDA techniques in aircraft design are explored. A new
optimization framework incorporating MCDA techniques in aircraft conceptual design process
is established, as illustrated in Figure An improved MCDA method is utilized to aggregate
multiple design criteria into one composite figure of merit, which serves as an objective func-
tion in the optimization process. The proposed optimization framework can support designers
to quickly assess the compromised design alternatives, which is valuable especially in aircraft
conceptual design stage.

The chapter is organized as follows. Section 5.1 defines the aircraft design problem. Sec-
tion 5.2 presents the selection of the most appropriate MCDA method, through the intelligent
multi-criteria decision support system, as described in Chapter 3. Section 5.3 presents the results
of applying an improved MCDA method in the proposed multi-criteria optimization framework.
In Section 5.4, surrogate models for design criteria in terms of weighting factors are developed.
Section 5.5 presents uncertainty assessment based on the developed surrogate models, following
the new approach proposed in Chapter 4. Section 5.6 discusses the implementation of MCDA

techniques in aircraft design problems.
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Figure 5.1: The Framework of Incorporating MCDA Techniques in Aircraft Design Process

5.1 Definition of the Decision Making Problem

The design of an A320-like commercial airliner is implemented as a proof of concept with the air-
craft conceptual design tool VAMPzero (Virtual Aircraft Multidisciplinary Analysis and Design
Processes) [19]. VAMPzero is developed at German Aerospace Center (DLR e.V.) and licensed
under the Apache 2.0 license. The design has 150 passenger, twin engine with 3200 km range.

The simplified mission profile is illustrated in Figure [5.2

Cruise

Descent
Range = 3200 km
Payload = 150 passenger + 5000 kg cargo
Warmup, taxi out Approach
and take-off and landing

Figure 5.2: The Simplified Aircraft Mission Profile

The optimization framework shown in Figure focuses on the assessment of added values
of incorporating MCDA techniques in aircraft conceptual design process. Thus, in order to
keep the design process transparent, the complexity of the design problem is limited. Five
design variables are considered in this study: wing thickness-to-chord ratio, wing aspect ratio,
wing reference area, cruise Mach number, and fuselage diameter. The baseline, minimum, and

maximum values for the five design variables are listed in Table
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Table 5.1: The Baseline and Ranges of Design Variables

Thickness-to- Aspect Reference Cruise Fuselage
chord ratio ratio area (m?) Mach number diameter (m)
Baseline 0.13 9.396 122.4 0.78 4
Minimum values 0.1 8 80 0.7 3.8
Maximum values 0.2 12 140 0.84 4.2

5.1.1 Identification of Design Criteria

The design criteria of interest are categorized into four groups: cost-based, weight-based, operation-
based, and comfort-based. The four groups are described as follows.

Cost-based criteria

e DOC: DOC calculates all the direct operating costs per block hour, including fuel cost,

maintenance cost, depreciation cost, crew cost, and miscellaneous cost.

e Fuel cost: Fuel cost calculates the mission fuel costs per block hour, as shown in Equa-

tion 5.1. Fuel price is set to 0.85 Dollars per kilogram.

e Aircraft price: An estimation of aircraft price based on OEM, is shown in Equa-

tion 5.2 [62]. The exchange rate from Dollar to Euro is set to 0.73.
Weight-based criteria

e OEM: Operating Empty Mass (OEM) calculates the operating empty mass from the
components, including fuselage, wing, engine, landing gear, horizontal tail plane, vertical

tail plane, and pylon, and operator’s items mass.

e Fuel mass: Fuel mass calculates the fuel needed for the complete mission via the sum of

all mission segment fuel masses, including take-off, climb, cruise, descent, and reserve.
e TOM: Take-off Mass (TOM) is the sum of OEM, fuel mass, and payload.
Operation-based criteria

e Annual utilization: Annual utilization defines the number of flight hours relative to the
number of possible flight hours, with the assumption that the aircraft is grounded for a

quarter of an hour. Its formula is shown in Equation 5.3 [54].

e Block time: Block time calculates the time from engines on to engines off for the design
mission [62]. Utilization/(block time) ratio provides the number of flight, as shown in

Equation 5.4.
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Comfort-based criteria

e Passenger density: Passenger density is defined by the number of passenger seats divided
by cabin base area, where cabin base area is calculated by the product of fuselage diameter

and cabin length. Its mathematical formula is shown in Equation 5.5.

Fuel mass x Fuel price

Fuel Cost = ( Block time )(Exchange rate) (5.1)
. : OEM . 6
Aircraft Price = <0'8109<W) + 6.3722)(Exchange rate)(Inflation rate)10 (5.2)
4198
Annual Utilization = 0 (5.3)
Block time
4198
Utilization/(Block time) = (5.4)

0.75 + Block time
Number of passenger seats

Passenger Density = (5.5)

Fuselage diameter x Cabin length

Selection of appropriate design criteria is critical to the determination of an optimal design.
Some recommendations were provided in [I0I]: the design criterion should represent a non-trivial
and calculable indication of the worth of the concept, it should be significantly affected by the
design variables and constraints, it should have clear meaning to designers and customers, and
it needs clear rationale for methods and factors used for blending if it is blended.

In our case, the question is: Which design criteria are more appropriate to be fed into the
MCDA method? In order to better answer this question, parametric studies of design criteria
are conducted first, followed by the determination of which design criteria would be further fed

into the MCDA method.

5.1.2 Parametric Studies of Design Criteria

The parametric study for cruise Mach number is illustrated in Figure The increase of
cruise Mach number has a higher fuel consumption for a given mission range and more fuel
needs to be carried with the aircraft. Due to the increased aircraft weight, the aircraft price
is also increased. Besides, the wave drag of the aircraft increases dramatically with cruise
Mach number. Furthermore, it can be seen from Figure that there are optimal points for
cruise Mach number concerning the minimization of OEM, fuel mass, aircraft price, and TOM,
respectively. Utilization/(block time), DOC, and fuel cost increase with cruise Mach number.
Cruise Mach number has no influence on passenger density. It is also important to point out
that there does exist optimal cruise Mach number regarding the minimization of total DOC

(Euro) instead of DOC per block hour.
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Figure 5.3: Parametric Study of Cruise Mach Number versus OEM, Fuel Mass, Utilization/(Block
time), Passenger Density, DOC, Aircraft Price, Fuel Cost, and TOM
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Parametric studies for wing thickness-to-chord ratio, aspect ratio, reference area, and fuselage
diameter are presented in Figure Figure Figure and Figure B4 in Appendix B,
respectively. The increase of thickness-to-chord ratio reduces the wing weight and more fuel
volume can be obtained. However, with the increase of thickness-to-chord ratio, the wave drag
of the aircraft is also increased, especially at high speed. It can be observed that there are
optimal settings of thickness-to-chord ratio with regard to the minimization of OEM, aircraft
price, DOC, and TOM. With the increase of thickness-to-chord ratio, fuel mass and fuel cost
increase significantly. Thickness-to-chord ratio has no influence on utilization/(block time) and
passenger density.

The increase of wing aspect ratio can reduce the induced drag of the wing and thus the
overall drag of the aircraft will be reduced. Thus, less fuel is required to fly a given mission
range. However, the increase of wing aspect ratio also leads to a heavier wing weight. It can
be seen from Figure that there is one optimum of aspect ratio regarding the minimization
of DOC. Besides, OEM, aircraft price, and TOM increase with aspect ratio, while fuel mass
and fuel cost decrease. Aspect ratio has no influence on utilization/(block time) and passenger
density.

A larger wing reference area has a small drag coefficient, thus, less fuel is required to fly a
given mission. However, the increase of reference area leads to a larger wing and hence a heavier
aircraft. Figure shows that there are optimum points for reference area to minimize DOC
and TOM. OEM and aircraft price increase with reference area, while fuel mass and fuel cost
decrease. Reference area has no impact on utilization/(block time) and passenger density.

The increase of fuselage diameter can increase the cabin volume, but the fuselage weight
is increased. The overall drag of fuselage is also increased when the wetted area of fuselage is
increased. Moreover, Figure shows that OEM, fuel mass, DOC, aircraft price, fuel cost, and
TOM all increase with fuselage diameter, while passenger density decreases. Fuselage diameter
has no influence on utilization/(block time).

Another observation obtained from parametric studies is that all design variables under
investigation are continuous, and design criteria with respect to the design variables in the
conceptual aircraft design tool (VAMPzero) are rather smooth. This observation can help to

choose the optimization routine for the proposed framework in Section [5.3

Determination of Evaluation Criteria

The common practice of using DOC as objective function in the optimization is not appropriate
in this study, considering that DOC has high correlation with all other design criteria. Besides,
aircraft price is highly correlated to OEM, and fuel cost is calculated by fuel mass and block
time. Payload is fixed in this case, and TOM is merely determined by OEM and fuel mass.
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Therefore, in order to explore the interrelationships among the interests of manufacturers,
fuel-based emissions, the concerns of airliners, and the consideration of passenger comfort ex-
plicitly, four design criteria: OEM, fuel mass, utilization/(block time), and passenger density,
are selected to feed into the MCDA method. The other unselected design criteria of interest:
DOC, aircraft price, fuel cost, and TOM, are traced as aircraft performance measures during the
optimization process. The five design variables are listed in Table The constraints imposed
in the aircraft design process are wing span, fuel mass, take-off field length, landing field length,
take-off wing loading, and cruise thrust. The design variables, constraints, and design criteria

for this simplistic aircraft design model are summarized in Table

Table 5.2: Summary of Design Variables, Constraints, and Design Criteria in Aircraft Optimization

Process

Units Values

Design variables

Wing thickness-to-chord ratio — [0.1,0.2]

Wing aspect ratio - [8,12]

Wing reference area m? [80, 140]

Cruise Mach number - [0.70,0.84]

Fuselage diameter m [3.8,4.2]
Constraints

Wing span m <36

Fuel mass kg < Fuel tank volume
Take-off field length m < 3000

Landing field length m < 2000

Take-off wing loading kg/m? <600

Cruise thrust N < 0.9 Take-off thrust

Design criteria

OEM kg —
Fuel mass kg -
Utilization/(block time) — -
Passenger density Pax/m? —

5.2 Selection of an Appropriate MCDA Method

In this section, the selection of the most appropriate MCDA method for the aircraft design
problem is presented, through the developed intelligent multi-criteria decision support system,
as described in Chapter 3. The user guide can be found in Appendix A. The step by step method

selection process is discussed in the following subsections.
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Problem Related Characteristics

1. What is your problem? (Filter Question) 7. Does the problem involve subjective attributes? j:l:‘ 4
) Selection @ Optimization o e St
2. Are trade-offs among criteria acceptable? {Filter Question) 8. Are atfribute data qualitative or quantitative? 4 ’ 6
@ Yes @ No ‘ © Qualitative @ Quantitative ) Qualitative & Quantitative ‘
3. What input data are available? (Fitter Question) 9. Are atfribute data discrete or continuous? 1 v 4
Decision Matrix = ‘ @ Discrete ) Continuous () Discrete & Continuous ‘
4. How preference information is represented? j:l:‘ 5 10.Single or hierarchical structure atributes? LD 3
Relative Weight = ‘ @ Single () Hierarchy ‘
5. Which decision rule is appreciated? 4 v 10 11. Does uncertainty exist in the problem? j:l:‘ 5
Minimize closeness to positive ideal solutions 1 ‘ @ Yes @ No
6. Does your problem need feasibility check? m 4
12. Is visualized solution required? ] » 5
@ Yes ©No ‘ -

Figure 5.4: Questions Related to Evaluation Criteria for Method Selection in Aircraft Design

Process

Step 1: Define the Problem

As discussed in Section the decision making problem in this simplistic aircraft design is
to aggregate the four design criteria into one compound figure of merit using one appropriate
MCDA method. The proposed intelligent multi-criteria decision support tool is employed to

facilitate this decision making process.

Step 2: Define the Evaluation Criteria

In order to identify the most appropriate method, sixteen widely used MCDA methods are stud-
ied and their characteristics are stored in the knowledge base. To compare the appropriateness
of the methods with respect to the given problem, each method is evaluated based on the pro-
posed twelve evaluation criteria. The twelve evaluation criteria can be captured by answering

twelve questions relevant to the characteristics of the methods, as shown in Figure [5.4]

Step 3: Perform Initial Screening

In this step, infeasible MCDA methods are eliminated by three filtering questions. Considering
that in this aircraft design problem, the compound figure of merit for the four design criteria
aggregated by MCDA methods serves as an objective function in the optimization, scoring
methods are more appropriate than classification methods. Meanwhile, all non-compensatory

methods are excluded since compensation is allowed in the aircraft optimization process.
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Appropriate MCDA Methods

Score Methods

79% TOPSIS E
47% Simple_Additive_Weighting

47% PROMETHEE_I

47% Multiplicative_Weighting_Method

19% Expected_Utility_Theory

13% Multiple_Attribute_Utility_Theory

Figure 5.5: MCDA Methods Ranking List with Scores in Aircraft Design Process

Step 4: Define the Preferences on Evaluation Criteria

Since DM may consider one criterion to be more important than another when selecting the
most appropriate method, weighting factors are to be defined for each criterion to reflect the
DM’s preference information. The DM'’s preference information on the evaluation criteria can
be defined using slide bars in our integrated user interface, with a subjective scale of 0 to 10,

where 0 stands for extremely unimportant criterion and 10 represents extremely important.

Step 5: Calculate the Appropriateness Index

Essentially, Al is used to determine how the characteristics of a method match the characteristics
of the given decision making problem. In this step, Al for each MCDA method is calculated by
Equation [3.1] as described in Subsection [3.2.5

Step 6: Evaluate the MCDA methods

Based on the calculation, Al of the MCDA methods are obtained and shown in Figure 5.5 where

higher score represents more appropriateness of the method when solving the given problem.

Step 7: Choose the Most Suitable Method

In this example, as indicated in Figure TOPSIS gets the highest score among the MCDA
methods. In Subsection [3.2.5] it is shown that high value of Al indicates the method is more
appropriate to solve a given decision problem. Therefore, TOPSIS is selected as the most
appropriate method to solve the aircraft design problem. In the decision support system, the
DM can simply click the name of the method and methodology instructions of TOPSIS will be
displayed to guide the DM to solve the given problem, as illustrated in Figure [5.6

75



5. PROOF OF CONCEPT 1: MCDA IN AIRCRAFT DESIGN

TOPSIS Algorithm

Please input the decision matrix:
Instructions

Regarding the format please refer to this example: -

Step 1
Create decision matrix. with the columns being different
attributes and the rows being different alternatives.

(123345567

Step 2
The decision matrix will be normalized.

Step 3 -
The normalized matrix will be further weighted by being
multiplied by the weight vector.

Step 4 Please input the weights of each attribute:

The ideal solutions will be found.
Step 5 Regarding the format please refer to this example: -

The closeness of alternatives to the ideal solution is
calculated. na2i

Step 6
According to the individual closeness to the ideal solution,
the alternatives will be ranked.

Calculate

Figure 5.6: Methodology Instructions for TOPSIS

Step 8: Conduct Sensitivity Analysis

Since different DMs often have different answers to the twelve questions, sensitivity analysis
to the variation of input data should be performed on the MCDA method selection process.
In our integrated user interface, the DM can adjust the weights of each criterion by moving
the slide bars. In this example, with the current input data, it can be seen from Figure [5.5
that SAW, PROMETHEE, and multiplicative weighting method, are ranked second by the
multi-criteria decision support system. According to the methodology description in Chapter 2,
PROMETHEE needs three threshold values for each criterion: indifference threshold, strict pref-
erence threshold, and an intermediate value between indifference and strict preference threshold.
These extra twelve thresholds for the four design criteria increase the complexity of the aircraft
design problem significantly. Moreover, these extra twelve threshold values are rather subjective
and different DMs often have different threshold values. Besides, the difference between SAW
and multiplicative weighting method is the multiplicative property of the weighting factors.
Therefore, considering that SAW is one widely used MCDA method, SAW is used in the aircraft

design problem for the purpose of comparison.
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5.2.1 An Improved TOPSIS (ITOPSIS) Technique

TOPSIS technique is recommended by the multi-criteria decision support system as the most
appropriate one to solve the aircraft design decision problem. In TOPSIS method, two ideal
solutions are hypothesized: positive ideal solution which has all the best criteria values, and
negative ideal solution which has all the worst criteria values. TOPSIS selects the alternative
that is closest to the positive ideal solution and farthest from the negative ideal solution.

For the purpose of illustration, it can be imagined that TOPSIS puts the alternatives into
a coordinate system. For example, if there are three criteria, it is a three-dimension coordinate
system, as shown in Figure where the green dot represents the positive ideal solution, and
the red dot represents the negative ideal solution. TOPSIS ranks the alternatives based on the

Euclidean distance to these two ideal solutions.

Criterion 2

ey | | ;
— =] Criterion 1

-
i 1
= =

Lo L+ i

Figure 5.7: TOPSIS in Three Dimensions Coordinate System

However, in the original TOPSIS method, when an alternative is removed from or added
to the candidate alternatives, the two hypothetical ideal solutions will probably change and
the Euclidean distances to the two hypothetical ideal solutions will also change. Thus, the
top-ranked alternative would possibly become inconsistent when the candidate alternatives are
changed. It has been pointed out that the cause of rank inconsistency with TOPSIS lies in the
calculation step of determining the two hypothetical ideal solutions [30].

In this study, an Improved TOPSIS (ITOPSIS) is utilized to aggregate the four design criteria
into one compound figure of merit for optimization. The positive ideal solution and negative
ideal solution are set beforehand in order to maintain the ranking consistency. In this aircraft

design decision problem, two kinds of optimizations are conducted for each of the four design
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Minimization

Maximization

Figure 5.8: An Improved TOPSIS (ITOPSIS) in Aircraft Design Decision Problem

criteria: minimization and maximization, as illustrated in Figure [5.8

For instance, in order to find the ideal solutions for fuel mass, two kinds of optimizations
for fuel mass are conducted: minimization and maximization. The minimum value of fuel mass
serves as the positive ideal solution, while the maximum value of fuel mass serves as the negative
ideal solution. The ideal solutions for the other three design criteria are searched in a similar
way. These ideal solutions for the four design criteria are summarized in Table It should
be noted that utilization/(block time) ratio is a benefit criterion, and the other three design

criteria are cost criteria.

Table 5.3: The Positive Ideal Solution and Negative Ideal Solution in ITOPSIS

Ideal OEM Fuel mass  Utilization/ Passenger density
solutions (kg) (kg) (block time) (Paz/m?)
Positive  36943.4992  11766.8787 796.8551 1.2875
Negative 50521.0972 20864.0399 715.0679 1.4063

5.3 Proposed Multi-Criteria Optimization Framework

Considerable research has been devoted to the development of optimization methods in order
to deal with multiple, conflicting objectives (criteria), such as multi-objective Genetic Algo-

rithms (GA) [36]. For instance, a three-objective GA was used to explore the trade-offs among
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noise, emissions, and operating costs in the aircraft conceptual design stage [10]. A two-objective
GA was applied to balance fuel, NOx emission, and DOC [71]. However, multi-objective GA
suffer from expensive computation. Different runs of GA may generate different optimization re-
sults for the same problem. Furthermore, evolutionary multi-objective optimization techniques
are not easily applicable for handling a large number of objectives [37].

A new multi-criteria optimization framework incorporating MCDA techniques in aircraft
conceptual design process is established, as illustrated in Figure ITOPSIS is utilized to
aggregate the multiple design criteria into one composite figure of merit. The composite figure
of merit serves as an objective function during the optimization. This framework supports
designers to quickly assess the compromised design alternatives. Moreover, MCDA techniques
have the ability to handle large number of objectives.

In this section, optimization algorithms are briefly reviewed first. Then, optimization results
of typical weighting scenarios are presented. At last, optimizations using ITOPSIS index and

SAW index as objective functions are compared.

5.3.1 Numerical Optimization Techniques

There are several optimization algorithms currently available, among which gradient-based meth-
ods and GA are most widely used in aircraft design.

Gradient-based methods compute the gradient of the objective function with respect to
design variables, the gradient vector establishes a search direction of the deepest slope, the ob-
jective function changes most rapidly in this direction [67]. Gradient-based methods can provide
efficient design solutions. However, gradient-based methods have problems with discontinuous
functions and functions that have discrete variables. In addition, when the objective function
varies in a non-smooth fashion, gradient-based methods may have the risk of ending up in a
local optimum.

GA are stochastic evolutionary algorithms inspired by biological evolution, they operate on
a population of candidate solutions and apply the principle of survival of the fittest to evolve
the candidate solutions towards the desired optimal solutions [36]. Continuous and discrete
variables can be included in GA simultaneously, where the continuous variables are discretized
with a reasonable resolution. Additionally, GA consider the whole design space, thus, the
risk of convergence to a local optimum can be avoided. However, GA suffer from expensive
computation, and different optimization runs may result in different optimal solutions.

Which optimization method to use depends on the optimization problem under consideration.
If all design variables are continuous and objective functions are smooth, gradient-based methods
should be used in the optimization process. If there are discrete variables and objective functions

are noisy, GA should be employed.
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According to parametric studies performed in Subsection [5.1.2] it is observed that all design
variables under investigation are continuous, and objective functions with respect to the design
variables in the conceptual aircraft design tool (VAMPzero) are rather smooth. Therefore,

gradient-based methods are used in the established optimization framework.

Evaluation of Gradient-based Optimization with Different Starting Points

It is important to note that gradient-based methods are prone to finding a local optimum, de-
pending on the location of the starting point. In order to assess whether the gradient-based
optimizer (sequential quadratic programming algorithm) can converge towards the same opti-
mal design in the aircraft optimization process, optimization tests using ITOPSIS index as an
objective function starting from different initial points are conducted in this subsection.

The baseline and ranges for the five design variables under consideration were summarized
in Table [5.1] in Section [5.1] Random starting points are generated within their lower bounds

and upper bounds, as shown in Equation [5.6

(upper bound — lower bound) x random number + lower bound (5.6)

where 0 < random number < 1. The lower bounds and upper bounds of design variables are
the minimum values and maximum values scaled against baseline. Ten sets of random starting
points are listed in Table The optimized designs using these ten sets of different starting
points are summarized in Table

Table 5.4: Ten Sets of Random Starting Points in the Optimization Process

Thickness-to- Aspect  Reference Cruise Fuselage Optimization

Set  chord ratio ratio area (m?) Mach number diameter (m) time (s)
1 0.1058 10.0875 96.5858 0.7763 4.1628 1165

2 0.1995 8.6434  137.8836  0.8358 4.1288 606

3 0.1310 9.5031 81.0778 0.7455 4.0204 3666

4 0.1406 11.4378 115.9128 0.7674 4.1024 400

5 0.1151 9.1611 127.7489  0.7323 4.0620 390

6 0.1551 11.1465 132.9876  0.7114 3.8276 382

7 0.1266 10.4230 88.1035 0.8208 3.9396 442

8 0.1610 11.6172 105.6067  0.8032 3.8596 392

9 0.1763 8.1698 100.1110  0.7870 3.8872 483

10  0.1889 9.9757  119.2910  0.7268 3.9680 339

It is observed that the gradient-based optimizer is able to find the same optimal design

starting from different initial points. Furthermore, computation times for the optimization
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Table 5.5: Optimized Designs using Ten Sets of Random Starting Points

Thickness-to- Aspect Reference Cruise Fuselage
Set  chord ratio ratio area (m?) Mach number diameter (m)
1 0.1349 9.3783 116.9663 0.7603 3.8
2 0.1344 9.3697  116.9928 0.7611 3.8
3 0.1350 9.3923 116.9975 0.7613 3.8
4 0.1351 9.3999 116.9855 0.7600 3.8
5 0.1349 9.3929 116.9864 0.7601 3.8
6 0.1347 9.3733  116.9708 0.7606 3.8
7 0.1351 9.4015 116.9810 0.7596 3.8
8 0.1351 9.4014 116.9878 0.7599 3.8
9 0.1349 9.3948  116.9891 0.7600 3.8
10 0.1350 9.3954  116.9825 0.7600 3.8

starting from different initial points have also been recorded. It is noted that the Set 1 and
Set 3 took unusual longer time than other sets, this can be attributed to that the starting points
of reference area and thickness-to-chord ratio are far away from the optimal design, thus, the

optimizer needs more iterations to converge towards the optimal design solution.

5.3.2 Optimization Results of Typical Weighting Scenarios

In this subsection, several typical weighting scenarios in the optimization process are inves-
tigated, ranging from one criterion preferred to evenly distributed. This is one approach to
simulate DM’s preference information. Optimization results for single criterion are summarized
in Table and optimization results with equal weighting factors among the four design criteria
are summarized in Table respectively.

It can be seen from Table when optimizing OEM, fuselage diameter is reduced to the
lower boundary, aspect ratio is reduced by 14%, reference area is decreased by 5%, and thickness-
to-chord ratio is increased by 21%. The decrease of aspect ratio and reference area leads to a
reduction in wing weight, which contributes to a reduction in OEM and TOM. As expected,
aircraft price is also reduced by 8% because of the reduction in OEM. Fuel cost is reduced by 4%
and DOC is decreased by 5%. However, the decrease of aspect ratio and reference area and the
increase of thickness-to-chord ratio result in an increment of the overall drag of the aircraft and
9% reduction in cruise Mach number. The reduction in cruise Mach number leads to a 5%
decrease in utilization/(block time). Besides, the decrease of fuselage diameter leads to a 5%
increase of passenger density.

When optimizing the aircraft for fuel mass, aspect ratio is increased by 24%, reference area
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is increased by 8%, and thickness-to-chord ratio is decreased by 6%. The increase of aspect
ratio and reference area leads to a larger span and an increase in wing weight, which further
leads to the increase of OEM, TOM, and aircraft price. Flying slower (low cruise Mach number)
can also reduce the consumption of fuel for certain mission range. However, lower cruise Mach
number will prolong block time, thus, utilization/(block time) ratio is decreased. In addition,
the overall drag of the aircraft can be reduced when the wetted area of fuselage is reduced, this

is the reason why fuselage diameter is decreased to the lower boundary.

When optimizing the aircraft for utilization/(block time), cruise Mach number is increased
to the upper boundary, fuselage diameter is reduced so that the wet area of fuselage is reduced,
reference area is increased by 5%. The decrease of fuselage diameter and increase of reference
area lead to the reduction of the overall drag of the aircraft. However, the increase of cruise
Mach number will burn more fuel for specific mission range, thus, fuel mass and fuel cost are
increased 19% and 25%, respectively. DOC is also increased by 12%, considering the dominant
role of fuel cost. The increase of reference area leads to the increase of OEM, TOM, and aircraft

price. Besides, the decrease of fuselage diameter results in 4% increase of passenger density.

When optimizing the aircraft for passenger density, fuselage diameter is increased to its upper

limit. Reference area is increased slightly by 3%, thickness-to-chord ratio, aspect ratio, and

Table 5.6: Optimization Results for Single Criterion

Min. Min. Max. Min.

Baseline Fuel Utilization/  Passenger

design OEM mass (block time) density
Design variables
Thickness-to-chord ratio 0.13 0.1585 0.1220 0.1286 0.1301
Aspect ratio 9.4 8.0347 11.6740 9.3237 9.3608
Reference area (m?) 122.40 116.18 132.05 128.53 125.77
Cruise Mach number 0.78 0.71 0.73 0.84 0.77
Fuselage diameter (m) 4 3.8 3.8 3.9 4.2
Design criteria
OEM (kg) 40980 36949 43725 42974 42426
Fuel mass (kg) 12903 13280 11771 15319 13312
Utilization/(block time) 763 722 734 797 759
Passenger density (pax/m?) 1.35 1.4211 1.4211 1.3863 1.2981
Traced performance measures
DOC (Euro/h) 4818 4577 4672 5402 4925
Aircraft price (Euro) 36077718 33100305 38106043 37551218 37146224
Fuel cost (Euro/h) 1685 1626 1470 2104 1728
TOM (kg) 73133 69479 74746 77544 74988
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Table 5.7: Optimization Results with Equal Weighting Factors

Baseline  Optimized Relative

design design change (%)
Design variables
Thickness-to-chord ratio 0.13 0.135 3.84
Aspect ratio 9.396 9.414 0.19
Reference area (m?) 122.4 117.01 -4.40
Cruise Mach number 0.78 0.76 -2.55
Fuselage diameter (m) 4 3.8 -5
Design criteria
OEM (kg) 40980 38705 -5.55
Fuel mass (kg) 12903 12242 -5.12
Utilization/(block time) 763 752 -1.53
Passenger density (pax/m?) 1.35 1.4211 5.26
Traced performance measures
DOC (Euro/h) 4818 4588 -4.76
Aircraft price (Euro) 36077718 34397326  -4.66
Fuel cost (Euro/h) 1686 1571 -6.79
TOM (kg) 73133 70197 -4.01

cruise Mach number almost do not change. Except utilization/(block time) ratio has decreased

slightly, all other criteria have been increased by around 2.5%.

The conflicting design criteria are further explored when weighting factors are evenly dis-
tributed, as summarized in Table Thickness-to-chord ratio is increased by 4%, aspect ratio
almost does not change, reference area is decreased by 4%, cruise Mach number is decreased
by 2.5%, and fuselage diameter is decreased to its lower boundary. The reduction of OEM and
fuel mass is compromised by the decrease of utilization/(block time) ratio and the increase of

passenger density.

Moreover, it can be observed from Table that except for utilization/(block time) ratio is
decreased by 1.5%, the other three design criteria have around 5% change. Therefore, utiliza-
tion/(block time) ratio is less sensitive than other three design criteria in this simplistic aircraft

design example.

The similar observation can be obtained when the relative changes of the four traced aircraft
performances are compared. Fuel cost is decreased by around 6%, while the other three traced
aircraft performances are all decreased by around 4%. Thus, fuel cost is more sensitive than

other three traced aircraft performances in this simplistic aircraft design example.
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5.3.3 Comparison Using Different MCDA Indices as Objective Functions

For the purpose of comparison, the proposed optimization framework is also performed when
using SAW index as an objective function, optimization results are summarized in Table
The comparison of relative changes for the design criteria and traced performance measures,
when using ITOPSIS index as an objective function (Table and SAW index as an objective
function (Table , are presented in Figure

Table 5.8: Optimization Results using SAW Index as an Objective Function, when Weighting
Factors are Evenly Distributed

Baseline  Optimized Relative

design design change (%)
Design variables
Thickness-to-chord ratio 0.13 0.1304 0.28
Aspect ratio 9.396 9.118 -2.95
Reference area (m?) 122.4 116.9 -4.48
Cruise Mach number 0.78 0.77 -1.50
Fuselage diameter (m) 4 3.8 -5
Design criteria
OEM (kg) 40980 38552 -5.92
Fuel mass (kg) 12903 12344 -4.33
Utilization/(Block time) 763.3 756.5 -0.89
Passenger density (pax/m?) 1.35 1.4211 5.26
Traced performance measures
DOC (Euro/h) 4818 4612 -4.27
Aircraft price (Euro) 36077718 34284714  -4.97
Fuel cost (Euro/h) 1686 1596 -5.32
TOM (kg) 73133 70147 -4.08

It is observed from Figure that with equally assigned weighting factors, the optimized
design using ITOPSIS index as an objective function is heavier but more fuel efficient than the
design which is optimized using SAW index as an objective function. Furthermore, in the same
running environment (Windows 7, 2.66 GHz Intel Core 2 Quad CPU, 4 GB RAM, and Matlab
2010a version), convergence rates when using ITOPSIS index and using SAW index as objective
functions are summarized in Table It is seen that the optimization using ITOPSIS index as
an objective function needs less iterations and less computation time than using SAW index as

an objective function.

However, only with one set of weighting factors, we cannot conclude which MCDA method is

84



5.3 Proposed Multi-Criteria Optimization Framework
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Figure 5.9: Comparison of Relative Changes for Design Criteria and Traced Performance Measures,
using ITOPSIS Index and SAW Index as Objective Functions

Table 5.9: Comparison of Convergence Rates, using ITOPSIS Index and SAW Index as Objective

Functions

Objective function Iterations Optimization time (seconds)
ITOPSIS index 5 304
SAW index 39 3005

more appropriate for the optimization, considering that the optimal design will change with the

variation of weighting factors. Uncertainty assessment for exploring how the optimal design will

change with the variation of weighting factors is further investigated in the following section.
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5.4 Surrogate Model Development for Design Criteria in terms

of Weighting Factors

Weighting factors create a compound figure of merit. The compound figure of merit serves as an
objective function for optimization. Different weighting schemes result in different compound
figure of merits. The selection of weighting factors is critical to the determination of an optimal
design, since if a design is optimized for the wrong figure of merit, it will not be the best design
in terms of the real important measure.

Especially, inherent uncertainties and subjectivities of weighting factors have significant im-
pacts on the design solution. An uncertainty assessment that demonstrates this impact must
consider different combinations of weighting factors. However, in the proposed multi-criteria
optimization framework, the computation time for one set of weighting factors is at least 5
minutes. In this research, Monte Carlo is used to imitate decision makers preferences among
the design criteria. A Monte Carlo based uncertainty analysis with 10,000 samples would take
at least 35 days. The long computation time makes the uncertainty assessment an intractable
computational task.

In this study, surrogate models for the four design criteria in terms of weighting factors are
developed. Each point of this surrogate model represents an optimized aircraft design for a given
set of weighting factors. The whole framework of incorporating MCDA techniques in aircraft
design process is treated as a black box. An overview of surrogate modeling development for
design criteria in terms of weighting factors is shown in Figure The developed surrogate

models provide efficient analysis tools for uncertainty assessment.

InpUt Aspect ratio Operating Empty Mass [kg] OUtpUt
. . Wing reference area Fuel Mass [kg] . . .
We'thlng faCtors 1 Wing thickness to chord ratio Comfort Level Des'gn Crlterla Va|UeS l
— e etc. >
Weighting factors 2 Initialize Analysis tool MCDA . -
> ¥ > > Design criteria values 2
design VAMPzero method
—> S1g ( )
|
|
i Constraints
L Objective function:
ate desion varis i jective function:
- - Update design variables -  MCDA Index - o
Weighting factors m Optimizer < Design criteria values m
— ——

Figure 5.10: Overview of Surrogate Modeling Development for Design Criteria in terms of Weight-
ing Factors

There are typically four steps in surrogate model building process: sample the design space
using experimental design, choose a model to represent the input and output data, select a

method to fit the model, and validate the constructed model [47]. Surrogate model development
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for design criteria in terms of weighting factors follow this process. Each step is discussed in

detail in the following subsections.

5.4.1 Experimental Design

Experimental design is a sequence of experiments to be performed, expressed in terms of factor
settings at specified levels [01]. Experimental designs were originally developed for effective
physical experiments, they are being applied to computer experiments with the purpose of
reducing the computation time and increasing the efficiency.

In order to explore the design space thoroughly, experimental design with spatially uniform
distribution is one effective approach. There are several space filling strategies [75], among
which Latin Hypercube Sampling (LHS) is one reliable method to generate random samples,
with guarantee that these samples are relatively uniformly distributed in the design space [§1].

In this study, weighting factors [wi,ws, ..., w,]| generated by experimental design have to

satisfy two conditions:

When standard LHS is utilized to generate m sets of weighting factors for n criteria (wy,xpn ),
for each experimental run, the factor setting w;; (i = 1,2,...,m,j = 1,2,...,n) is randomly
sampled from each interval (0,1/m),(1/m,2/m),...,(1 —1/m,1). The standard LHS meets the
Condition 1 that all the factor settings range from 0 to 1. However, for each experimental run,
the sum of the factor settings in each run does not equal to one. The normalization of the factor
settings can fulfill the Condition 2, however, the hypercube is deformed and the Latin properties
may not be guaranteed.

In this case, in order to generate experimental designs fulfilling the two conditions, standard

LHS is conducted first, then the samples generated by LHS are rectified by Dirichlet distribution.

One Modified LHS with Dirichlet Distribution

Dirichlet distribution is a family of continuous multivariate probability distributions parameter-
ized by a vector o = (aq, v, ..., ay) of positive reals. Dirichlet distribution is one multivariate

generalization of beta distribution and is defined as Equation [5.7]

o +ag + ... + ay)
F(a)T(ag)...T (k)

Dir(X, ) = [ a2t ey (5.7)

where X = (z1,x2, ..., Tx_1), satisfying z; > 0 and Zf:_ll x; < 1. Besides, o, = 1 —21 —29— ... —

zr—1. A Dirichlet distribution is symmetric when the components of vector « are equal. If each
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component of « is 1, the symmetric Dirichlet distribution is equivalent to a uniform distribution;
if each component of « is bigger than 1, it prefers dense, evenly distributed distributions; and if
each component of « is smaller than 1, it prefers sparse distributions.

When using the modified LHS with Dirichlet distribution, although the modified sample
values are not strictly uniformly distributed, Dirichlet distribution can keep the ranges of sample

values larger once they are normalized, while maintaining the appealing Latin properties.

One Example of Standard LHS, Normalized LHS, and Modified LHS with Dirichlet

Distribution

One example of standard LHS, normalized LHS, and the modified LHS with Dirichlet distri-
bution is demonstrated as follows. In order to generate ten sets of weighting factors for three
criteria, standard LHS is conducted first, as shown in Figure[5.11], where S;, S2, and S3 represent
the sample values for the three criteria. It is noted that there is exactly one point in each row
and each column in the two dimensional projections, and the sample values range from 0 to 1

(which meets the Condition 1), however, the sum of one set of the sample values is not equal to
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Figure 5.11: Standard Latin Hypercube Sampling in Three Dimensions and with Two Dimensional

Projections
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Figure 5.12: Normalized Latin Hypercube Sampling by Row Sum in Three Dimensions and with

Two Dimensional Projections

one (which does not meet the Condition 2).

Thus, in order to fulfill the Condition 2, standard LHS can be normalized by its row sum,
as shown in Figure [5.12] where Lwi, Lws, and Lws represent the normalized sample values for
the three criteria. It is observed that the range of the normalized sample values shrinks into 0
to 0.8. Moreover, there is no point in the bins which are bigger than 0.8, thus, the hypercube is
deformed and the Latin properties is not maintained.

The modified LHS with Dirichlet distribution are shown in Figure where LDw, LDws,
and LDws represent the sample values rectified by Dirichlet distribution for the three criteria.
It is observed that the range of the sample values are recovered from 0 to 1, although there is
not exactly one point in each row and each column in the two dimensional projections.

In this study, one hundred sets of weighting factors are generated by the modified LHS with
Dirichlet distribution. The data is attached in Table in Appendix C.1. The weighing factors
reflect the relative importance of the design criteria. For instance, the first row in Table [C.1] is
Wi =[0.4333 0.0176 0.3719 0.1772]. This set of weighting factors indicates that the first design
criterion (OEM) is most important, followed by the third design criterion (utilization/block
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Figure 5.13: Modified Latin Hypercube Sampling with Dirichlet Distribution in Three Dimensions

and with Two Dimensional Projections

time) and the fourth design criterion (passenger density), while the second design criterion (fuel

mass) is least important. The other 99 sets of weighting factors have similar explanations.

5.4.2 Model Choice

Response surface is one popular approach to build surrogate models [91]. Response surface
typically involves least square regression to fit a polynomial model of the observed response
values. The most common response surface models are low-order polynomials. For an unknown

function of interest y(x), as defined in Equation

(5.8)

where f(z) is a polynomial function, € is random error, which is normally distributed with
mean zero and variance o2. A second-order polynomial model is shown in Equation The

parameters of the polynomial in Equation [5.9] are determined through least square regression,
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which minimizes the sum of the squares of the predicted values g(z) from the actual values y(x).

k k k-1 k
yj(a:) =ag + Z a;x; + Z aux? + Z Z Qi TiT5 + € (5.9)
=1 =1

i=1 j=i+1

Response surface models have been widely used in the surrogate model development in
engineering design. There are several advantages using response surface models, such as ease
of implementation, minimal efforts required to train models, and suitability for uncertainty
analysis. In this research, a fourth-order response surface is utilized to construct the surrogate

models.

5.4.3 Model Fitting

A widely used statistics software package JMP (http://www.jmp.com) is employed to fit response
surface models. Before the construction of response surface models, the correlations among the
four design criteria and the traced aircraft performances are assessed. The pairwise correlation

coefficients are summarized in Table

Table 5.10: Pairwise Correlation Coefficients for Design Criteria of Interest

Fuel Utilization/  Passenger Aircraft Fuel

Correlations OEM mass (block time) density DOC price cost TOM
OEM 1.0000 -0.1879 0.4779 -0.4840 0.6573 1.0000 0.0781  0.9613
Fuel mass 1.0000 0.1535 -0.5872 0.5480  -0.1879  0.8811  0.0899
Utilization/

(block time) 1.0000 -0.1202 0.7498 0.4779 0.6013 0.5277
Passenger

density 1.0000 -0.6845  -0.4840 -0.5352 -0.6554
DOC 1.0000 0.6573 0.8026  0.8202
Aircraft price 1.0000 0.0781  0.9613
Fuel cost 1.0000  0.3263
TOM 1.0000

It is observed from Table that DOC shows high correlation with all other criteria, the
correlation coefficient between aircraft price and OEM is 1, fuel cost is highly correlated with fuel
mass, and TOM have strong correlation with OEM. These observations are consistent with the
analytical explanation of the determination of design criteria, as described in Section Thus,
Table serves as one evidence that the selected four design criteria are more appropriate to
be fed into the MCDA method for aggregation.
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Figure 5.14: The Actual by Predicted Plots for OEM, Fuel Mass, Utilization/(Block time), and
Passenger Density, when using ITOPSIS Index as an Objective Function

5.4.4 Model Validation

In this subsection, the accuracy of response surface models is assessed by the actual versus

predicted plots first, and is further evaluated by running additional untried data points.

Model Accuracy Evaluation by the Actual Versus Predicted Plots

The actual values versus the predicted values for the four design criteria aggregated by ITOPSIS
and by SAW are shown in Figure and Figure respectively. In the actual by predicted
plot, the horizontal dotted blue line represents the mean of actual values, the red line shows 45
degree diagonal line, and the two red dotted lines show 95% confidence intervals.

The actual by predicted plots illustrate how well the predicted responses match the actual
data. A quick assessment of the model is to eyeball a 45 degree pattern in these plots. In our
case, the scatter plots when ITOPSIS is used for the multiple criteria aggregation and when
SAW is used for the multiple criteria aggregation all follow a 45 degree pattern. Specifically,
the scatter plots for ITOPSIS are less divergent along the diagonal line than the scatter plots
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Figure 5.15: The Actual by Predicted Plots for OEM, Fuel Mass, Utilization/(Block time), and
Passenger Density, when using SAW Index as an Objective Function

for SAW. This is one indicator of better goodness of fit when ITOPSIS is used for the multiple
criteria aggregation than SAW.

The diagnostics of each response surface model, including R?, Ridj, and Root Mean Square
Error (RMSE) in percentage, are listed in Table R? measures the proportion of the
variation explained by the regressed polynomial model, R%dj adjusts the R? value to make it
more comparable over models with different numbers of parameters, and RSME estimates the
standard deviation of the random error. The percent RMSE shown in Table is normalized
by its mean of response.

Higher values of R? and R,quj and lower values of percent RSME are strong evidences of
goodness of fit. It is observed from Table that the values of R? and R2Adj, when ITOPSIS
is used for the aggregation of the four design criteria, are all higher than when SAW is used.
The percent RSME, when ITOPSIS is used for the aggregation of the four design criteria, are
all lower than when SAW is used. Especially, R? of passenger density when ITOPSIS is used
is 0.957, while it is only 0.774 when SAW is used. Therefore, it is obtained that the developed

response surface models using ITOPSIS for multiple criteria aggregation are better fitted than
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Table 5.11: Diagnostics of Response Surface Models for Design Criteria, using ITOPSIS Index and
SAW Index as Objective Functions

Diagnostics OEM  Fuel mass Utilization/(block time) Passenger density
ITOPSIS

R? 0.975 0.964 0.983 0.957

Ri‘dj 0.963 0.951 0.976 0.945
Percent RMSE  1.56% 1.57% 0.54% 0.74%
SAW

R? 0.916 0.934 0.973 0.774

R, 0.9 0.92 0.965 0.743
Percent RMSE  2.58% 2.22% 0.66% 1.84%

Table 5.12: Relative Errors between Actual and Predicted Values for Design Criteria

OEM  Fuel mass Utilization/(block time) Passenger density

Percent pn 0.42%  —0.68% 0.28% —0.06%
Percent o 1.80% 1.44% 0.71% 1.00%

using SAW for multiple criteria aggregation. In summary, ITOPSIS index is a more appropriate
objective function for the optimization framework of incorporating MCDA techniques in aircraft

design process than the traditional SAW index.

Model Accuracy Evaluation by Running Additional Data Points

The accuracy of response surface models when ITOPSIS is used for aggregation are further
evaluated by running additional untried data points. The additional untried data points are
attached in Appendix C.2. The error analysis between the actual values produced by the original
analysis tool (VAMPzero) and the predicted values generated by the response surface models are
performed. The means and standard deviations of these errors are summarized in Table It
is found that the means of relative errors for these four design criteria are all less than 0.7% and
the standard deviations are less than 2%. The minor errors support that the response surface
models predict sufficiently.

In conclusion, the response surface models can provide adequate approximations to the
analysis tool (VAMPzero). In the following sections, the response surface models when ITOPSIS
is used for aggregation are further investigated. The quartic response surface models for OEM,
Fuel mass, Utilization/(Block time), and Passenger density are shown in Equation[5.10, Equation
Equation and Equation respectively. The developed response surface models

are further utilized to conduct uncertainty assessment in Section
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OEM =

Fuelmass

1633729.28 — 5559654.9w; — 10111949.62ws + 5871087.01wz — 1583434.53w;
+3966831.61w? — 37080.75w; + 33608.3w]

+8344035.19w3 + 291467.03w3 — 113577.3w,

—7325819.2w3 — 338809.53w5 + 203414.72w35

—7658.01w? — 25705.92w; + 27207.1w}

+12183210.34w wy — 3549670.4w;ws + 3970538 3w wy

1-847842.19w w3 — 505382wiws + 65502.92wiwi — 17714. 77w w3

11124737 44wow3z + 8609064.34wowy + 453253.31wow? — 130141.6Twow?
—90457 4wsw3 + 99352.58wows — 50086.28waw? — 7494192.78wsw,
+62899.5w3w? — 2352.33w3w? + 109246.01wsw?

—47802.27w w3 — 300525.86w4w3 + 459079.26wws — 511084.68wiw3
—124351.06w?w3 4 30456.18wiw3 + 101187.68wiw] — 12394.79wiwzws  (5.10)

= —805894.11 + 819277.67w; + 822014.87wsy + 816225.54w3 — 2507037.13wy
—39.73w? — 21303.96w3 + 29216.79w3 — 12140.04w]
+8362.3w3 — 5499.64w3 + 10377960.3w; — 7051799.87w}
+1610.42wywo — 650.27w w3 + 3324358.46w1wy
—7036989.87w w? — 11836.2wows + 3304017.13wowy
—3057.23waw? — 7042375.09wow? + 3331260.35w3w,
1-3148.82w3w? + 32999.73wzw3 — 20516.74wzws
—7035605.77wswi — 13847.45w3w} + 53126.58w,4w3
—37155.22w 4w — 15647.52wsw3 + 23283.24w 4w}
—8538.25w w3wy 4 18073. 74wy waw?
—14473.02wowswy + 29239.37Tw3w4w3 (5.11)
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Utilization

————— = —7812.78 4+ 8676.09w; + 8503.01wy + 8632.79w3 + 8667.41w4
Blocktime

—462.14w? + 321.22w% + 6w}

+46.86w3 + 254.13w5 — 256.71w;

—40.17w3 + 16.63ws — 433.64w3 + 302.05w

—375.99wws + 86.08wqws3 + 56.8wqwy

—81.42w w3 — 143.58w w3 — 92.08waw3 + 295.9wotw,y

+713.78waw? + 207.52waw3 — 67.18waw?3 + 198.5wswy

+203.25wsw? — 2345.64wsw? + 3127.85wsw; — 647.75w4w?
+554.78ww? — 597.79wsws — 122.21ww3

—401.82ww? + 808.56wiw? + 1749wiw? (5.12)

paxDensity = 12.62 — 11.39w; — 11.33wy — 10.87w3 — 10.58wy
+0.18w? + 0.12w3 — 0.23w? — 0.14wi — 2.14w3 + 1.41w}
+0.24wqwo 4+ 0.01wiws + 0.41wiwy
—1.05w w3 + 1.17wiwi + 0.12w w3
—0.27waws3 — 0.55wawy + 0.02waw3 + 1.16waw?
—1.5wswy + 1.38wsw; — 0.69wsw? — 0.59w w3
—0.23wiw? + 1.52wiw? — 0.36wwsw,
+O.71w1w4w§ + 2.21wowszwy

—4.6wowzw? — 0.08w2w4w§ (5.13)

5.5 Uncertainty Assessment for Weighting Factors via Surro-
gate Models

As noted in Section inherent uncertainties and subjectivities of weighting factors have sig-
nificant impacts on the design solution in the proposed multi-criteria optimization framework.
The intractable computation task in uncertainty assessment process is alleviated by the devel-
opment of surrogate models. This section presents uncertainty assessment via surrogate models,

following the new approach proposed in Chapter 4.
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5.5.1 Uncertainty Characterization

As described previously in Section [£.2] uncertainties in weighting factors are described by per-
centage uncertainties with confidence levels first. In our case, when the weighting factors are

evenly distributed among the four design criteria, the mean of the weighting factors is
pw = [0.25 0.25 0.25 0.25] 7

Assume that there exists 20% uncertainty in the weighting factor of OEM with 90% confi-
dence level. In other words, it is 90% confident that the weighting factor of OEM would fall
within the interval [wy (1 —20%), w1 (1 +20%)]. The percentage untertainties and confidence
levels of other design criteria in the weighting factors have similar explanations. The weighting

factors with percentage uncertainties and confidence levels are summarized in Table

Table 5.13: Uncertainty Characterization for Weighting Factors

OEM Fuel mass Utilization/(block time) Passenger density

w1 wa w3 Wy
Percentage uncertainty  20% 30% 20% 10%
Confidence level 90% 80% 70% 80%

Secondly, percentage uncertainties with confidence levels are transferred into standard devia-
tions through Equation 4.4 and Equation 4.6, as described in Subsection For example, the
number of standard deviation for w; with 20% uncertainty at 90% confidence level, is calclulated

by Equation [5.14] The standard deviation for w, is calculated by Equation [5.15

nw, = +2erf~!(Confidence level) = v/2erf~1(90%) = 1.6449 (5.14)

Relative error(%) e,  (20%)(0.25)
= = = 0.0304 5.15
Tun Mo, 1.6449 (5.15)

The same calculation is done for all design criteria. The standard deviation for the weighting

factors is

ow = [0.0304 0.0585 0.0482 0.0195] "

In this step, uncertainties in the weighting factors, characterized by percentage uncertainties
and confidence levels, are transferred into means and standard deviations. Moreover, uy and

ow are the input for the error propagation calculation step.
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Figure 5.16: Histograms of Uncertainty Propagation for OEM, Fuel Mass, Utilization/(Block time),

and Passenger Density

5.5.2 Uncertainty Analysis

As discussed in Section Monte Carlo-based numerical error propagation technique is applied
to propagate uncertainty through surrogate models. 10,000 iterations are performed from normal
distribution with parameters py and oyy. The histograms of the design criteria with uncertainty
propagated from the weighting factors via surrogate models are presented in Figure where
CL stands for confidence level. The x-axis represents the values of the design criteria, the y-axis
stands for the number of times the value occurred when uncertainty exists. The mean values
and standard deviations for the design criteria are also calculated and integrated in the figure.
It can be seen that except for fuel mass, the distribution of the propagated uncertainties from
the weighting factors for the other three design criteria can be approximately represented by

normal distributions.
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5.5 Uncertainty Assessment for Weighting Factors via Surrogate Models

Robustness Measurement using Signal-to-Noise Ratio

The design criteria with deterministic weighting factors were shown in Table in Subsec-
tion The comparison of design criteria with propagated uncertainty from weighting factors
and with deterministic weighting factors is summarized in Table including mean, standard
deviation, and SNR (Signal-to-Noise Ratio).

Table 5.14: Comparison of Design Criteria with Deterministic and Uncertain Weighting Factors

Design Deterministic Uncertain design

criteria design Mean Standard deviation SNR (dB)
OEM 38705.03 w=39104.15 o =425.9 39.26
Fuel mass 12242.18 w = 12329.45 o =164.99 37.47
Utilization/(block time) 751.64 = "753.31 o=4.87 43.79
Passenger density 1.4211 w=1.3959 o =0.0071 45.87

Larger SNR value indicates more robustness against uncertainty. For instance, in Table
39.26 (dB) means that the magnitude of mean for OEM is 10°2° ~ 92 times the magnitude of its
standard deviation. The other SNR values for the other design criteria have similar explanations.

The largest value of SNR for passenger density in Table indicates that passenger density
is relatively robust to the uncertainty in the weighting factors, while fuel mass is relatively
sensitive among the four design design criteria. On one side, the largest value of SNR for
passenger density may be due to the smallest percentage uncertainty assigned in Table on
the other side, the linearity of passenger density regarding the five design variables, as shown
in parametric studies of design criteria in Section [5.1.2] can also leads to highest SNR value of
passenger density.

Likewise, the second-higher SNR value of utilization/(block time) ratio among the four de-
sign criteria can also be attributed to its linearity with regards to the five design variables.
Furthermore, one reason of the smallest SNR for fuel mass probably is also the biggest percent-
age uncertainty assigned in Table [5.13] another reason can also be attributed to its non-linearity

with regards to the five design variables.

Uncertainty Variation in Percentage Uncertainty and Confidence Level

Since uncertainty characterization has substantial impact on the distribution shape and robust-
ness of the design criteria, uncertainty variation in the percentage uncertainty and confidence
level are investigated. Especially, the impact behavior of percentage uncertainty is compared
with confidence level on the distribution shapes of design criteria.

The percentage uncertainty under investigation ranges from 10%, 30%, and 50%, with con-
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Table 5.15: Uncertainty Variation for Weighting Factors, Regarding Percentage Uncertainty and

Confidence Level

Confidence level

Percentage uncertainty — 50% 60% 70% 80% 90%

10% 0.0371 0.0297 0.0241 0.0195 0.0152
30% 0.1112 0.0891 0.0724 0.0585 0.0456
50% 0.1853 0.1485 0.1206 0.0975 0.0760

fidence level ranges from 50%, 60%, 70%, 80%, and 90%, as presented in Table These
percentage uncertainties with confidence levels are transferred into standard deviations using
Equation (4.4 and Equation as described in Subsection It is observed from Table
that with the same percentage uncertainty, the growth of confidence level reduces the standard
deviation of the weighting factors. Likewise, at equal confidence level, the increase of percentage

uncertainty leads to higher standard deviation of the weighting factors.

Robustness Comparison

10,000 Monte Carlo simulations are conducted through the developed surrogate modesl for
the four design criteria with equal weighting factor upy and standard deviation presented in
Table In order to measure the robustness of the design criteria against uncertainty in the
weighting factors, SNR is also calculated using Equation As an example, the SNR for
OEM is presented in Figure The SNR analysis indicates consistent conclusions previously
drawn from the histograms of uncertainty variation. For the same percentage uncertainty, the
growth of confidence level leads to the increase of SNR. Since a larger SNR indicates more
robustness against uncertainty, the robustness of design criteria can be strengthened by the

growth of confidence level.

5.5.3 Sensitivity Analysis

As noted in Section [£.4] sensitivity analysis can identify the relative contribution of input vari-
ables to the variability of model output. Local sensitivity analysis via iterative binary search
algorithm and global sensitivity analysis using partial rank correlation coefficients are not fol-
lowed, since they are established for evaluation decision making problems.

In this study, when MCDA techniques are implemented in design decision making problems,
sensitivity analysis can be performed via surrogate models. The prediction profiler in JMP
provides one effective approach to perform this task. Thus, it is utilized to perform sensitivity

analysis for the weighting factors in the aircraft design problem.
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Figure 5.17: Robustness Comparison for OEM

In this example, equal weighting factors are assigned to the four design criteria, and one
linear constraint (w; + wg + w3 + wy = 1) is imposed on the weighting factors. The prediction
profiles for the four design criteria are illustrated in Figure [5.18] where the vertical dotted red
line for each variable shows its current value, the horizontal dotted red line shows the predicted
value of each design criterion for the current values of weighting set. The black lines within the
plots show how the predicted value changes when the current value of a variable is changed.
The role of the weighting factors in the prediction of the four design criteria can be visualized,
by moving the vertical dotted line or by directly entering a variable value.

The steepness of the prediction trace can reflect the sensitivity of variables. It can be observed
from Figure that the prediction traces on the blue diagonal line have the steepest slopes. In
other words, they are the most sensitive variables for the predicted criteria on each row using the
developed response surface model. This is consistent with physical explanation. For instance,
wi has the steepest negative gradient in the first row when predicting OEM, considering that w;
is the weighting factor for OEM during optimization, thus, OEM will decrease with the increase
of wi. For the same reason, wsy is the most sensitive variable in predicting fuel mass, ws is the
most sensitive variable in predicting utilization/(block time) ratio, and wy is the most sensitive
variable in predicting passenger density.

The non-linearity of the prediction profilers can be explained by the four-order response

surface models, as shown in Equation - in Section
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Figure 5.18: Prediction Profiles for Four Design Criteria

5.6 Discussion

This chapter explored the feasibility and assessed the added values of implementing MCDA
techniques in aircraft design process. A new optimization framework incorporating MCDA tech-
niques for aircraft conceptual design was established. The developed intelligent multi-criteria
decision support system was used to select an appropriate MCDA method. It was demonstrated
that the chosen MCDA method with improvement (ITOPSIS) provided a better objective func-
tion for the optimization than the traditional weighted sum (SAW) method.

Furthermore, considering that inherent uncertainties and subjectivities of weighting factors
have crucial impacts on the design solution, surrogate models for design criteria in terms of
weighting factors were developed to efficiently assess the uncertainties related to the subjective

preference information in aircraft design process.

In this section, optimization algorithms used in aircraft design are discussed, followed by

surrogate model development for design criteria in terms of weighting factors.
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5.6 Discussion

Optimization Algorithms in Aircraft Design

As noted in Subsection there are several optimization algorithms available, among which
gradient-based methods and genetic algorithms are most widely used in aircraft design. Which
optimization method to use depends on the optimization problem under consideration.

The choice of gradient-based methods for the proposed optimization framework was based
on the parametric studies performed in Subsection where all design variables under inves-
tigation were continuous, and the objective functions with respect to the design variables in the
conceptual aircraft design tool were rather smooth.

Furthermore, the focus of this research has been on developing the framework of incorpo-
rating MCDA techniques in aircraft design process, particularly on exploring the feasibility and
assessing the added values, not on the optimization itself. A hybrid optimizer combining genetic
algorithms and gradient-based methods could be also used in order to provide a more global
optimization and include discrete design variables. However, this is beyond the scope of this

study and can be regarded as future research.

Surrogate Model Development for Design Criteria in terms of Weighting Fac-
tors

As noted in Section there are typically four steps in constructing the surrogate models:
experimental design, model choice, model fitting, and model validation [47].

The choice of experimental design has a critical impact on the accuracy of the surrogate
models. In this study, experimental designs for weighting factors have to satisfy that for each
experimental run, the sum of the factor settings equals to 1. One modified LHS with Dirichlet
distribution was employed, as presented in Subsection [5.4.1] Other sampling strategies with
space filling properties could be also investigated.

Response surface model was utilized to construct the surrogate models in the model choice
step. Furthermore, Kriging models are alternative techniques to construct surrogate models
with more sound statistical meaning [109]. Kriging models interpolate the observed data and
fit the model using maximum likelihood estimate.

A comparison of response surface model and Kriging model for multidisciplinary design op-
timization was presented in [I14], with the application to the design of an aerospike nozzle.
The authors concluded that the second-order response surface models and Kriging models us-
ing a constant underlying global model and a Gaussian correlation function yielded comparable
results. Besides, it was stated that the choice of the modeling technique depends on the expec-
tations of what the underlying response might look like [47]. Future research can be conducted

on using Kriging model to construct the surrogate models.
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Proof of Concept 2: MCDA in

Aircraft Evaluation

In this chapter, the effectiveness of implementing the most appropriate MCDA techniques in
aircraft evaluation process is demonstrated, following a three-step framework: definition of the
decision making problem, selection of the most appropriate MCDA method, and uncertainty
assessment in the decision analysis process.

The chapter is organized as follows. Section defines the business aircraft evaluation
problem. Section 6.2 presents the selection of the most appropriate MCDA method, through
the developed intelligent multi-criteria decision support system, as described in Chapter 3. Sec-
tion 6.3 presents the results of applying the appropriate MCDA method in the business aircraft
evaluation problem. Section 6.4 presents uncertainty assessment in decision analysis process,
following the new approach proposed in Chapter 4. Section 6.5 discusses the implementation of

MCDA techniques in aircraft evaluation problems.

6.1 Definition of the Decision Making Problem

Assume that one business aviation customer needs to purchase a business jet. At present, there
are six major business jet manufacturers: Canadian Bombardier, American Cessna, French
Dassault, Brazilian Embraer, American Gulfstream, and American Hawker. There are five
different segments for different types of the product models: very light jets, light jets, medium
jets, large jets, and large corporate airliners. The segmentation is primarily determined by a
combination of price, range, and cabin volume, as summarized in Table

The six major business jet manufacturers are briefly introduced as follows. Bombardier offers
three families of business jets: Learjet, Challenger, and Global. Cessna mainly offers light to

medium size business aircrafts. Dassault produces medium to large size business jets. Embraer
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6. PROOF OF CONCEPT 2: MCDA IN AIRCRAFT EVALUATION

Table 6.1: Segmentation Criteria for Business Jets [20]

Price Range Cabin volume
Business aircraft segmentation  ($ Millions) (km) (m3)
Very light jets <7 < 3148 < 8.5
Light jets 7-18 3148 - 5741 8.5 -19.8
Medium jets 18 - 42 5741 - 9260 19.8 - 42.5
Large jets 46 - 68 > 9260 42.5 - 85.0
Large corporate airliners > 68 > 9260 > 85

offers five product models of business jets, ranging from light to large size aircrafts. Gulfstream
offers light, medium, and large business aircrafts. Hawker produces mainly light and medium
business jets. In addition, Airbus and Boeing also offer Airbus Corporate Jet (ACJ) and Boeing
Business Jet (BBJ), based on their A319 and B737 series, respectively. These large size aircrafts
are most expensive in the business jet market.

There are more than forty different types of business aircraft available in the current market,
costing from $ 1 million to almost $ 100 millions. How to choose an appropriate aircraft to meet
the needs of the business aviation customer is a complicated decision making process. In addition
to costs, there are several other criteria to be evaluated at the same time. For instance, aircraft
configuration, aircraft performances, environmental impacts, and level of comfort. Therefore,
considering these multiple conflicting criteria simultaneously, the evaluation and selection of a
business jet is a typical MCDA problem and needs to be prudently conducted.

In the following subsections, the identification of evaluation criteria for business aircraft is

discussed first, followed by the quantification of additional soft criteria.

6.1.1 Identification of Evaluation Criteria

The specifications of business aircraft are presented in Figure Based on the specifications,

the evaluation criteria for business aircraft can be categorized into four groups:

e Economic criteria: purchase price and operating costs.

Performance criteria: maximum payload, maximum range, cruise speed, fuel consump-

tion, and take-off field length.
e Environmental criteria: noise and C'O9 emissions.

e Additional soft criteria: passenger comfort level, product support level, and manufac-

turers reputation.
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6. PROOF OF CONCEPT 2: MCDA IN AIRCRAFT EVALUATION

We are confronted with the similar question as in Subsection Which evaluation criteria
are most appropriate to be fed into the MCDA method for the business aircraft evaluation
problem? In order to better answer this question, the quantification of additional soft criteria is
presented first, followed by the determination of which evaluation criteria would be further feed

into the MCDA method.

6.1.2 Quantification of Additional Soft Criteria

Among these four groups, additional soft criteria are decisive in the business aircraft evaluation
problem. However, these soft criteria cannot be fed into the MCDA method directly without
quantification. In this subsection, the quantification of passenger comfort level, product support

level, and manufacturer’s reputation are presented, respectively.

Quantification of Passenger Comfort Level

Passenger comfort level can be influenced by several factors, for instance, space utilization,
cabin noise, and vibration. Among these factors, space utilization is known as predominant for
passenger comfort, thus, we focus on space utilization in this research. The passenger seating
configuration, cabin height, cabin width, cabin length, and cabin volume determine the space
utilization. Passenger comfort level can be quantified by cabin volume per passenger (m?/pax),

as calculated in Equation [6.1

Cabin volume

Cabin volume per passenger = -
Typical passenger seat number

Quantification of Product Support Level

Product support level is quantified based on the aviation international news 2010 product sup-
port survey [124]. The product support survey is conducted entirely on the Internet, qualified
readers are asked to rate their business aircraft, engines, and avionics in ten categories. The ten
categories are summarized in Table[6.2] where the explanations of key points that the survey par-
ticipants were asked to consider are also included. The rating scale ranges from 1 (inadequate)

to 10 (excellent), as illustrated in Figure
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6.1 Definition of the Decision Making Problem

Table 6.2: Ten Categories of the Aviation International News 2010 Product Survey [124]

Categories Explanations of key points

1. Authorized service center Estimated cost versus actual cost, on-time performance,
scheduling ease, and service experience.

2. Factory service center The same as with the authorized service center.

3. Parts availability In stock versus back order and shipping time.

4. Costs of parts Value for price paid.

5. Aircraft on ground response The speed, accuracy, and cost to get a grounded aircraft
back in the air as soon as possible.

6. Warranty fulfillment Ease of paperwork and extent of coverage.

7. Technical manuals Ease of use, formats available, timeliness of updating.

8. Technical representatives Response time, knowledge, and effectiveness.

9. Maintenance tracking programs  Cost, ease of use, accuracy, and reliability.

10. Overall aircraft reliability Product’s overall reliability and quality against the

competition’s.

5

Inadequate Poor Average Good Excellent

Figure 6.2: Rating Scale of the Aviation International News 2010 Product Survey [124]

The 2010 product survey invited 17,284 readers to participate and 921 completed the survey,
with a return rate of 5.3%. The results of the 2010 product survey are presented in Figure |6.3
where the aircraft are listed in the order of their overall average scores. The newer business jets
are less than ten years old, and the older business jets are more than ten years old. The bold
number indicates the highest number in each category.

According to the survey results shown in Figure product support level of Gulfstream

ranked first for both newer and older business jets in 2010.

Quantification of Manufacturer’s Reputation

Manufacturer’s reputation is quantified according to aviation week’s 16th annual top-performing
companies study [9]. The top-performing companies study was launched in 1996 by Awviation
Week & Space Technology, with the purpose of assessing the operational performance of publicly
traded companies in the aerospace and defense industries. The company ranking is based on
a composite scoring of four equally weighted performance categories. The scores range from

1 (worst performance) to a maximum value 99 (best performance). The four categories are

109



6. PROOF OF CONCEPT 2: MCDA IN AIRCRAFT EVALUATION

Overall  Auth. | Factory
Average Service  Service
2010 Centers Centers

Mx Overall
Tracking = Aircraft
Programs Reliability

Parts Cost AOG  Warranty Technical Technical
Availability of Parts Response Fulfillment Manuals  Reps

Gulfstream (G1V through G550) 831 79 824 844 635 858 855 824 874 871 9.08
Cessna (Gitation) 822 | 778 | 828 833 693 843 840 804 856 841 8.79
Bombardier (Learit) 795 | 769 | 778 790 = 651 813 8.41 7.91 882 800 | 838
Gulfstream (6100 to 6200) 775 | 770 | 754 732 660  7.81 807 784 | 826 | 780 | 838
Dassault (Faicon) 768 755 694 771 | 627 807 | 807 756 = 797 | 803 | 847
Hawker Beechcraft (Hawker except 400XF) | 766 784 | 790 | 707 | 623 728 | 827 | 731 824 | 825 | 826
Bombardier (Chalenger) 763 | 765 | 748 724 | 608 @ 7.72 787 766 | 829 | 790 | 830
Hawker Beechcraft (Premier I, Hawker 400XP) 741 811 | 829 713 | 552 718 | 727 | 762 | 759 776 @ 792
Bombardier (6iobal Express/XRS, Global 5000) | 716 | 740 | 716 677 | 563 718 | 739 | 688 | 820 744 | 752
OLDER BUSINESS JETS 4 4

Gulfstream (@ through G1V) 814 796 776 835 614 865 827 823 861 8.1 8.76
Dassault (Faicon) 759 | 791 | 697 773 561  7.92 735 733 | 8.1 7.91 8.84
Cessna (Gitation) 746 | 758 | 708 770 58  7.53 722 770 | 758 | 779 | 832
Bombardier (Learit) 735 | 732 | 658 734 600 767 | 704 = 764 774 792 801
Hawker Beechcraft (Haiker) 718 733 | 689 692 | 562 698 | 687 727 | 793 795 806
Bombardier (Chaflenger) 706 | 779 | 686 671 | 529  7.03 6.76 716 | 745 7.74 7.93
Hawker Beechcraft (Premier I, Diamond, Beechjet 400A) 6.94 7.25 7.25 6.95 5.58 7.06 7.00 6.26 6.77 7.33 8.05

Figure 6.3: Results of the Aviation International News 2010 Product Survey [124]

Table 6.3: Four Categories of the Aviation Week’s 16th Annual Top-Performing Companies
Study [9]

Categories Measurement

1. Return on invested capital Investment decisions, companies with superior operating
profit are rewarded.

2. Earning momentum Earning quality and revenue expansion.
3. Asset management Efficiency in employing the resources.
4. Financial health Overall solvency and available liquidity.

summarized in Table 6.3

For the purpose of this study, scores for the six major business jet manufacturers are pre-
sented in Table[6.4] It should be noted that Cessna, Gulfstream, and Hawker are not explicitly
on the list of the top-performing companies study. Thus, the scores of their parent companies
are used instead. A higher score in the top-performing companies study represents better rep-
utation. According to the scores shown in Table Gulfstream has the highest reputation,
while Cessna has the lowest reputation.

In summary, in the additional soft criteria group, passenger comfort level is quantified by
cabin volume per passenger (m?/pax), product support level is quantified according to the overall
average scores obtained via the aviation international news 2010 product survey, as shown in
Figure[6.3] and manufacturer’s reputation is quantified based on the aviation week’s 16th annual

top-performing companies study, as summarized in Table
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6.1 Definition of the Decision Making Problem

Table 6.4: Scores of the Six Major Business Jet Manufacturers [9]

Manufacturers Scores
Bombardier 55
Cessna (Textron) 39
Dassault 74
Embraer 60
Gulfstream (General Dynamics) 82
Hawker (Raytheon) 78

Determination of Evaluation Criteria

Empirical studies in consumer behavior and industrial market context have shown that the
quality of a decision has an inverted U-shaped relationship with the number of alternatives, and
the number of intensively discussed alternatives is less than five [48]. In practice, a small number
of alternatives can be obtained by a simple check-list of desirable features [136].

In this business aircraft evaluation problem, typical passenger seat number, maximum range,
and purchase price are utilized as filter criteria for initial screening in the first phase of the
decision making process. The filter criteria can highly facilitate evaluating the business aircraft
by reducing the number of alternatives under consideration.

Furthermore, the operating costs will not be fed into the MCDA method, the reasons are
listed as follows. The operating costs are composed of fixed costs and variable costs. Fixed
costs are irrespective of aircraft utilization, and thus include insurance, training costs, and
other miscellaneous costs. Variable costs vary with aircraft utilization, consisting of fuel costs,
maintenance costs, and miscellaneous trip expenses. Fixed costs are directly proportional to the
purchase price, while variable costs are directly related to fuel consumption. Additionally, CO4
emission is also largely fuel-based. Thus, instead of using operating costs as an independent
evaluation criterion, aircraft purchase price is used to approximate the fixed operating costs,
and fuel consumption is utilized as a proxy for the variable operating costs and C'O2 emission.

In summary, three filter criteria and seven decision criteria are summarized in Table

where EPNdB represents the decibels of Effective Perceived Noise.
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Table 6.5: Ten Evaluation Criteria for Business Aircraft

Name Units
Filter criteria Typical passenger seat number pax

Maximum range km

Purchase price $ Millions

Decision criteria  Fuel consumption per seat kilometer kg/pax/km

High-speed cruise speed km/h
Take-off field length m
Noise EPNdB
Cabin volume per passenger m3 /pax

Product support level -

Manufacturer’s reputation -

One Scenario for Business Aviation Customer

Assume that one business aviation customer considers to purchase a business jet with 8 to 10
typical passengers on board. The aircraft range with maximum fuel and available payload should
be around 5500 km to 6500 km, and the purchase price is between $ 20 millions and $ 25 millions.

In the available business jet market, four business jet alternatives satisfy the needs of the
customer. The values of the three filter criteria and seven decision criteria for the four business
jet alternatives are summarized in Table

In Table maximum range is when the aircraft is with full fuel and maximum available
payload, and with the National Business Aviation Association (NBAA) Instrument Flight Rules
(IFR) fuel reserves (370.4 km or 200 nm alternate). Purchase price is Business & Commercial
Awiation (BCA) equipped price published in May 2011 issue [94]. Fuel consumption is calculated
based on the fuel used for the mission of flying 1852 km (1000 nm) with four passengers on board.
Noise is calculated by the average of take-off, sideline, and approach noise. It should be noted

that the seven decision criteria (from C; to C7) are further fed into the MCDA method.
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6.2 Selection of an Appropriate MCDA Method

Table 6.6: The Values of Evaluation Criteria for the Four Business Jet Alternatives

Alternatives
Aq As As Ay
Bombardier Cessna Gulfstream Hawker
Challenger 300  Citation X G200 H4000
=
Filter criteria
Fy: Typical passenger seat number 8 9 10 8
Fy: Maximum range (km) 5975 5656 6378 5808
F5: Purchase price ($ Millions) 24.7500 21.6330 23.3250 22.9089
Decision criteria
Cy: Fuel consumption
per seat kilometer (kg/pax/km) 0.2396 0.2720 0.2264 0.2624
C5: High-speed cruise speed (km/h) 870 952 870 870
C3: Take-off field length (m) 1466 1567 1854 1545
C4: Noise (EPNdB) 84.2333 82.4333 86.7333 86.1000
C5: Cabin volume
per passenger (m?/pax) 4.0500 2.3556 3.1000 3.4375
Cg: Product support level 7.63 8.22 7.75 7.66
C'7: Manufacturer’s reputation 55 39 82 78

6.2 Selection of an Appropriate MCDA Method

The selection of the most appropriate MCDA method for the business aircraft evaluation problem
is presented in this section, through the developed intelligent multi-criteria decision support
system, as discussed in Chapter 3. The user guide can be found in Appendix A. The step by

step problem solving process is explained in the following subsections.

Step 1: Define the Problem

As discussed in Section the objective of this decision making problem is to evaluate the
performance of the business jets and identify which one has the best compromised performance
using one appropriate MCDA method. The developed intelligent multi-criteria decision support

tool is employed to facilitate this decision analysis process.

Step 2: Define the Evaluation Criteria

With the purpose of identifying the most appropriate method, sixteen widely used MCDA

methods are studied and their characteristics are stored in the knowledge base. To compare
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Problem Related Characteristics

1. What is your problem? (Filter Question) 7. Does the problem involve subjective atiributes?  « » 4

_ _ @ ®
@ Selection () Optimization N e
2. Are trade-offs among criteria acceptable? (Filter Question) 8. Are afribute data qualitafive or quantitative? < g 5
© Yes @ No ‘ ) Qualitative ) Quantitative @ Qualitative & Quantitative ‘
3. What input data are available? (Filter Question) 9. Are attribute data discrete or continuous? 1 4 3
Decision Matrix w7 ‘ @) Discrete ) Continuous () Discrete & Continuous ‘
4. How preference information is represented? 4 3 5 10.Single or hierarchical structure atributes? 4 3 4
Relative Weight h ‘ @ Single ) Hierarchy ‘
5. Which decision rule is appreciated? ! ' 10 11. Does uncertainty exist in the problem? ‘ » 5
Qutranking relationship - ‘ @ Yes ©)No
6. Does your prablem need feasibility check? « » 5
12.Is visualized solution required? « » 5
@ Yes ©INo ‘ @ Yes ©) No

Figure 6.4: Questions Related to Evaluation Criteria for Method Selection in Business Aircraft

Evaluation Process

the appropriateness of the methods with respect to the given problem, each method is assessed
based on the proposed twelve evaluation criteria. The twelve evaluation criteria are captured

by answering twelve questions, as shown in Figure [6.4]

Step 3: Perform Initial Screening

The infeasible MCDA methods are eliminated by the three filtering questions. For the business
aircraft evaluation problem, with the assumption that trade-offs among criteria are not permit-
ted, all compensatory methods are excluded and only non-compensatory methods remain as

candidate methods for further selection.

Step 4: Define the Preferences on Evaluation Criteria

When selecting the most appropriate method, the DM’s preference information on the evaluation
criteria can be defined using slide bars in the integrated user interface, where 0 stands for

extremely unimportant criterion and 10 represents extremely important.

Step 5: Calculate the Appropriateness Index

The match of a particular method and the given problem is quantified by Al In this step, Al
for each MCDA method is calculated by Equation [3.1], as described in Subsection [3.2.5
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Appropriate MCDA Methods

Score Methods

56% ELECTRE_I -
46% ELECTRE_IIl

46% Elimination_By_Aspects

46% Dominance

46% Conjunctive

33% Maximix

33% Maximax

33% Lexicographic

33% Disjunctive

Figure 6.5: MCDA Methods Ranking List in Business Aircraft Evaluation Process

Step 6: Evaluate the MCDA methods

According to Step 5, AT of the MCDA methods are obtained and presented in Figure where

higher score represents more appropriateness of the method for the given problem.

Step 7: Choose the Most Suitable Method

As shown in Figure[6.5] ELECTRE I gets the highest score among the MCDA methods, therefore,
it is selected as the most appropriate method to solve the business aircraft evaluation problem.
Its mathematical calculation steps are built in the decision support system, thus, the DM can
simply click the name of the method and methodology instructions of ELECTRE I will be
displayed to guide the DM to solve the given problem and get the final solution, as illustrated
in Figure The evaluation results using ELECTRE I are presented in Section [6.3

Step 8: Conduct Sensitivity Analysis

The answers to the twelve questions can be varied in the method selection process. In our
integrated user interface, the DM can adjust the weights of each criterion by moving the slide
bars. In this example, with the current input data, it is observed from Figure[6.5]that ELECTRE
I is ranked first by the multi-criteria decision support system. Therefore, ELECTRE I is further

used to solve the business aircraft evaluation problem.
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ELECTRE_I Method

Please input the decision matrix:
Instructions

Regarding the format please refer to this example: -
Step 1 [123;345567]
Calculate the normalized decision matrix.
Step 2
Calculate the weighted normalized decision matrix.
Step 3
Determine the concordance and discordance sets.
Step 4 i
Calculate the concordance matrix.
Step 5
Calculate the discordance matrix. . .
Step 6 Please input the weights of each criterion:
Determine the concordance dominance matrix.
Step T
DetSrmine e e TR TE SR TS MRS Regarding the format please refer to this example: -
Step 8 (1273
Determine the aggregate dominance matrix.
Step 9

Eliminate the less favorable altematives.

Please input the directions of each criterion:

Regarding the format please refer to this example: P

Calculate

Figure 6.6: Methodology Instructions for ELECTRE I

[111]

6.3 Evaluation Results using ELECTRE I

When ELECTRE 1 is utilized to solve the business aircraft evaluation problem, it requires a
decision matrix as input data and weighting factors as the presentation of DM’s preference infor-
mation. For this example, the decision matrix is shown in matrix D, where each row corresponds
to one business jet alternative, and each column corresponds to one decision criterion. In the

first round of evaluation, equal weighting factors are considered, as shown in vector W.

0.2396 870 1466 84.2333 4.0500 7.63 55
0.2720 952 1567 82.4333 2.3556 8.22 39
0.2264 870 1854 86.7333 3.1000 7.75 82
0.2624 870 1545 86.1000 3.4375 7.66 78

W =[0.1429 0.1429 0.1429 0.1429 0.1429 0.14290.1429 ]T

The stepwise calculations of ELECTRE I are presented in detail in the following subsection,
based on the methodology description in Subsection [2.3.4] .
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6.3.1 Stepwise Calculations of ELECTRE I

There are two kinds of criteria: benefit criteria and cost criteria. Bigger values of benefit
criteria and smaller values of cost criteria are preferred. In the business aircraft evaluation
problem, benefit criteria are high-speed cruise speed (C2), cabin volume per passenger (Cj),
product support level (Cg), and manufacturer’s reputation (C7), while fuel consumption per seat
kilometer (C1), take-off field length (C3), and noise (Cy) are cost criteria. Before conducting the

normalization, cost criteria are transformed into benefit criteria by taking the reciprocal values.

1. Normalize the decision matrix D.

0.5178 0.4881 0.5423 0.5035 0.6149 0.4879 0.4175
0.4561 0.5341 0.5073 0.5145 0.3577 0.5257 0.2960
0.5480 0.4881 0.4288 0.4890 0.4707 0.4956 0.6225
0.4728 0.4881 0.5145 0.4926 0.5219 0.4899 0.5921

D, =

2. Calculate the weighted normalized decision matrix D,,.

0.0740 0.0697 0.0775 0.0720 0.0879 0.0697 0.0597
0.0652 0.0763 0.0725 0.0735 0.0511 0.0751 0.0423
0.0783 0.0697 0.0613 0.0699 0.0673 0.0708 0.0890
0.0676 0.0697 0.0735 0.0704 0.0746 0.0700 0.0846

an =

3. Determine the concordance and discordance sets.

For instance, for the pair of alternatives A; and Ao, the set of decision criteria is divided
into two disjoint subsets. The concordance set Cio is composed of all criteria which
support that A; is preferred to As. The discordance set D15 is the complementary set of

the concordance set C1o, with respect to the decision criteria set {1,2,3,4,5,6,7}.

Cio={1,3,5,7} Dy = {2,4,6}
Cis={2,3,4,5}  Dy3={1,6,7}
Ciy={1,2,3,4,5} Dy ={6,7}
Cor ={2,4,6} Dy ={1,3,5,7}
Cos = {2,3,4,6} Doy = {1,5,7}
Cos = {2,4,6} Dy ={1,3,5,7}
Cs ={1,2,6,7}  Ds = {3,4,5}
Csp={1,5,7} Dz ={2,3,4,6}

034 = {1727677} D34 = {3741 5}
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Cn ={2,6,7F Dy =1{1,3,4,5}

Cuz ={2,3,4,5} D43 ={1,6,7}

4. Calculate the concordance matrix M oncordance-

Each element of the concordance matrix is calculated by the sum of criteria weights which
are contained in the concordance set. For example, the element M oncordance,, Detween Aq

and A, is calculated by Equation [6.2

— 0.5716 0.5716 0.7145
M | 0.4287 — 0.5716 0.4287
concordance = | () 5716 (.4287 — 0.5716
0.4287 0.5716 0.5716 -

Mconcordanceu = Z w; = w1 + w3 +ws + w7 = 0.5716 (62)
Jj€Ci2

5. Calculate the discordance matrix My;scordance-

Fach element of the discordance matrix reflects the degree to which one alternative is worse
than the other. For instance, the element Myiscordance;, between A; and A is calculated

by Equation [6.3

— 0.1793 1.0000 1.0000
v ~ | 1.0000 - 1.0000 1.0000
discordance = | 7038 (0.2406 —  1.0000

0.5327 0.1554 0.8767  —

max ‘anl. — angv‘
j€D12 / J

Mdiscordancelg -
- max ’anlj —Dm@j‘
]6(172777)

B max{0.0066,0.0016,0.0054}
~ max{0.0088,0.0066,0.0050,0.0016, 0.0368, 0.0054, 0.0174}
0.0066

= —=0.1 .
0.0368 0.1793 (6.3)

6. Determine the concordance dominance matrix M oncordance dominance-

A concordance threshold ¢ needs to be chosen to perform the concordance test. In this
study, the average value of the elements in the concordance matrix M oncordance 1S used,

¢ = 0.5359. For instance, A; possibly dominates alternative Aa, if Mconcordance;, > ¢- In
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this example, Mconcordance;s = € (0.5716 > 0.5359), thus, the concordance test is passed

and the element of the concordance dominance matrix is 1. Otherwise, the element is 0.

-1 1 1
0O — 1 0
Mconcordance dominance — 1 0 — 1
o 1 1 -—

7. Determine the discordance dominance matrix M g;scordance dominance-

A discordance threshold d needs to be chosen to perform the discordance test. In this
study, the average value of the elements in the discordance matrix Mg;scordance 1S used,
d = 0.7240. For instance, A; possibly dominates As, if Myiscordance;, < d. In this example,
Maiscordancer, < d (0.1793 < 0.7240), thus, the discordance test is passed and the element

of the discordance dominance matrix is 1. Otherwise, the element is 0.

— 1 0 0
0O — 0 0
Mdiscordance dominance — 1 1 — 0
1 1 0 -

8. Aggregate the dominance matrix Myggreqated dominance-

The aggregated dominance matrix is calculated by an element-to-element product of the

concordance dominance matrix and the discordance dominance matrix.

is dominated by

o | 1 0 0

s/ 0 — 0 0
]\'{aggregated dominance — 'g

El1 0 - o0

Lo 1 0 -

9. Eliminate the dominated alternatives.

In the aggregated dominance matrix, the element 1 in the column indicates that this
alternative is dominated by other alternatives. In this example, it can be identified that
A1 is dominated by As, As is dominated by Ay and A4. Thus, A; and As are dominated
alternatives and can be excluded by ELECTRE 1.

It can be obtained that when weighting factors are evenly distributed among the seven cri-
teria, Ay and Ay are dominated by A3 and A4. In other words, A; (Bombardier Challenger 300)
and As (Cessna Citation X) should be excluded from the candidates of business jets. But
the outranking relationship between Az (Gulfstream G200) and A4 (Hawker H4000) cannot be

identified in the current set of weighting factors.
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6.3.2 Typical Weighting Scenarios for ELECTRE 1

Weighting factors play an important role in the decision analysis process. In this study, in order
to better simulate DM’s preference information, typical weighting scenarios for the seven crite-
ria are generated from eleven levels of experimental design. The weighting factors for the seven
criteria are the combination of seven numbers from the set [0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1],
with the constraint that the sum is one. Since the seven decision criteria need to be considered
simultaneously in the decision analysis process, all the seven numbers are required to be big-
ger than zero. Thus, 84 sets of weighting factors are generated and attached in Table in
Appendix C.3.

The weighting factors reflect the relative importance of the decision criteria. For instance,
the first row in Table is [0.4 0.1 0.1 0.1 0.1 0.1 0.1]. This set of weighting factors indicates
that C7 (fuel consumption per seat kilometer) is the most important decision criterion, and the
other six decision criteria have the same level of importance. The other 83 sets of weighting
factors have similar explanations.

The evaluation results using ELECTRE I for the 84 sets of weighting factors are summarized
in Table It is observed that when the DM takes into account all the seven criteria, A4 has
the highest frequency to be a non-dominated alternative, and As has the highest frequency to
be a dominated alternative. Therefore, it can be concluded that for the scenario considered in
this study, A2 (Cessna Citation X) should be excluded from the candidates of business jets and

A, (Hawker H4000) should be recommended for the business aviation customer to purchase.

Table 6.7: Evaluation Results for 84 Sets of Weighting Factors using ELECTRE 1

Ay Az As Ay
Non-dominated times 50 34 51 59
Dominated times 34 50 33 25
Non-dominated frequency 59.52% 40.48% 60.71% 70.24%
Dominated frequency 40.48% 59.52% 39.29%  29.76%

6.4 Uncertainty Assessment

In the business aircraft evaluation problem, weighting factors and criteria values are the main
input data utilized to solve the decision problem. It is observed that weighting factors are often
highly subjective considering that they are elicited based on the DM’s experience or estimation,
while there are always uncertainties existing in the criteria values due to incomplete information.

The inherent uncertainties and subjectivities associated with the input data have significant
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impacts on the final result of a decision making problem. Thus, it is critical to effectively
address these uncertainties in the decision making process in order to get more accurate results.
In this section, uncertainty assessment for weighting factors and criteria values is performed,

following the new uncertainty assessment approach proposed in Chapter 4.

6.4.1 Uncertainty Characterization

As discussed in Section [1.2] uncertainties for weighting factors and criteria values are represented
by percentage uncertainties with confidence levels. For example, if a DM assigns 15% uncertainty
to the weight of the first decision criterion (wp) with 90% confidence level, it implies that
the DM is 90% confident that w; would fall within the interval [wi(1 — 15%),w1(1 4+ 15%)].
For this example, the uncertainty characterization for weighting factors and criteria values are

summarized in Table [6.8]

Table 6.8: Uncertainty Characterization for Weighting Factors and Criteria Values

Weighting factors

w1 w2 w3 Wy Ws We wr

Percentage uncertainty 15% 10% 15% 10% 25% 30% 30%
Confidence level 90% 95% 85% 90% 70% 80% 90%

Criteria values
C 1 C. 2 C 3 04 05 CG CV7

Percentage uncertainty 10% 5% 15% 10% 20% 20% 20%
Confidence level 90% 90% 8% 95% 80% 90% 95%

Secondly, percentage uncertainties with confidence levels are transferred into standard devi-
ations using Equation and Equation in Subsection 4.2.2

When the weighting factors are evenly distributed among the seven decision criteria, the
mean of weighting factors uw equals to normalized weighting factors. The standard deviation

of weighting factors oy is shown as follows.

pw = [0.1429 0.1429 0.1429 0.1429 0.1429 0.14290.1429 ]T
ow = [0.0130 0.0073 0.0149 0087 0.0345 0.0335 0.0261]T

For instance, the standard deviation of wy with 15% uncertainty at 90% confidence level, is

calculated by Equation [6.4] and Equation [6.5] respectively.

new, = V2erf !(Confidence level) = v2erf~1(90%) = 1.6449 (6.4)
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Relative error(%) e,  (15%)(0.1429)
= - = 0.0130 6.5
T Mo, 1.6449 (6:5)

The similar calculation is carried out for other weighting factors and criteria values. The
normalized decision matrix D can be taken as up, and the standard deviation of the decision

matrix is shown in op.

[ 0.5178 0.4881 0.5423 0.5035 0.6149 0.4879 0.4175 ]
| 0.4561 0.5341 0.5073 0.5145 0.3577 0.5257 0.2960
HD =1 05480 0.4881 0.4288 0.4890 0.4707 0.4956 0.6225
| 0.4728 0.4881 0.5145 0.4926 0.5219 0.4899 0.5921 |

0.0191 0.0090 0.0393 0.0178 0.0490 0.0412 0.0296 ]

op — 0.0169 0.0099 0.0367 0.0182 0.0285 0.0444 0.0210
0.0203 0.0090 0.0310 0.0173 0.0375 0.0419 0.0441

| 0.0175 0.0090 0.0372 0.0175 0.0416 0.0414 0.0420 |

In this step, uncertainties in the weighting factors and criteria values are transferred into
means and standard deviations. up, pw, op, and oy are the input for the error propagation

calculation in the uncertainty analysis step.

6.4.2 Uncertainty Analysis

As noted in Section Monte Carlo-based numerical error propagation technique is applied
to perform uncertainty analysis for ELECTRE 1. 10,000 runs are performed from normal dis-
tribution with parameters up, puw, op, and oy . In this study, three scenarios are considered:
uncertainty propagated from weighting factors, criteria values, and both from weighting factors

and criteria values, as summarized in Table

Table 6.9: Three Scenarios for Uncertainty Analysis

Uncertainty incorporation

Scenario  Weighting factors Criteria values

1 v
2 v
3 v v

The probabilistic outranking relationships for each alternative in the three scenarios are
presented in Table It can be observed that with evenly distributed weighting factors among
the seven decision criteria, A4 (Hawker H4000) has the highest probability to be non-dominated,
while Ay (Cessna Citation X) has the highest probability to be dominated. The results of
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Table 6.10: The Probabilistic Outranking Relationships in Three Scenarios

Alternatives
Ay Ay As Ay

Scenario 1

Non-dominated 48.84% 11.50% 89.22% 99.71%
Dominated 51.16% 88.50% 10.78%  0.29%
Scenario 2

Non-dominated 67.79%  9.16% 64.93% 72.37%
Dominated 32.21% 90.84% 35.07% 27.63%
Scenario 3

Non-dominated 67.20% 10.04% 63.98% 70.34%
Dominated 32.80% 89.96% 36.02% 29.66%

uncertainty analysis are consistent with the evaluation results for the 84 sets of weighting factors
presented in Table [6.7] in Subsection [6.3.2}

Besides, it also should be noted that in the three scenarios, the non-dominance or dominance
status of Ay, A3, and Ay are preserved, while the dominance status of A; is not preserved in
Scenario 2 and Scenario 3. The unstable status of A; can be attributed to its sensitivity to
weighting factors and criteria values. The sensitivity of the alternatives to weighting factors and

criteria values is investigated in Subsection [6.4.3]

Confidence Quantification of Sampling-based Error Propagation Technique

Since the numerical error propagation technique is sampling-based, a large number of samples
are required in order to recreate the probability distributions for the input parameters. However,
with the same input parameters, the results of uncertainty analysis will not be the same because
of the randomness of the sampling method. In this study, the degree of confidence for the
uncertainty analysis results is quantified through confidence intervals. The nested simulation
loop for the confidence quantification is shown in Figure [6.7]

In our case, 10,000 Monte-Carlo simulation runs are performed in uncertainty analysis pro-

Adapt Sample Size

10,000 runs
Monte Carlo Simulation

Figure 6.7: Nested Monte Carlo Simulation Loop for Confidence Quantification
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cess. Considering that mean and standard deviation for 10,000 Monte-Carlo simulation runs
are unknown, we can suppose that the sample mean T follows ¢ distribution with mean p and
standard deviation s/y/n, where s is the estimated standard deviation, n is the sample size [89].
The t distribution with sample size n has n — 1 degree of freedom. The confidence interval is

calculated by Equation [6.6]

[T — t's/\/n, T + t*s/\/7]

where t* is the upper (1—CL)/2 critical value for the ¢ distribution with n—1 degree of freedom,

(6.6)

CL is confidence level.

In this example, we take the sample size n = 100, CL = 95%, the 0.025 critical value for 99
degree of freedom is t* = 1.984. The 95% confidence intervals for the probabilistic outranking
relationship in the three scenarios are summarized in Table [6.11] For instance, for the non-
dominance probability of A; in Scenario 1, the sample mean is 48.35%, the sample standard

deviation is 0.5535%. The 95% confidence interval is calculated by Equation

[0.4835 — 1.984 x 0.005535/+/100,
0.4835 + 1.984 x 0.005535//100]
= [48.24%, 48.46%)]

[T —t's/v/n, T +t*s/\/n] =

(6.7)

The tight confidence intervals in Table [6.11] verify that sampling-based error propagation
technique can generate accurate results in the uncertainty analysis process for the business

aircraft evaluation problem.

Table 6.11: The 95% Confidence Intervals for the Probabilistic Outranking Relationship in Three

Scenarios

Alternatives
A 1 A2 A3 A4

Scenario 1

Non-dominated

Dominated

[48.24%,48.46%)
[51.54%,51.76%)

[11.53%,11.68%)
[88.32%,88.47%)

(89.81%,89.93%]
[10.07%,10.19%]

[99.74%,99.76%)
[0.24%,0.26%)

Scenario 2

Non-dominated
Dominated

(67.46%,67.65%)
[32.35%,32.54%)

[9.00%,9.13%]
[90.87%,91.00%)

[64.69%,64.88%)
35.12 %,35.31%]

[72.02%,72.21%)
[27.79%,27.98%]

Scenario 3

Non-dominated

Dominated

[67.07%,67.24%]
32.76%,32.93%]

[9.68%,9.80%]
[90.20%,90.32%]

[63.65%,63.86%)
[36.14%,36.35%)

[70.47%,70.65%]
[29.35%,29.53%]
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6.4.3 Sensitivity Analysis

Local sensitivity analysis based on iterative binary search algorithm and global sensitivity anal-
ysis using partial rank correlation coefficients are conducted for the business aircraft evaluation

problem in the following subsections, respectively.

Local Sensitivity Analysis Based on Iterative Binary Search Algorithm

As discussed in Section [£.4] local sensitivity analysis varies input variables one at a time to
determine which variables have the greatest effect on the model output, while holding the others
fixed at nominal values. In the business aircraft evaluation problem using ELECTRE I, with
equally distributed weighting factors among the seven criteria, As and A4 are non-dominated
alternatives, while A; and A5 are dominated alternatives. The developed iterative binary search
algorithm can answer the question: What is the minimum change in the weighting factors or

criteria values so that the non-dominance or dominance status of an alternative can be altered?

Local Sensitivity Analysis for Weighting Factors

The absolute minimum changes in weighting factors which can alter the non-dominance or dom-
inance status of alternatives are summarized in Table For the convenience of comparison,
the relative minimum changes are also presented in Table [6.13] The relative minimum changes
are the absolute minimum changes scaled against the original values of weighting factors. In the
two tables, N/F (Non-Feasible) means that it is not mathematically feasible to alter the non-
dominance or dominance status of alternatives through the change of the current parameter.
It can be seen from the first row in Table that for dominated alternative Ap, it is
not feasible to change the weighting factor of Cs to switch A; into non-dominated alternative,
while only around 3% change in C5 or in C7 can make A; become non-dominated alternative.
Therefore, it can be concluded that A; is most robust against the weighting factor of Cy and

most sensitive to the weighting factors of Cs and C7.

Table 6.12: Absolute Minimum Changes in Weighting Factors to Alter the Non-dominance or

Dominance Status of Alternatives

Alternatives 4 Cy C3 Cy Cs Cs Cr

A; to Non-dominance -0.0396 N/F  0.0416 0.0716 0.0048 -0.0715 -0.0049
Ay to Non-dominance -0.0715 0.0478 -0.0715 0.0716 -0.0715 0.0716  -0.0715
A3 to Dominance -0.0272 0.5814 0.0324 1.4440 0.1281 1.6962  -0.0632
A4 to Dominance 0.0868 0.8808 -0.0550 1.9280 0.2535  1.1968  -0.0841
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Table 6.13: Relative Minimum Changes in Weighting Factors to Alter the Non-dominance or
Dominance Status of Alternatives

Alternatives & Cy Cs Cy Cs Cs Cs

A; to Non-dominance -27.67%  N/F 29.05%  50.06% 3.33%  -49.99% -3.41%
As to Non-dominance -49.99%  33.39%  -49.99%  50.06%  -49.99% 50.06%  -49.99%
As to Dominance -18.98%  406.80%  22.65%  1010.50%  89.59%  1186.95% -44.20%
Ay to Dominance 60.69% 616.37% -38.47% 1349.15% 177.39%  837.45% -58.81%

Interactive Sensitivity Analysis for Weighting Factors

In this study, interactive sensitivity analysis for the weighting factors is developed with the
purpose of providing the DM more vivid decision aiding, as shown in Figure where the
green bar represents that the alternative is non-dominated. The DM can simply move the slide
bar of the weighting factor, and the change of the non-dominance or dominance status of the four
alternatives is displayed simultaneously. The main idea of the interactive sensitivity analysis of
weighting factors is to vary the weighting of one criterion from 0 to 100%, while keeping the

weighting factors of other criteria the same proportion as in the original setting.

The interactive weighting plot for C is presented in Figure[6.9] where Non. represents non-

dominated and Dom. represents dominated. The interactive weighting plots for other six criteria

Weights of Criteria

Fuel consump./seat kmjid 100% " g . "
Cruise speed ' : : :
Take off field length it
Noise 80%
Cabin volume/pax 70%
Product support 650%
Reputation

50%

40%

30%

20%

10%

0%

] 1 3 14.29% * s

Performances of Alternatives (ELECTRE)
Non-dominated T T

Dominated i L

Figure 6.8: Interactive Sensitivity Analysis for Weighting Factors
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Figure 6.9: Interactive Weighting Plot for Criterion 1

(Co to Cr) are attached in Appendix B.2. The four alternatives are marked with different colors.
The count of the vertical line stands for the change frequency of non-dominance or dominance

status for one alternative.

For instance, in Figure[6.9] the purple line represents Ay, one purple vertical line tell us that
when varying the weighting of C; from 0 to 100%, while keeping the weighting factors of other
criteria the same proportion as in the original setting, A4 changes one time from non-dominated
to dominated alternative. Similarly, it can be observed that A; changes five times, As and Aj

change one time, respectively.

The frequency of status changes for the four alternatives, when varying the weighting factors
of the seven decision criteria from 0 to 100% individually, is summarized in Table [6.14 The
row sum represents that for one alternative, how many times the status of this alternative
has been changed, when varying the weighting factors of the seven decision criteria from 0 to
100% individually. The column sum represents that for one criterion, how many times the non-
dominance or dominance status of the four alternatives have been changed, when varying the

weighting of this criterion from 0 to 100%.
In Table the biggest column sum of C7 shows that C; has the highest frequency to

change the non-dominance or dominance status of the four alternatives, when varying the weight-

ing of this criterion from 0 to 100%. The biggest row sum of A; shows that A; has the highest
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Table 6.14: Frequency of Status Changes for Alternatives in Interactive Weighting Plots

Alternatives C; Cy C3 Cy Cs5 Cg C; | Row sum
Ay 5 0 2 2 1 1 1 12
Ao 1 1 1 1 1 1 1 7
As 1 3 1 1 1 1 1 9
Ay 1 1 2 1 1 1 2 9
Column sum 8 5 6 5 4 4 5

frequency of changing the non-dominance or dominance status, when varying the weighting fac-
tors of the seven decision criteria from 0 to 100%, individually. In summary, among the four
alternatives, A; is most sensitive to the weighting factors. The sensitivity of A; to the weighting

factors is consistent with the results shown in Table [6.12] and Table [6.13

Furthermore, it is important to note that Table Table and Table address
different aspects of local sensitivity analysis for the weighting factors. Table[6.12]and Table[6.13
show the minimum changes in the weighting factors when the non-dominance or dominance
status of alternatives is altered around the region of the nominal values of the weighting fac-
tors, which are located in the vicinity of the dot-dashed line in the interactive weighting plots.
Table summarizes the total frequency for the non-dominance or dominance status change
of alternatives when varying the weighting of one criterion from 0 to 100%, while keeping the

weighting factors of other criteria the same proportion as in the original setting.

Local Sensitivity Analysis for Criteria Values

Local sensitivity analysis for criteria values investigates how to change the criteria values so that
the non-dominance or dominance status of alternatives can be altered. The developed iterative
binary search algorithm can provide the mathematically feasible change of the criteria values to
alter the non-dominance or dominance status of alternatives. However, for the business aircraft
evaluation problem, mathematical feasibility does not necessarily guarantee physical feasibility.
For instance, when the value of Cs (high-speed cruise speed) is changed, it should be less than
its maximum operating speed. The physical constraints of the decision criteria in the business
aircraft evaluation problem are summarized in Table Any change which violates these
constraints is physically non-feasible.

In Table Mo represents maximum operating Mach number. According to BCA [94],
the Mo for the four business jets are 1016 km/h (0.83 Mach), 1126 km/h (0.92 Mach), 1040
km/h (0.85 Mach), and 1028 km/h (0.84 Mach), respectively. The constraint for Cj is calculated

by 42.5/8 = 5.3125, which is based on the maximum cabin volume per passenger for the medium
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Table 6.15: Physical Constraints of Decision Criteria for Business Aircraft

Decision criteria Constraints

Cy: Fuel consumption per seat kilometer (kg/pax/km) -

Cy: High-speed cruise speed (km/h) < Mo
C3: Take-off field length (m) [1300, 1900]
C4: Noise (EPNdB) [80, 90]
C5: Cabin volume per passenger (m?3/pax) < 5.3125
Cg: Product support level [1,10]
C7: Manufacturer’s reputation [1,99]

jets, as shown in Table[6.1] The constraint for the product support level is based on the overall
average scores obtained via the aviation international news 2010 product survey, as shown in
Figure [6.3] The constraint for manufacturer’s reputation is based on the aviation week’s 16th

annual top-performing companies study, as summarized in Table [6.4]

The absolute minimum changes in the criteria values which can alter the non-dominance
or dominance status of alternatives are summarized in Table and the relative minimum
changes are summarized in Table The relative minimum changes are the absolute minimum
changes scaled against the original criteria values of the alternatives. In the two tables, N/F
(Non-Feasible) represents that it is not mathematically feasible to alter the non-dominance
or dominance status of alternatives through the change of the current parameter, and PN/F

(Physically Non-Feasible) represents that the changed parameter violates its physical constraint.

The first four rows in Table show the minimum changes in the criteria values of A; so
that the non-dominance or dominance status of the four alternatives can be altered. It can be
seen that it is not feasible to change any criteria value of A; in order to alter the dominance

status of As.

Similarly, it can be observed from the second four rows in Table that it is not feasible to
change any criteria value of As so that the non-dominance or dominance status of Ay, Ao, and
Ay can be altered. The third four rows show that it is not feasible to change any criteria value
of As to alter the dominance status of As. The fourth four rows show that it is not feasible to

change any criteria value of A4 so that the dominance status of As can be modified.

The whole Table shows that the criterion value Co of A; is most sensitive to the dom-
inance status of Aj, while the criterion value Cj is most robust against the change of the

non-dominance or dominance status of the four alternatives.
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Table 6.16: Absolute Minimum Changes in Criteria Values to Alter the Non-dominance or Domi-

nance Status of Alternatives

Criteria values Alternative status
changed & Cy C3 Cy Cs Cs Cy changed
Ay N/F 0.01 N/F N/F N/F 0.13 N/F Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ao
Aq -0.11 PN/F N/F PN/F N/F PN/F N/F As
Ay -0.08 N/F PN/F N/F 1.13 N/F 13.5 Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ao
Ay N/F N/F PN/F PN/F NJ/F N/F  53.26 As
Ao N/F N/F N/F N/F PN/F N/F PN/F Ay
Aj N/F PN/F -122.19 PN/F N/F 2.19 N/F Ay
As N/F N/F N/F N/F N/F N/F N/F Ao
As 0.01 -175.08 PN/F PN/F -0.33 -1.63 -13.99 As
As -0.02 PN/F N/F N/F N/F 1.93 N/F Ay
Ay -0.02 PN/F N/F N/F N/F N/F N/F Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ao
Ay -0.01 PN/F -61.51 PN/F 0.42 1.85 19.61 Az
Ay 0.03 -192.24 106.68 PN/F -0.84 -1.62 -10.45 Ay

Summary of Local Sensitivity Analysis for Weighting Factors and Criteria Values

According to the results of local sensitivity analysis for the weighting factors and criteria values
shown in Table and Table we can summarize that in the business aircraft evaluation
problem, A; is most sensitive to the weighting factor of Cs, the weighting factor of C7, and
the criterion value C9, while the criterion value Cy is most robust against the change of the
non-dominance or dominance status of the four alternatives. The sensitivity of A; explains its
unstable status shown in Table [6.101

Attention should be paid that these minimum changes in the weighting factors and criteria
values, shown in Table and Table are obtained using local sensitivity analysis. In
other words, only one variable is varied at a time around its nominal value and the interactions
among the input variables may not be captured. The simultaneous variations of all variables
and the effects of the interactions among the input variables are investigated in global sensitivity

analysis in the next subsection.

Global Sensitivity Analysis using Partial Rank Correlation Coefficients

In contrast to local sensitivity analysis, global sensitivity analysis allows the variations of all

variables over the full range at the same time. In this subsection, global sensitivity analysis using
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6.4 Uncertainty Assessment

Table 6.17: Relative Minimum Changes in Criteria Values to Alter the Non-dominance or Domi-

nance Status of Alternatives

Criteria Alternative
values status
changed (o Cy Cs Cy Cs Cs Cr changed
Aq N/F 0.01% N/F N/F N/F 1.58% N/F Ay
Aq N/F N/F N/F N/F N/F N/F N/F Ay
A -42.86%  PN/F N/F PN/F N/F PN/F N/F As
Ay -29.88% N/F -30.81% N/F 27.70% N/F 24.55% Ay
A, N/F N/F N/F N/F N/F N/F N/F Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ay
Ay N/F N/F -41.10% PN/F N/F N/F 136.56% As
Ay N/F N/F N/F N/F PN/F N/F PN/F Ay
As N/F PN/F -6.60% PN/F N/F 28.22% N/F Ay
As N/F N/F N/F N/F N/F N/F N/F A,
As 2.78% -20.13% PN/F PN/F -10.39% -21.03% -17.06% As
As -8.20% PN/F N/F N/F N/F 24.83% N/F Ay
Ay -4.12% PN/F N/F N/F N/F N/F N/F Ay
Ay N/F N/F N/F N/F N/F N/F N/F Ay
Ay -2.86% PN/F -3.99% PN/F 11.98% 24.15%  25.15% As
Ay 10.06% -22.10% 6.91% PN/F -24.17% -21.15% -13.40% Ay

partial rank correlation coefficients for the business aircraft evaluation problem is presented,

following the proposed approach in Section

Step 1: Define Probability Distributions for Input Variables

In the business aircraft evaluation problem using ELECTRE I, input variables are seven decision
criteria and their weighting factors. The outputs are the outranking relationships for the four
alternatives. Since there is no sufficient data to construct the probability distribution functions
for the fourteen input variables, uniform distribution is chosen. For the seven decision criteria,
the physical constraints shown in Table serve as the minimum and maximum values, where
the range of C; and the minimum value of C5 are given by an expert. The weighting factors
range from 0.05 to 0.85 in order to take all seven criteria into consideration. The probability

distributions for the fourteen input variables are summarized in Table

Step 2: Perform Latin Hypercube Sampling

The efficient LHS enables to vary all variables at the same time with low computational cost in

global sensitivity analysis. In the business aircraft evaluation problem using ELECTRE I, 1000
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Table 6.18: Probability Distributions for Input Variables

Input variables Min Max  Distribution

o 0.2 0.4 Uniform
Cy 850 1016 Uniform
Cs 1300 1900 Uniform
Cy 80 90 Uniform
Cs 2 5.3125 Uniform
Cs 1 10 Uniform
Cy 1 99 Uniform

Wii=1,..,7 0.05 0.85 Uniform

LHS runs are carried out with the probability functions defined for the fourteen input variables
in Step 1. The minimum value of sample size for LHS is %k, where k is the number of input
parameters that are varied [I8]. In this example, k = 14, thus, 1000 runs of LHS is adequate for
the calculation of partial rank correlation coefficients.

For each combination of the sampled values for the decision criteria and weighting factors,

ELECTRE I is utilized to calculate the overall performances of the alternatives.

Step 3: Rank Transformation for both Input Variables and MCDA Output

In this step, the fourteen input variables and ELECTRE I output are transformed into ranks.
Since ELECTRE 1 output is the outranking relationship of alternatives instead of scoring, the
rank transformation is performed as described in Section[4.5] At first, the outrank set is assigned
scores as follows: the non-dominated alternatives are assigned score 1, while the dominated
alternatives are assigned score 0. Next, the outrank set with scores is transformed into ranks.

For example, in the business aircraft evaluation problem with equal weighting factors, As
and A4 are non-dominated alternatives, while A; and As are dominated alternatives. Thus, in
the first step, A3 and A4 are assigned score 1, while A; and A5 are assigned score 0. Next, the
assigned score vector [0 0 1 1] is transformed into ranks. Counting from smallest to largest, the
two 0 rank first and second, the average rank is (1 4+ 2)/2 = 1.5. The two 1 rank third and
fourth, their average rank is (3 +4)/2 = 3.5. Thus, the transformed ranks of the outrank set in
ELECTRE I are [1.5 1.5 3.5 3.5].

Step 4: Calculate Partial Rank Correlation Coefficients

With the rank-transformed data, partial rank correlation coefficients can be calculated. Tornado
plots of partial rank correlation coefficients for the four alternatives are presented in Figure[6.10

where p-values for partial rank correlation coefficients are next to the bars.
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Partial Rank Correlation Coefficient
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Figure 6.10: Tornado Plots of Partial Rank Correlation Coefficients for Four Alternatives using
ELECTRE I, with p-values

Step 5: Conduct Statistical Significance Test

A lower p-value provides stronger evidence to reject the null hypothesis Hy that there is no
partial correlation between the rank transformed input variables and ELECTRE I output, in

favor of the alternative hypothesis H; that there is nonzero partial correlation.

Step 6: Results Interpretation

Partial rank correlation coefficients should be interpreted together with statistical significance
test. In this example, p-values less than 0.05 indicate that partial rank correlation coefficients
are statistically significant.

It is observed from Figure that in the business aircraft evaluation problem using ELEC-
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TRE 1, for the two non-dominated alternatives As and Ay, input variable C; shows the strongest
statistically significant correlations with the overall performances of the four alternatives, while
for the two dominated alternatives A; and As, input variable Cs shows the strongest statistically
significant correlations with the overall performances of the four alternatives. Moreover, three
input variables: C5, Cg, and C7, have the top three statistically significant correlations with the
overall performances of the four alternatives.

The magnitude of partial rank correlation coefficients in global sensitivity analysis represents
the relative importance of the influence of input variables on model output. Therefore, it is
concluded that C7 is most important for the performance of the non-dominated alternatives, Cs
is most important for the performance of the dominated alternatives, and C5, Cg, and C7, are
most important in contributions to the overall performances of the four alternatives.

It is noted that there are two components in global sensitivity analysis for each input variable:
range and sensitivity coefficient of the output to this input variable [88]. An input variable is
identified as important in global sensitivity analysis if it has a wide range and large sensitivity
coefficient. In our case, the reason why C7 is detected as the most important input variable may
be contributed by its wide range (1-99).

It is interesting to note that the three most important variables: C5, Cg, and C7, based on
partial rank correlation coefficients in global sensitivity analysis, are the three additional soft
decision criteria in the business aircraft evaluation problem. This shows that when evaluating
the business aircraft, in addition to the technical hard criteria, it is also crucial to assess the
additional soft criteria. The aggregation of the technical hard criteria and the additional soft

criteria is the unique advantage of the MCDA methods.

Evaluation of Statistical Power of Partial Rank Correlation Coefficients

It is noted that when performing global sensitivity analysis for ELECTRE I, the magnitudes
of partial rank correlation coefficients are relative small. This may be attributed to the rank
transformation approach performed in Step 3, and too many tied ranks reduce the statistical
power of partial rank correlation coefficients. Thus, in order to assess the statistical power of
partial rank correlation coefficients in the decision analysis process, one popular scoring method,
TOPSIS, is also utilized to solve the business aircraft evaluation problem.

With the same input variables, the seven decision criteria shown in decision matrix D and
the weighting factors shown in W are repeated here for the convenience of calculation.

0.2396 870 1466 84.2333 4.0500 7.63 55
0.2720 952 1567 82.4333 2.3556 8.22 39
0.2264 870 1854 86.7333 3.1000 7.75 82
0.2624 870 1545 86.1000 3.4375 7.66 78

W =[0.1429 0.1429 0.1429 0.1429 0.1429 0.14290.1429 ]T

D=
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The ranking of the four alternatives using TOPSIS are [A4 A3z A; Az]. The results are
consistent with the evaluation results using ELECTRE I that As and A4 are non-dominated
alternatives, while A; and Ay are dominated alternatives.

Partial rank correlation coefficients for the four alternatives, when TOPSIS is utilized to
solve the business aircraft evaluation problem, are presented in Figure [6.11] where p-values for
partial rank correlation coefficients are next to the bars.

It is observed from Figure that the three input variables: C5, Cg, and C7, have the top
three statistically significant correlations with the overall performances of the four alternatives.
This observation is consistent with when ELECTRE 1 is utilized to solve the business aircraft
evaluation problem. Furthermore, the magnitudes of partial rank correlation coefficients between
the input variables and TOPSIS scores are bigger, which shows the statistical power of partial

rank correlation coeflicients in the decision analysis process.

6.5 Discussion

The effectiveness of implementing the most appropriate MCDA techniques in aircraft evaluation
process was demonstrated in this chapter. A three-step framework was followed: definition of
the decision making problem, selection of the most appropriate MCDA method, and uncertainty
assessment in the decision analysis process. For the scenario considered in this study, Az (Cessna
Citation X) should be excluded from the candidates of business jets, and A4 (Hawker H4000)

could be recommended for the business aviation customer to purchase.

In this section, the quantification of soft criteria is discussed first, followed by the advantages
and disadvantages of local sensitivity analysis and global sensitivity analysis. Furthermore, the
potential limitations in applicability of the proposed method is also further discussed and the

direction needed for improving the proposed approach in the future is suggested.

Soft Criteria Quantification

Soft criteria become decisive in aircraft evaluation process. The quantification of additional
soft criteria was presented in Subsection Passenger comfort level was quantified by cabin
volume per passenger. However, there are several other factors influencing passenger comfort,
for instance, available seats and tables, passenger cabin electronics, in-flight access to baggage,
and in-flight food service. However, currently there is no available reliable data to quantify these
factors. Thus, they are not included in the quantification of passenger comfort level. Further

research is needed to quantify those factors for passenger comfort level.
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Partial Rank Correlation Coefficient
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Figure 6.11: Tornado Plots of Partial Rank Correlation Coefficients for Four Alternatives using
TOPSIS, with p-values

Local Versus Global Sensitivity Analysis

As discussed in Section [4.4] and Section local sensitivity analysis varies one input variable
at a time. It provides the sensitivity of an individual variable on model output over a small
region around nominal values of input variables with efficient computation. However, when the
model is nonlinear, or when several input variables are varied at the same time, local sensitivity
analysis may not provide meaningful results. Global sensitivity analysis allows the variations of
all input variables over their full range simultaneously and can capture the effects of interactions

among input variables on model output, but with higher computational costs.

In the business aircraft evaluation problem, in order to obtain an initial understanding of

the sensitivity of one individual variable on the MCDA outputs, local sensitivity analysis based
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on iterative binary search algorithm was conducted first. The results of local sensitivity analysis
were summarized in Table [6.13| and Table [6.17] respectively.

In order to capture the effects of interactions among weighting factors and criteria values on
the MCDA outputs, global sensitivity analysis using partial rank correlation coefficients were
also performed. The results of global sensitivity analysis were presented in Figure [6.10

According to Table and Table relative minimum changes of weighting factors and
criteria values to alter the non-dominance or dominance status of the alternatives are ranked in
ascending order. The top eight sensitive input variables identified by local sensitivity analysis
are shown in the second column in Table [6.19

For the purpose of comparison, partial rank correlation coefficients are ranked in descend-
ing order, according to Figure [6.10, The top eight important input variables with statistical
significance identified by global sensitivity analysis are shown in the third column in Table

As shown in Table sensitivity rankings of input variables identified by local sensitivity
analysis and global sensitivity analysis are different. One reason is that in local sensitivity
analysis, input variables are varied one at a time and the interactions among input variables
may not be captured.

However, this does not mean that the results of local sensitivity analysis are erroneous,
because there are two distinct ways that the models are sensitive to input variables [53]: (1)
small changes in input variables result in significant changes in the model output, and (2) the
variation of input variables contributes substantially to the variation of model output. The
former input variables are called sensitive, and the latter input variables are called important.
An important variable is always sensitive because the variation of the variable will not appear
in the model output unless the model is sensitive to this variable. However, a sensitive variable

may not be important because the variable will have no influence on the variation of the model

Table 6.19: Comparison of Sensitivity Rankings for Input Variables Identified by Local and Global
Sensitivity Analysis

Sensitivity rankings Local Global

of input variables sensitivity analysis sensitivity analysis
1st Cy Cy

2nd Cs Cs

3rd (o Cs

4th Wi Cs

5th W, Cy

6th Cs Ch

7th Cs Wy

8th Cr W
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output if the value of the variable is known precisely [53].

The top four important input variables (C7, Cs, Cg, and C3) and the sixth important input
variable (C1), are recognized as sensitive by local sensitivity analysis, although the ranking
orders are different. The fifth, seventh, and eighth important input variables (C4, Wo, and W)
are not recognized as sensitive by local sensitivity analysis, which can be attributed to the reason
that they are insensitive by themselves, however, when interacted with other input variables,
their variations contribute substantially to the variation of the MCDA output.

For the same reason, the first, fourth, and fifth sensitive input variables (Ca, W35, and
W7), are not identified as important by global sensitivity analysis, because they are sensitive
by themselves, however, when interacting with other input variables, their variations do not
contribute greatly to the variation of the MCDA output.

In summary, we take the perspective that local sensitivity analysis and global sensitivity
analysis investigate model behaviors in different domains of input variables [13§], and global
sensitivity analysis should not precede local sensitivity analysis [50]. A complete understanding
of the sensitivity of input variables on model output can be provided by performing both types

of sensitivity analysis.

Potential Limitations and Further Improvement of the Proposed Approach

In this chapter, the most appropriate MCDA technique in aircraft evaluation process was im-
plemented, following a three-step framework: definition of a decision making problem, selection
of the most appropriate MCDA method for the given problem, and uncertainty assessment in
the decision analysis process. This three-step framework provides a general guideline on how to
structure and solve any given decision making problems.

In order to enable effective multi-criteria analysis and appropriately formulate the multi-
criteria decision problem in the decision making problem definition step, the identification of
alternatives and evaluation criteria can be facilitated with the help of problem structuring meth-
ods, such as value focused thinking and reasoning maps, as presented in Subsection [2.5.1] in
Chapter 2.

In the uncertainty assessment step, global sensitivity analysis was based on partial rank
correlation coeflicients, with the assumption that the relationships between input variables and
model output are monotonic. If non-monotonicities exist, variance decomposition analysis should

be used to perform global sensitivity analysis.
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Conclusions

The goal of this research is to investigate how MCDA techniques can be applied to provide better
decision aiding for stakeholders in air transportation systems, by investigating how existing
MCDA techniques could be improved to better solve complex decision problems, and how the
improved MCDA techniques could be implemented in aircraft design and evaluation processes.

An advanced approach to effectively select the most appropriate MCDA method for a given
decision making problem was presented, and a new approach for assessing the uncertainties
propagated in the decision analysis process was proposed, respectively. The first proof of concept
was the implementation of an improved MCDA method with uncertainty assessment in aircraft
conceptual design process. The second proof of concept was the application of an appropriate

MCDA technique with uncertainty assessment in business aircraft evaluation process.

7.1 Research Questions Answered

Question 1: How to select the most appropriate MCDA method for the decision making prob-

lem under consideration?

There are several MCDA techniques available to solve decision making problems, where
different methods have different underlying assumptions, analysis models, and decision rules
that are designed for solving a certain class of decision making problems. Thus, it is important
to select the most appropriate MCDA method for a given problem.

An advanced approach to effectively select the most appropriate MCDA method for a given
decision making problem was presented and an intelligent multi-criteria decision support system
was developed. The match between the MCDA methods and a given problem was quantified by
an Appropriateness Index, as proposed by Hypothesis 1. The MCDA method which has the
highest score would be recommended as the most appropriate method for the DM to solve the

given problem.

139



7. CONCLUSIONS

Question 2: How to capture and assess the uncertainties propagated in the decision analysis

process when solving decision making problems?

When using the MCDA techniques to solve decision making problems, weighting factors and
decision criteria are the main input data. Weighting factors are often highly subjective, consid-
ering that they are elicited based on the DM’s experience or intuition, while there are always
uncertainties existing in decision criteria due to incomplete information or limited knowledge.
The inherent uncertainties of the input data have crucial impacts on the final solution for a

decision making problem.

Hypothesis 2 proposed that statistical techniques are capable of effectively dealing with
uncertainties. A new approach for uncertainty assessment was proposed. This approach con-
sists of four steps: uncertainty characterization by percentage uncertainty with confidence level,
uncertainty analysis using error propagation techniques, local sensitivity analysis based on it-
erative binary search algorithm, and global sensitivity analysis using partial rank correlation
coefficients. This novel approach for uncertainty assessment can be used to aggregate input
data from tools with different fidelity levels and is capable of propagating uncertainties in an

assessment chain.

Question 3: How to effectively implement the improved MCDA techniques in aircraft design

and aircraft evaluation processes?

As supported by Hypothesis 3, a new optimization framework incorporating MCDA tech-
niques in aircraft conceptual design process was established. The intelligent multi-criteria de-
cision support system was used to select an appropriate MCDA method. It was demonstrated
that the chosen MCDA method with improvement (ITOPSIS) provided a better objective func-
tion for the optimization than the traditional weighted sum (SAW) method. Moreover, in order
to efficiently assess the uncertainties related to the subjective preference information in aircraft

design process, surrogate models for design criteria in terms of weighting factors were developed.

In the implementation of the MCDA techniques in business aircraft evaluation process, the
selection of the most appropriate MCDA method was conducted through the intelligent multi-
criteria decision support system. Moreover, three soft criteria were quantified: passenger comfort
level, product support level, and manufacturer’s reputation. The synergy of hard technical

criteria and additional soft criteria is the unique advantage of the MCDA techniques.
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7.2 Summary of Scientific Contributions

Four main scientific contributions of this research are summarized as follows.

1. An advanced approach to effectively select the most appropriate MCDA method for a
given decision making problem is presented. This method selection approach is imple-
mented and an intelligent multi-criteria decision support system is developed. Sixteen
widely used MCDA methods are stored in the knowledge base as candidate methods for
selection. Twelve criteria are proposed to evaluate the appropriateness of the method for
a given decision making problem. The MCDA method which has the highest score is rec-

ommended as the most suitable method to solve the given problem.

2. A new uncertainty assessment approach in the decision analysis process is proposed, con-
sisting of uncertainty characterization, uncertainty analysis, local sensitivity analysis, and
global sensitivity analysis. This novel approach for uncertainty assessment can be used to
aggregate input data from tools with different fidelity levels and is capable of propagating
uncertainties in an assessment chain. Specifically, the different fidelity levels can be effec-
tively captured by the confidence level in the uncertainty characterization step. Moreover,
the step by step approach to perform global sensitivity analysis using partial rank correla-
tion coefficients can be extended to investigate statistical relationships between variables

in complex analysis problems.

3. A three-step framework for solving decision making problems is implemented: definition
of a decision making problem, selection of the most appropriate MCDA method for the
given problem, and uncertainty assessment in the decision analysis process. This three-step
framework provides a general guideline on how to structure and solve any given decision

making problems.

4. Two proofs of concept are conducted to demonstrate the effectiveness of utilizing the
most appropriate MCDA techniques in aircraft design and evaluation processes. Surrogate
models for design criteria in terms of weighting factors are developed to efficiently assess
the uncertainties related to the subjective preference information in aircraft design process.
Furthermore, the quantification of soft criteria in aircraft evaluation process permits the

synergy of hard technical criteria and additional soft criteria for the MCDA techniques.
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7.3 Recommendations

This section discusses some recommendations for future work. Regarding the proposed approach
for uncertainty assessment, global sensitivity analysis was based on partial rank correlation co-
efficients, with the assumption that the relationships between input variables and model output
are monotonic. If non-monotonicities exist, variance decomposition analysis should be used to
perform global sensitivity analysis.

In the established optimization framework, incorporating MCDA techniques in aircraft con-
ceptual design process, gradient-based methods were used. The focus was on exploring the
feasibility and assessing the added values, not on the optimization itself. Genetic algorithms
or hybrid optimizers combining genetic algorithms and gradient-based methods could also be
investigated in the future.

Soft criteria become more decisive in the decision analysis process. In the business aircraft
evaluation process, three soft criteria were quantified: passenger comfort level, product support
level, and manufacturer’s reputation. Further research could be conducted on the quantification
of other soft criteria, such as aircraft safety and mission dispatch ability.

The MCDA techniques with uncertainty assessment were implemented in aircraft design
and evaluation processes. The application of the MCDA techniques with uncertainty assess-
ment could be extended into the assessment of air transportation systems, for balancing social,

economic, ecological, and technical constraints.

142



References

3]

(6]

[9]

[10]

[11]

European Aeronautics: a vision for 2020. Meeting society’s needs and winning global leadership (2001).
Luxembourg: Office for Official Publications of the European Communities (2001)

Ahlroth, S., Nilsson, M., Finnveden, G., Hjelm, O., Hochschorner, E.: Weighting and valuation in selected
environmental system analysis tools suggestions for further developments. Journal of Cleaner Production
19, 145-156 (2011)

Ahmadi, A., Gupta, S., Karim, R., Kumar, U.: Selection of maintenance strategy for aircraft systems
using multi-criteria decision making methodologies. International Journal of Reliability, Quality and Safety
Engineering 17, 223-243 (2010)

der Pas et al., J.V.: Exploratory mcda for handling deep uncertainties: The case of intelligent speed
adaptation implementation. Journal of Multi-Criteria Decision Analysis 1, 1-13 (2010)

Allaire, D., Willcox, K.: Surrogate modeling for uncertainty assessment with application to aviation envi-
ronmental system models. In: 12th ATAA/ISSMO Multidisciplinary Analysis and Optimization Conference
(2008)

Annebicque, D., Crevits, I., Poulain, T., Debernard, S.: Knowledge acquisition for the creation of assis-
tance tools to the management of air traffic control. In: Conference on Collaborative Decision Making:
Perspectives and Challenges (2008) [6]

Annebicque, D., Crevits, I., Poulain, T., Debernard, S.: Decision analysis of air traffic controller in order to

propose decision support systems. In: IEEE International Conference Computers & Industrial Engineering

(2009) [6]

Annebicque, D., Crevits, 1., Poulain, T., Debernard, S., Millot, P.: Decision support systems for air traffic
controllers based on the analysis of their decision-making processes. International Journal of Advanced
Operations Management 4, 85-104 (2012) [f]

Anselmo, J., Velocci, A.: Aviation Week’s 16th Annual Top-Performing Companies Study (2011) 1109]

[LI0} [L1T]

Antoine, N., Kroo, I., Willcox, K., Barter, G.: A framework for aircraft conceptual design and environmental
performance studies. In: 10th ATAA/ISSMO Multidisciplinary Analysis and Optimization Conference,
Albany, New York (30 August - 1 September 2004)

Ascough, J., Maier, H., Ravalico, J., Strudley, M.: Future research challenges for incorporation of uncer-

tainty in environmental and ecological decision-making. Ecological Modelling 219(34), 383 — 399 (2008)
B

143



REFERENCES

[12]

[13]

[15]

[16]

[17]

18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Bandte, O.: A probabilistic multi-criteria decision making technique for conceptual and preliminary

aerospace system design. Ph.D. thesis, School of Aerospace Engineering, Georgia Institute of Technol-
ogy (2000)

Beauchamp, E., Curran, R.: From initial risk assessments to system risk evaluation and management for
emerging technology: Model development. José-Rodrigo Cérdoba School of Management, Royal Holloway
University of London p. 12 (2010) [f]

Belton, V., Stewart, T.J.: Multiple Criteria Decision Analysis - An Integrated Approach. Kluwer Academic

Publishers (2002) [6]

Benayoun, R., Roy, B., Sussman, N.: Manual de reference du programme electre. Psychoemtrika 38,
337-369 (1973)

Berger, C., Blauth, R., Boger, D., Bolster, C., Burchill, G., DuMouchel, W., Pouliot, F., Richter, R.,
Rubinoff, A., Shen, D., Timko, M., Walden, D.: Kanos methods for understanding customer-defined quality.
Center for Quality Management Journal pp. 3-35 (1993)

Bevington, P.R.: Data Reduction and Error Analysis for the Physical Sciences. McGraw-Hill company

(1969)

Blower, S., Dowlatabadi, H.: Uncertainty analysis of complex models of diseases transmission. International

Statistical Review 62, 229-243 (1994)

Boehnke, D., Nagel, B., Gollnick, V.: An approach to multi-fidelity in distributed design environments. In:
IEEE Aerospace Conference, Big Sky, USA (2011)

Bombardier: Bombardier Business Aircraft Market Forest 2011-2030 (2011)

Borer, N., Mavris, D.: Multiple criteria decision making for large scale systems design. In: AIAA 5th
Aviation, Technology, Integration, and Operations Conference (ATIO), pp. 1-15 (2005)

Bouyssou, D.: Some remarks on the notion of compensation in mcdm. European Journal of Operational
Research 26, 150-160 (1985) [9]

Branke, J., Deb, K., Miettinen, K., Slowinski, R.: Multiobjective Optimization: Interactive and Evolution-
ary Approaches. Springer-Verlag, Berlin, Germany (2008)

Brans, J., Vincke, P.: A preference ranking organization method: The promethee method for mecdm.
Management Science 31, 647-656 (1985)

Brans, J.; Vincke, P., Mareschal, B.: How to select and how to rank projects: The promethee method.
European Journal of Operational Research 24, 228-238 (1986)

Calpine, H.C., Golding, A.: Some properties of pareto-optimal choices in decision problems. Omega 4,

141-147 (1976)

Chang, Y.H., Yeh, C.H.: Evaluating airline competitiveness using multiattribute decision making. Omega
29(5), 405-415 (2001)

Chang, Y.H., Yeh, C.H.: A new airline safety index. Transportation Research Part B: Methodological
38(4), 369-383 (2004)

Chen, G., Han, Y., Nuesser, H.G., Wilken, D.: A method of evaluating civil aircraft market adequacy. In:
DGLR-Workshop Aircraft Evaluation (1998)

144



REFERENCES

[30]

[31]

[32]

[33]

[34]

[35]
[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

Chen, W.: On the problem and elimination of rank reversal in the application of topsis method. Operations
Research and Management Science 14, 50-55 (2005)

Choo, E., Schoner, B., Wedley, W.: Interpretation of criteria weights in multi-criteria decision making.
Computers and Industrial Engineering Journal 37, 527-541 (1999) [9]

Cokorilo, O., Gvozdenovi, S., Mirosavljevi, P., Vasov, L.: Multi attribute decision making: Assessing the
technological and operational parameters of an aircraft. Transport 25(4), 352-356 (2010)

Collette, Y., Siarry, P.: Multiobjective Optimization: Principles and Case Studies. Springer (2003)

Corner, J., Buchanan, J., Henig, M.: Dynamic decision problem structuring. Journal of Multi-Criteria
Decision Analysis 10, 126-141 (2001)

Davis, J., Hands, W., Maki, U.: Handbook of Economic Methodology. Edward Elar (1997)
Deb, K.: Multi-Objective Optimization using Evolutionary Algorithms. Wiley (2001)

Deb, K., Sinha, A., Korhonen, P., J.Wallenius: An interactive evolutionary multi-objective optimization
method based on progressively approximated value functions. IEEE Transactions on Evolutionary Compu-
tation 14, 723-739 (2010)

Dehling, H.: Daniel bernoulli and the st. petersburg paradox. Vierde serie Deel 15, 223-227 (1997)

Dirks, G.A., Meller, F.: Multidiciplinary design optimization - enhanced methodology for aircraft and
technology evaluation. In: 8th ATAA/USAF/ISSMO Symposium on Multidiciplinary Analysis and Opti-
mization, Long Beach, CA (2000)

Durbach, I.: A simulation-based test of stochastic multicriteria acceptability analysis using achievement
functions. European Journal of Operational Research 170, 1229-1237 (2006)

Durbach, I., Stewart, T.: Using expected values to simplify decision making under uncertainty. Omega 37,
312-330 (2009)

Durbach, I.N., Stewart, T.J.: Modeling uncertainty in multi-criteria decision analysis. European Journal of
Operational Research 223 (1), 1-14 (2012)

Edwards, W.: How to use multiattribute utility measurement for social decision making. IEEE Transactions
on Systems Man and Cybernetics 7, 326-340 (1977)

Ehrgott, M., Figueira, J., Greco, S.: Trends in Multiple Criteria Decision Analysis. Springer (2010) @,

B4 B3 60

Fan, Z.P., Liu, Y., Feng, B.: A method for stochastic multiple criteria decision making based on pairwise
comparisons of alternatives with random evaluations. European Journal of Operational Research 207,
906-915 (2010)

Fieberg, J., Jenkins, K.: Assessing uncertainty in ecological systems using global sensitivity analyses: a
case example of simulated wolf reintroduction effects on elk. Ecological Modelling 187, 259-280 (2005)

Forrester, A., Sobester, A., Keane, A.: Engineering Design via Surrogate Modelling. Wiley (2008)

Gemuenden, H.G., Hauschildt, J.: Number of alternatives and efficiency in different types of top-
management decisions. European Journal of Operational Research 22, 178-190 (1985) (111

Germain, M.S.: Test for significance (2007)

145



REFERENCES

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[62]

[63]

[64]

[65]

[66]

Ginot, V., Gaba, S., Beaudouin, R., Aries, F., Monod, H.: Combined use of local and anova-based global
sensitivity analyses for the investigation of a stochastic dynamic model: Application to the case study of
an individual-based model of a fish population. Ecological Modelling 193, 479-491 (2006)

Gollnick, V., Stumpf, E., Szodruch, J.: Virtual integration platforms (vip) a concept for integrated and
interdisciplinary air transportation concepts research and assessment. In: 11th Aviation Technology Inte-
gration and Operations (ATIO) Conference, Virginia Beach (2011)

Gomes, L., Mattos Fernandes, J., Mello, J.: A fuzzy stochastic approach to the multicriteria selection of an

aircraft for regional chartering. Journal of Advanced Transportation (2012)

Hamby, D.M.: A review of techniques for parameter sensitivity analysis of environmental models. Environ-
mental Monitoring and Asssessment 32, 135-154 (1994)

Heinze, W.: Entwerfen von Verkehrsflugzeugen I. Technical University of Braunschweig (2005)

Helton, J.: Conceptual and computational basis for the quantification of margins and uncertainty. Tech.
rep., SANDIA National Laboratories (2009)

Howell, D.C.: Statistical Methods for Psychology. Wadsworth, Cengage Learning (2010)

Hwang, C.L., Masud, A.S.: Multiple Objective Decision Making Methods and Applications. Springer (1979)
an

Hwang, C.L., Yoon, K.: Multiple Attribute Decision Making Methods and Applications: A State of the Art
Survey. Springer (1981) 5} &3 B 10, [0 [ [0} (7 15 22 23 23, 5 53 S

Hyde, K., Maier, H.: Distance-based and stochastic uncertainty analysis for multi-criteria decision analysis
in excel using visual basic for applications. Environmental Modeling & Software 21, 1695-1710 (2006)

Hyde, K., Maier, H., Colby, C.: Incorporating uncertainty in the promethee mcda method. Journal Of
Multi-Criteria Decision Analysis 12, 245-259 (2003)

Janic, M., Reggiani, A.: An application of the mutiple criteria decision making (mcdm) analysis to the

selection of a new hub airport. European Journal of Transport and Infrastructure Research 2, 113-141

(2002)
Jenkinson, L., Simpkin, P., Rhodes, D.: Civil Jet Aircraft Design. Butterworth Heinemann (1999)

Kano, N., Seraku, N., Takahashi, F., Tsuji, S.: Attractive quality and must-be quality. Journal of the
Japanese Society for Quality Control April, 39-48 (1984)

Keeney, R.L.: Value-Focused Thinking: A Path to Creative Decision Making. Harvard University Press,
Cambridge, Massachusetts (1992)

Keeney, R.L., Raiffa, H.: Decision with Multiple Objectives: Preferences and Value Tradeoffs. Cambridge
University Press (1993)

Kirby, M.R.: A methodology for technology identification, evaluation, and selection in conceptual and
preliminary aircraft desgin. Ph.D. thesis, Aerospace Systems Design Laboratory, School of Aerospace
Engineering, Georgia Institute of Technology (2001)

Kroo, I.: Aircraft Design: Synthesis and Analysis. Stanford University (2006)

Kuo, M.S., Liang, G.S.: Combining vikor with gra techniques to evaluate service quality of airports under
fuzzy environment. Expert Systems with Applications 38(3), 1304-1312 (2011)

146



REFERENCES

[69]

[70]

[71]

[72]

73]

[74]

[75]

[76]

[77]

[79]

[80]

[81]

[82]
[83]

[84]

[85]

[86]

Kvam, P.H., Vidakovic, B.: Nonparametric Statistics with Applications to Science and Engineering. Wiley
(2007)

Lee, K.: A weighting method for the korean eco-indicator. The International Journal of Life Cycle Assess-
ment 4, 161-165 (1999)

Lehner, S., Crossley, W.: Combinational optimization to include greener technologies in a short-to-medium
range commercial aircraft. In: The 26th Congress of International Council of Aeronautical Sciences (ICAS),
Anchorage, Alaska (14-19 September 2008)

Li, Y.: An intelligent knowledge-based multiple criteria decision making advisor for systems design. Ph.D.

thesis, Aerospace Systems Design Laboratory, School of Aerospace Engineering, Georgia Institute of Tech-

nology (2007)

Li, Y., Mavris, D., DeLaurentis, D.: The investigation of a decision making technique using the loss function.
In: ATAA 4th Aviation Technology, Integration and Operation (ATIO) Forum (2004)

Lindeijer, E.: Normalisation and valuation. In: Part VI of the SETAC Working Group Report on LCA
Impact Assessment. IVAM Environmental Research, University of Amsterdam, The Netherlands (1996)

Lovison, A., Rigoni, E.: Adapative sampling with a lipschitz criterion for a accurate metamodeling. Com-
munications in Applied and Industrial Mathematics 1, 110-126 (2010)

Lowry, R.: Concepts and Applications of Inferential Statistics. Vassar College (1998)

Lu, J., Quaddus, M., K.L.Poh, Williams, R.: The design of a knowledge-based guidance system for an intel-
ligent multiple objective decision support system (imodss). In: 10th Australasian Conference on Information
Systems (1999)

MacCrimmon, K.: An overview of Multi-Objective Decision Making. The University of South Carolina

Press (1973)

Marino, S., Hogue, 1., Ray, C., Kischner, D.: A methodology for performing global uncertainty and sensi-
tivity analysis in system biology. Journal of Theoretical Biology 254, 178-196 (2008)

Mavris, D., Pinon, O.: An overview of design challenges and methods in aerospace engineering. In: O. Ham-
mami, D. Krob, J.L. Voirin (eds.) Complex Systems Design and Management, pp. 1-25. Springer Berlin
Heidelberg (2012)

Mckay, M.D., Beckman, R.J., Conover, W.: Comparison of 3 methods for selecting values of input variables
in the analysis of output from a computer code. Technometrics 21, 239-245 (1979)

Mehlhorn, K., Sanders, P.: Algorithms and data structures- the basic toolbox. Springer (2008)
MEIL: Spearman rank correlation coefficient. www.mei.org.uk/files/pdf/Spearmanrcc.pdf| (2007)

Meller, F.: Key buying factors and added value- a new approach to aircraft evaluation. In: DGLR Workshop-
Aircraft Evaluation (1998)

Miettinen, K.: Nonlinear multiobjective optimization. Kluwer Academic Publishers (1999)

Miettinen, P., Hmlinen, R.: How to benefit from decision analysis in environmental life cycle assessment
(Ica). European Journal of Operational Research 102, 279-294 (1997)

147


www.mei.org.uk/files/pdf/Spearmanrcc.pdf

REFERENCES

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

Milani, A.S., Shanian, A., Lahham, C.: Using different electre methods in strategic planning in the presence
of human behavioral resistance. Journal of Applied Mathematics and Decision Sciences 2006, 1-19 (2006)

O 22

Mishra, S., Deeds, N., Ruskauff, G.: Global sensitivity analysis techniques for probabilistic ground water
modeling. Ground Water 47, 727-744 (2009)

Montgomery, D.C., Runger, G.C.: Applied Statistics and Probability for Engineers. John Wiley and Sons,

Inc. (2006)

Montibeller, G., Belton, V.: Qualitative operators for reasoning maps. European Journal of Operational
Research 195, 829840 (2009)

Myers, R.H., Montgomery, D.C.: Response Surface Methodology: Process and Product Optimization Using
Designed Experiments. Wiley (2005)

de Neufville, R.e.a.: Uncertainty management for engineering systems planning and design. Tech. rep., MIT
International Engineering Systems Symposium, Monograph, MIT, Cambridge, MA. (2004)

von Neumann, J., Morgenstern, O.: Theory of Games and Economic Behavior. Princeton University Press

(1944) [9]

N.N.: Business and Commercial Aviation Purchase Planning Handbook (2011). URL http://bca.
aviationweek.com/forms/BCAhandbook E 1112}

Ostrower, J.: Boeing 787 Profit Plan Strained by Order Cut (August 23, 2012). URL http://online.wsj.
com/article/SB10000872396390444082904577607763462282088 . html|[2]

Papakostas, N., Papachatzakis, P., Xanthakis, V., Mourtzis, D., Chryssolouris, G.: An approach to opera-
tional aircraft maintenance planning. Decision Support Systems 48(4), 604 — 612 (2010)

Pareto, V.: Cours deconomie polotique. F. Rouge, Lausanne (1896) El

Park, Y., Choi, J.K., Zhang, A.: Evaluating competitiveness of air cargo express services. Transportation
Research Part E: Logistics and Transportation Review 45(2), 321-334 (2009) [6]

Phadke, M.S.: Quality Engineering using Robust Design. Prentice Hall (1989)

Poh, K.L.: A knowledge-based guidance system for multi-attribute decision making. Artificial Intelligence
in Engineering 12, 315-326 (1998)

Raymer, D.: Enhancing aircraft conceptual design using multidisciplinary optimization. Ph.D. thesis, Royal
Institute of Technology (2002)

Roman, F., Rolander, N., Fernndez, M.G., Bras, B., Allen, J., Mistree, F., Chastang, P., Dpinc, P., Bennis,
F.: Selection without reflection is a risky business... In: 10th ATAA/SSMO Multidisciplinary Analysis and
Optimization Conference, 30 August-1 September 2004, Albany, New York (2004)

Rosenhead, J., Mingers, J. (eds.): Rational Analysis for a Problematic World Revisited. John Wiley & Sons
(2001)

Roy, B.: Classement et choix en presence de points de vue multiples: La methode electre. R.I.R.O 8, 57-75

(1968) [9]

Roy, B.: Decision-aid and decision-making. European Journal of Operational Research 45, 324-331 (1990)
I

148


http://bca.aviationweek.com/forms/BCAhandbook
http://bca.aviationweek.com/forms/BCAhandbook
http://online.wsj.com/article/SB10000872396390444082904577607763462282088.html
http://online.wsj.com/article/SB10000872396390444082904577607763462282088.html

REFERENCES

[106]

[107]
[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

Roy, B.: The outranking approach and the foundations o f electre methods. Theory and Decision 31, 49-73

(1991) i, P [ 211 22} 23

Rubin, A.: Statistics for Evidence-Based Practice and Evaluation. Thomson (2007)

Saaty, T.L.: The Analytic Hierarchy Process. University of Pittsburg (1988)

Sacks, J., Welch, W., Mitchell, T., Wynn, H.: Design and analysis of computer experiments. Statistical
Science 4, 409-435 (1989) [103

Saltelli, A., Tarantola, S., Chan, K.: A quantitative model-independent method for global sensitivity anal-
ysis of model output. Technometrics 41, 39-56 (1999)

Sen, P., Yang, J.B.: Multiple Criteria Decision Support in Engineering Design. Springer (1998)

Seppéla, J., Hamaéldinen, R.: On the meaning of the distance-to-target weighting method and normalisation

in life cycle impact assessment. The International Journal of Life Cycle Assessment 6(4), 211-218 (2001)

(5} 9

Sheskin, D.: Handbook of Parametric and Nonparametric Statistical Procedures. Chapman and Hall/CRC

(2004)

Simpson, T., Mauery, T., Korte, J., Mistree, F.: Comparison of response surface and kriging models for
multidiciplinary design optimization. In: 7th ATAA /USAF/NASA /ISSMO Symposium on Multidisciplinary
Analysis and Optimization (1998) (103

Simpson, T.W., Martins, J.R.R.A.: Multidisciplinary design optimization for complex engineered systems:
Report from a national science foundation workshop. Journal of Mechanical Design 133(10), 1-10 (2011)

Strohmayer, A., Schmitt, D.: Scenario based aircraft design evaluation. In: International Council of the
Aeronautical Sciences (ICAS) (2000)

Stumpf, E., Langhans, S., Weiss, M., Sun, X., Gollnick, V.: A methodology for holistic air transport system
analysis. In: 11th Aviation Technology Integration and Operations (ATIO) Conference, Virginia beach

(2011)

Sun, X., Li, Y.: An intelligent multi-criteria decision support system for systems design. In: 13th Multi-
disciplinary Analysis and Optimization (MAO) and 10th Aviation Technology Integration and Operations
(ATIO) Conference, Texas, USA (13-15 September 2010)

Taguchi, G.: On Robust Technology Development: Bringing Quality Engineering Upstream. ASME Press
(1993)

Taguchi, G., Chowdhury, S., Wu, Y.: Taguchi’s Quality Engineering Handbook. Wiley (2005)

Tecle, A.: Selecting a multicriterion decision making technique for watershed resources management. Water
Resources Bulletin 28, 129-140 (1992)

Tervonen, T., Figueira, J.: A survey on stochastic multicriteria acceptability analysis methods. Journal of
Multi-Criteria Decision Analysis 15, 1-14 (2008)

Thiele, L., Miettinen, K., Korhonen, P., Molina, J.: A preference-based evolutionary algorithm for multi-
objective optimization. Evolutionary Computation 17(3), 411-436 (2009)

149



REFERENCES

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]

[139]

[140]

Thurber, M.: Aviation International News 2010 Product Support Survey (2010) 1108] (109}

Toh, M.: Air India  wants  Boeing 787  delay compensation  before  deliv-
ery (30 May, 2012). URL http://www.flightglobal.com/news/articles/
air-india-wants-boeing-787-delay-compensation-before-delivery-372441/

Triantaphyllou, E.: Multi-Criteria Decision Making Methods: A comparative Study. Kluwer Academic

Publishers (2000)

Walker, W.E., Harremoes, P., Rotmans, J., der Sluijs, J.P.V., Asselt, M.V., Janssen, P., Krauss, M.V.:
Defining uncertainty: a conceptual basis for uncertainty management in model-based decision support.
Integrated Assessment 4, 5-17 (2003)

Wang, Y.J.: Applying fmcdm to evaluate financial performance of domestic airlines in taiwan. Expert
Systems with Applications 34, 1837-1845 (2008)

de Weck, O., Eckert, C.: A classification of uncertainty for early product and system design. Tech. rep.,
Massachusetts Institute of Technology, Engineering Systems Division (2007)

Wierzbicki, A.: On the completeness and constructiveness of parametric characterizations to vector opti-
mization problems. Operations-Research-Spektrum 8, 73-87 (1986)

Wirth, N.: Algorithms and data structures. Federal Institute of Technology (2004)

Wu, C., Zhang, X., Yeh, 1., Chen, F., Bender, J., Wang, T.: Evaluating competitiveness using fuzzy analytic

hierarchy process - a case study of chinese airlines. Journal of Advanced Transportation (2011)

Yang, Y.H., Hui, Y.V., Leung, L.C., Chen, G.: An analytic network process approach to the selection of
logistics service providers for air cargo. Journal of the Operational Research Society 61, 1365-1376 (2010)
(6]

Yoo, K.E., Choi, Y.C.: Analytic hierarchy process approach for identifying relative importance of factors to
improve passenger security checks at airports. Journal of Air Transport Management 12, 135-142 (2006)

Yoon, K.: The propagation of errors in multiple-attribute decision analysis: A practical approach. Journal
of Operational Research Society 40, 681-686 (1989)

Zanakis, S., Solomon, A., Wishart, N., Dublish, S.: Multi-attribute decision making: A simulation compar-
ison of select methods. European Journal of Operational Research 107, 507-529 (1998)

Zeleny, M.: Multiple Criteria Decision Making. McGraw-Hill Book Company (1982)

Zhang, Y., Rundell, A.: Comparative study of parameter sensitivity analyses of the tcr-activated erk-mapk
signalling pathway. IEE Proceedings of System Biology 153, 201-211 (2006)

Zopounidis, C., Pardalos, P.: Handbook of Multi-Criteria Analysis. Springer (2010) @

Zultner, R., Mazur, G.: The kano model: Recent developments. In: Transactions from The Eighteenth
Symposium on Quality Function Deployment (2006)

150


http://www.flightglobal.com/news/articles/air-india-wants-boeing-787-delay-compensation-before-delivery-372441/
http://www.flightglobal.com/news/articles/air-india-wants-boeing-787-delay-compensation-before-delivery-372441/

Appendix A

User (Guide of an Intelligent
Multi-Criteria Decision Support
System

An intelligent multi-criteria decision support system is developed in MATLAB Graphical User
Interface (GUI). The main interface is illustrated in Figure The decision support system
has the capabilities to select the most appropriate method, use a specific method to solve a given
problem, and perform uncertainty assessment in the decision analysis process. The user guide

for each desired task is described in detail as follows.

Multiple Criteria Decision Analysis Techniques

Desired Task Select.. .. M
Select the Most Appropriate Method
Use Specific Method to Solve Given Problem
Uncertainty Assessment

Figure A.1l: Main Interface of an Intelligent Multi-Criteria Decision Support System

A.1 Select the Most Appropriate Method

When a DM wants to select the most appropriate method, DM-related requirements and problem-
related requirements need to be defined in the first step. The interface of DM-related charac-

teristics is illustrated in Figure and is summarized in Figure If the summary is not
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A. USER GUIDE OF AN INTELLIGENT MULTI-CRITERIA DECISION
SUPPORT SYSTEM

Decision Maker Related Characterisitics

1. How much knowledge do you have about the MCDA techniques?

‘ () Experienced @ Known (©) Unknown

2. How much time do you have fo solve the prablem?

‘ ) Urgent @ Plenty

3. To what extent do you know, understand, and accept the limitation of the techniques?

@ Accept ©) Aware ) Unfamiliar ‘

4. What's your preferred decision solution?

@ Classification ) Ranking ‘

Figure A.2: Interface of Decision Maker Related Characteristics

Decision Maker Related Characteristics

1. You know the method.
2. You have enough time to make the decision.
3. You accept the limitation of the method.

4_Ranking is your preferred decision solution.

Confirm and Proceed

Figure A.3: Summary of Decision Maker Related Characteristics

Back to User Definition

satisfying, then the DM can simply click Back to User Definition and redefine the requirements;
otherwise, the DM can click Confirm and Proceed to move on to the next step.

When the DM is experienced about the MCDA techniques, the interface of all sixteen widely
used MCDA methods is presented. This interface is discussed in Section A.2.

The interface of problem-related characteristics is most important, where the appropriateness
score for each MCDA method is obtained. It is illustrated in Figure [A4] and is summarized in
Figure [A75] If the summary is not satisfying, the DM can simply click Back to User Definition
and redefine the requirements; otherwise, the DM can click Confirm and Proceed. The ranking

of the MCDA methods with appropriateness scores is shown in Figure
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A.1 Select the Most Appropriate Method

Problem Related Characteristics

1. What is your problem? (Filter Question) 7. Does the problem involve subjective attributes? j:l:l 4
(@) Selection () Optimization e s
2. Ave frade-offs among criteria acceptable? (Filter Question) 8. Are aftribute data qualitative or quantitative? j:‘ll 8
OYes @ No ‘ ) Qualitative @ Quartitative () Qualitative & Quantitative ‘
3. What input data are available? (Filter Question) 9. Are atfribute data discrete or continuous? “ r 4
Decision Matrix - @) Discrete ) Continuous () Discrete & Continuous ‘
4. How preference information is represented? :H 10 10.Single or hierarchical structure atributes? j:ll 5
No Preference = ‘ @ Single () Hierarchy ‘
5. Which decision rule is appreciated? j:u 10 11. Does uncertainty exist in the problem? j:l;l 10
Elimination - ‘ @) Yes @ No ‘
6. Does your problem need feasibility check? j:D 6
12. Is visualized solution required? ‘ » 4
‘ © Yes © No @ Yes ©)No

Figure A.4: Interface of Problem Related Characteristics

The DM can simply click the name of the most appropriate method, and methodology in-
structions will be shown to guide the DM to get the final solution. In addition, the mathematical
calculation steps are also built in the decision support system. Thus, for evaluation decision
making problems, the DM can input the data according to the instruction, and get the final
results by clicking one corresponding button. For instance, methodology instructions of the
Dominance method are illustrated in Figure

Attention should be paid that inconsistent input for the three filter questions will be rectified
by the intelligent multi-criteria decision support system automatically. For instance, since com-
pensation is always allowed in the optimization process, if the DM selects the MCDA methods for
optimization, all non-compensatory MCDA methods which cannot offer scores will be excluded.
Even if the DM selects optimization for the first filter question and non-compensatory for the
second filter question, the system will rectify the conflicting input by offering compensatory

MCDA methods for solving optimization problem.
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A. USER GUIDE OF AN INTELLIGENT MULTI-CRITERIA DECISION
SUPPORT SYSTEM

Problem Related Characteristics

1_You are doing: Selection.

2 The problem requires noncompensatory methods.

3. A Decision Matrix needs to be constructed.

4 Mo preference is provided.

5. The decision rule is: Elimination.

6. No feasibility analysis need to be performed.

7. The problem involves subjective aftributes.

8. The attribute data is quantitative.

9. The attribute data is discrete.

10. The problem has single level of attributes.

11. No probabilistic analysis need to be performed.

12. The problem requires visualized solution.

Back to Problem Definition Confirm and Proceed

Figure A.5: Summary of Problem Related Characteristics

Appropriate MCDA Methods

Score Methods

T71% Dominance -
655% Maximix

65% Maximax

65% Disjunctive

61% ELECTRE_II

61% ELECTRE_I

55% Elimination_By_Aspects

55% Conjunctive

48% Lexicographic

Figure A.6: Ranking of MCDA Methods with Appropriateness Scores

154



A.1 Select the Most Appropriate Method

Dominance Algorithm

Please input the decision matrix:
Instructions

Regarding the format please refer to this example: -
Step 1
Create decision matrix, with the columns being different [123;345,567]
attributes and the rows being different alternatives.
Step 2
The sequence of comparison is specified by a vector, each
entry being the attribute needed to be compared. Column 1
will be compared first. -~
Step 3
If the result of a comparison has more than one alternative,
the comparison will continue to the next attribute specified
by the comparison sequence vector, until only one
alternative dominates.
Step 4 i i
When the comparison is over and there are still more than Please input the sequence of comparison:

one alternatives, If the comparison sequence has not

covered all attributes please specify more in the sequence
vector. Otherwise it means there are two identical Regarding the format please refer to this example: -
alternatives.
[123]

Calculate

Figure A.7: Methodology Instructions for Dominance Method
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A. USER GUIDE OF AN INTELLIGENT MULTI-CRITERIA DECISION
SUPPORT SYSTEM

A.2 Use Specific Method to Solve a Given Problem

When the DM wants to use specific method to solve a given problem, all sixteen widely used
MCDA methods are listed in Figure The DM can simply click the name of the most
appropriate MCDA method, and methodology instructions will be shown to guide the DM to
get the final solution by using the selected method.

MCDA techniques appropriate to solve your problem

Non-compensatory methods Compensatory methods
Please select a method. M Please select a method. M|
Please select a method.

Conjunctive Analytic Hierarchy Process
Disjunctive Expected Utility Theory

Dominance Mutti-Attribute Utility Theory
ELECTREI Muttiplicative Weighting Method
ELECTREI PROMETHEE Il

Elimination By Aspects Simple Additive Weighting
Lexicographic TOPSIS

Maximin

Maximax

Figure A.8: List of Sixteen MCDA Methods

A.3 Uncertainty Assessment

When the DM wants to perform uncertainty assessment, the interface of the uncertainty assess-
ment module is illustrated in Figure In the uncertainty assessment module, the DM can
simply go through the uncertainty assessment process according to the instructions. In addi-
tion, the detailed mathematical calculation steps for four MCDA techniques: SAW, multiplica-
tive weighting method, TOPSIS, and ELECTRE I, are also built in the uncertainty assessment

module, which highly facilitates the uncertainty assessment in the decision analysis process.
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A.3 Uncertainty Assessment

Uncertainty Assessment Module

Step 1

Number of Alternatives: 2 (less than 20)
Number of Criteria: 2 (less than 20)
l Decision matrix ] Please input related information.

Step2 [ Select uncertainty location

@ Weights © Criteria ) Both weights and criteria

I Weights uncertainty | Please input related information.

I Criteria uncertainty lPIease input related information.

Step 3 :
MCDA Method: Simple Additive Weigthing Method M
Step 4 . .
Uncertainty analysis Simulation runs: 1000

Step 5

Local sensitivity analysis
Step 6

Global sensitivity analysis

Figure A.9: Interface of Uncertainty Assessment Module
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Appendix B

Additional Figures

B.1 Parametric Studies of Design Criteria

Parametric studies for wing thickness-to-chord ratio, aspect ratio, reference area, and fuselage

diameter in the aircraft conceptual design tool (VAMPzero) are presented in Figure Fig-
ure Figure [B.3] and Figure respectively.
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B.1 Parametric Studies of Design Criteria
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B. ADDITIONAL FIGURES

B.2 Interactive Weighting Plots for Business Aircraft Evalua-

tion

The main idea of the interactive sensitivity analysis for weighting factors is to vary the weight of
one criterion from 0 to 100%, while keeping the weighting factors of other criteria the same pro-
portion as in the original setting. In the business aircraft evaluation problem using ELECTRE I,
the interactive weighting plots for Cs to C7 are presented in Figure Figure [B.6}, Figure [B.7]
Figure Figure and Figure respectively, where Non. represents non-dominated

alternative, and Dom. represents dominated alternative.
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Figure B.6: Interactive Weighting Plot for Criterion 3
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Figure B.9: Interactive Weighting Plot for Criterion 6
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Appendix C

Data Sources

C.1 Data Points for Surrogate Model Development in terms of
Weighting Factors

One hundred sets of weighting factors are generated by the modified Latin Hypercube Sampling

(LHS) with Dirichlet distribution. Histograms of the one hundred sets of weighting factors are

depicted in Figure The values of four design criteria (OEM, fuel mass, utilization/(block
time), and passenger density) are listed in Table
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C. DATA SOURCES

w1
Moments
Mean 0.263379
Std Dev 0.2834573
Std Err Mean 0.0283457
Upper 95% Mean 0.3196231
0 010.203040506070809 1 ,':lower 95% Mean 0.2071349
100
w2
Moments
Mean 0.247492
Std Dev 0.2739894
Std Err Mean 0.0273989
Upper 95% Mean 0.3018574
Lower 95% Mean 0.1931266
0 0102030405060.70809 1 N 100
w3
Moments
Mean 0.252911
Std Dev 0.275488
Std Err Mean 0.0275488
Upper 95% Mean 0.3075738
Lower 95% Mean 0.1982482
0 0102030405060.70809 1 N 100
w4
Moments
Mean 0.236206
Std Dev 0.249093
Std Err Mean 0.0249093
Upper 95% Mean 0.2856314
Lower 95% Mean 0.1867806
0 010203040506070809 1 N 100

Figure C.1: Histograms of One Hundred Sets of Weighting Factors Generated by Modified Latin
Hypercube Sampling with Dirichlet Distribution
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C.1 Data Points for Surrogate Model Development in terms of Weighting Factors

Table C.1: One Hundred Sets of Weighting Factors Generated by Modified Latin Hypercube Sam-
pling with Dirichlet Distribution and Design Criteria Values

Set | w1 Wa w3 w4 OEM Fuel mass Utilization/  Passenger
(block time)  density
1 0.4333 0.0176 0.3719 0.1772 | 37895.82 13291.65 766.7125 1.4062
2 0.0269 0.9322 0.0407 0.0001 | 41428.86 11883.51 740.8892 1.4062
3 0.1942 0.798 0.0077 0 40342.85 11976.27 727.2155 1.4062
4 0.0231 0.0886 0.7454 0.1429 | 45184.84 13279.81 794.9339 1.3564
5 0.0017 0.008 0.088 0.9023 | 47650.82 13842.98 794.4662 1.2981
6 0 0.0498 0.0302 0.9199 | 46678.28 12649.03 740.8611 1.2981
7 0.0033 0.5557 0.0032 0.4379 | 44164.19 1215247 732.6296 1.3553
8 0.7703 0.0002 0.2081 0.0215 | 37406.54 13364.7 751.3264 1.4062
9 0.0012 0.998 0.0002 0.0006 | 43910.36 11868.22 734.5968 1.4062
10 | 0.1196 0.0007 0.0129 0.8668 | 39874.9 14846.64 715.0679 1.2981
11 | 0.292 0.3525 0.3555 0.0001 | 39293.32 12329.55 755.8107 1.4062
12 | 0.268 0.4633 0.2516 0.0171 | 39574.7 12161.37 744.7317 1.4062
13 0.9818 0.001 0.0007 0.0165 | 37279.76  13292.7 731.715 1.4062
14 | 03792 0 0.6033 0.0174 | 38533.39 13335.2 780.4182 1.4062
15 | 0.0059 0.1591 0.216 0.619 47934.89  12751.37 756.5135 1.2981
16 0.0135 0.7722 0.2143 O 44079.11  11889.21 760.8023 1.4062
17 0.7002 0.2848 0.0142 0.0007 | 37908.16 12719.78 728.1471 1.4062
18 0 0.3933 0.3362 0.2705 | 45670.25 12112.59 762.0093 1.3776
19 | 0.3687 0.1794 0.0627 0.3892 | 38369.88 12955.2 731.1664 1.3837
20 | 0.421 0.0319 0 0.547 38938.25 14563.35 715.0679 1.3291
21 | 0.0119 0.4165 0.5715 0 45020.94  12109.69 776.6504 1.4062
22 0.0466 0.1694 0.7773 0.0067 | 42997.04 12475.15 787.5743 1.4062
23 0 0.3998 0.2686 0.3316 | 45367.03 12173.38 753.0088 1.3595
24 | 0.8032 0.0098 0.0005 0.1865 | 37236.32 13560.23 717.7176 1.4049
25 1 0.0329 0 0.6159 0.3513 | 42928.7 14725.35 796.8851 1.2981
26 | 0.5056 0.0003 O 0.494 38441.14  14419.48 715.0679 1.3472
27 0.0352 0.766 0.0418 0.157 41376.68 11879.14 738.6567 1.4062
28 0.0407 0.3944 0.1865 0.3785 | 44847.48 12221.38 742.5613 1.3474
29 | 0.5923 0.066 0 0.3417 | 37636.91 13958.4 717.9521 1.3792
30 | 0.0992 0.6287 0.0034 0.2687 | 41504.01 11928.74 726.0321 1.3968
31 | 0.1354 0.0126 0.6272 0.2248 | 41553.97 14255.61 796.8851 1.3382
32 0.7565 0.0003 0.2322 0.011 37444.99 13333.38 752.7839 1.4062
33 | 0.0067 0.0147 0.0053 0.9734 | 44316.32 12753.82 726.8117 1.2981
34 | 0.2406 0.0015 0.38 0.3778 | 40017.59 13979.94 768.9911 1.3306
35 | 0.6052 0.2998 0.004 0.091 38063.29 12632.53 729.4745 1.4062
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C. DATA SOURCES

Set | wi wa w3 Wy OEM Fuel mass  Utilization/ Passenger
(block time)  density
36 0.2621 0.7258 0.0121 O 39967.69 12039.81 727.7391 1.4062
37 | 0.9446 0.0535 0.0018 0.0001 | 37287.83 13221.59 736.5761 1.4062
38 0.9157 0 0.0667 0.0176 | 37275.52 13276.58 743.8319 1.4062
39 0.1839 0.3162 0.3597 0.1403 | 40042.67 12242.96 762.1718 1.4062
40 0.9923 0.0047 O 0.003 37276.06 13418.7 722.9659 1.4062
41 0.5623 0.3139 0.1176 0.0062 | 38037.84 12646.94 732.2106 1.4062
42 0.002 0.2278 0.0097 0.7604 | 45992.66 12608.39 731.5576 1.3016
43 0.2451 0.011 0.2933 0.4506 | 40118.47 14173.88 756.1211 1.3108
44 | 04803 0.2422 0.0302 0.2472 | 38049.27 12641.76 728.0511 1.4062
45 0.4546 0.2123 0.0078 0.3252 | 37937.91 12703.52 727.4846 1.4062
46 0.3963 0.0912 0.2477 0.2648 | 37698.98 13163.99 756.1622 1.4024
47 | 0.112 0.1415 0.4848 0.2617 | 41546.1 12918.15 782.1182 1.365
48 0.2459 0 0.0145 0.7396 | 39728.33 14790.34 715.0679 1.303
49 0.6045 0.0059 0.3867 0.0029 | 37765.89 13298.83 763.2272 1.4062
50 0.4188 0.1814 0.067 0.3327 | 37868.71 12785.68 730.2064 1.4042
51 0.4102 0.0687 0.1709 0.3502 | 37721.02 13559.16 736.8785 1.3838
52 0.5535 0.0122 0.1728 0.2615 | 37188.6 13456.12 739.1604 1.4059
53 0.8347 0.133 0.0001  0.0322 | 37436.49 13056.45 730.646 1.4062
54 | 0.5616 0.0789 0.0309 0.3286 | 37614.04 13795.63 723.0046 1.3817
55 0.0004 0.0186 0.9475 0.0335 | 46824.92 13544.52 796.8851 1.3418
56 0.0422 0.5609 0.3625 0.0344 | 43397.63 11862.87 766.3542 1.4211
57 | 0.3347 0.0001 0.6348 0.0304 | 38774.75 13482.08 784.6366 1.4062
58 0.4379 0.0001 0.5606 0.0013 | 38276.79 13334.99 775.4621 1.4062
59 0.0654 0.5942 0.2612 0.0792 | 42023.53 11841.26 760.0369 1.4211
60 0.4001 0.2158 0.0149 0.3691 | 38159.24 12696.21 729.1825 1.4007
61 0.1627 0.0297 0.355 0.4527 | 41623.78 14327.67 776.0346 1.291
62 0.0001 0.4 0.2372  0.3627 | 45285.95 12210.96 748.9781 1.3518
63 0.4422 0.4512 0.0064 0.1001 | 38831.82 12318.31 728.4445 1.4062
64 | 0.6081 0.1174 0.0758 0.1987 | 37436.74 13058.77 735.54 1.4062
65 0.0302 0.7622 0.1212 0.0865 | 42135.08 11780.44 753.4676 1.4211
66 0 0.5144 0.0031 0.4825 | 44201.8 12139.96 734.222 1.357
67 | 0.5574 0.1117 0.0302 0.3007 | 37501.71 13317.47 729.5176 1.396
68 0.5882 0.0914 0.3203 0.0001 | 37720.14 13145.69 760.5986 1.4062
69 0.0006 0.0052 0.9879 0.0062 | 44975.87 13130.95 796.8851 1.3877
70 0.2094 0.0095 0.7634 0.0176 | 39058 13491.32 793.4018 1.4211

172



C.1 Data Points for Surrogate Model Development in terms of Weighting Factors

Set | wy wa w3 Wy OEM Fuel mass  Utilization/ Passenger
(block time)  density
71 0.0581 0.4849 0.2125 0.2445 | 43262.31 11964.33 751.1284 1.3888
72 0.1297 0.575 0.0001  0.2953 | 40919.2 11987.3 726.6097 1.3976
73 0.3782 0.4645 0.1531 0.0043 | 39049.01 12253.68 734.0083 1.4062
74 0 0.5184 0.4477 0.0338 | 44682.3 11908.9 770.7272 1.4211
75 0.0001 0.9878 O 0.0121 | 43817.67 11768.92 734.1318 1.4211
76 0.003 0.409 0.543 0.045 44795.68  11999.31 776.1666 1.4211
7 0.2354 0.0022 O 0.7624 | 39874.87 14847.17 715.0679 1.2981
78 0.0085 0.0079 0.4356 0.5479 | 43304.69 14519.47 796.8851 1.2981
79 0.0006 0.0511 0.7425 0.2057 | 48529.98 14046.5 796.8851 1.294
80 0.1498 0.0178 0.0004 0.8319 | 39878.4 14800.82 715.0679 1.2981
81 0.032 0.6551 0.0096 0.3033 | 43319.39 11963.59 732.1487 1.3799
82 0.9906 0 0.0032 0.0061 | 36947.09 13279.07 722.8448 1.4211
83 0.3111  0.655 0.0151 0.0189 | 39678.05 12098.1 726.9415 1.4062
84 0.429 0.0698 0.5011 O 38191.41  13201.07 773.1662 1.4062
85 0.0602 0.0714 0.4478 0.4206 | 43950.06 13881.94 787.057 1.2857
86 0.0002 0.18 0.7782 0.0416 | 45402.92 12464.13 788.5213 1.4062
87 0.0232 0.3681 0.3557 0.253 44783.21  12006.7 765.5023 1.3986
88 0.0109 0.114 0.2348 0.6403 | 48694.94 13019.07 768.3219 1.2857
89 0.2501  0.388 0.1352  0.2267 | 39450.37 12155.04 736.9588 1.4062
90 0.0249 0.4659 0.3909 0.1184 | 44115.42 11902.98 770.0601 1.4211
91 0.0011  0.0019 0.997 0 42087.9 13094.97 796.8851 1.4062
92 0.0092 0.0696 0.4829 0.4382 | 48113.29 13439.78 787.8327 1.2981
93 0.0129 0.5555 0.1046 0.327 44036 12029.99 736.3019 1.3708
94 0.0543 0.7987 0.0003 0.1467 | 41044.31 11887.42 729.5942 1.4062
95 0 0 0.641 0.359 45729.69 16276.61 796.8851 1.2981
96 0.489 0.026 0.135 0.35 37935.02  13970.83 726.1814 1.3687
97 0.1027 0.631 0.0548 0.2115 | 40748.32 11920.6 732.8819 1.4062
98 0.458 0.0788 0.3237 0.1395 | 37476.49 13025.54 763.1866 1.4211
99 0.1384 0.0501 0.7969 0.0146 | 39310.86 13431.58 796.5039 1.4211
100 | 0.0008 0.083 0.9151 0.0011 | 44887.95 12965.04 796.8428 1.4062
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C. DATA SOURCES

C.2 Additional Untried Data Points for Evaluation of Surrogate
Model Accuracy

The 84 sets of additional untried data points for weighting factors and the actual values of four
design criteria obtained by the analysis tool (VAMPzero), are listed in Table

The predicted values of four design criteria for the 84 additional untried data points of
weighting factors, generated by the developed surrogated models, are listed in Table The

relative error is the difference between the predicted values and the actual values.
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C.2 Additional Untried Data Points for Evaluation of Surrogate Model Accuracy

Table C.2: The 84 Sets of Weighting Factors and Predicted Design Criteria Values, Obtained by
the Analysis Tool

Set | w1 w2 w3z ws | OEM Fuel mass Utilization/  Passenger
(block time)  density
1 0.1 0.1 0.1 0.7 | 42084.41 13197.05 739.95 1.2981
2 0.1 0.1 0.2 0.6 | 42341.09 13318.56 758.24 1.2981
3 0.1 01 0.3 0.5 | 42713.95 13500.98 772.32 1.2981
4 0.1 0.1 0.4 04 | 43005.37 13719.57 782.12 1.2953
5 0.1 0.1 0.5 0.3 | 42366.91 13573.82 786.28 1.3211
6 0.1 01 0.6 0.2 | 40645.46 13125.85 788.74 1.3828
7 0.1 01 0.7 0.1 | 40033.5 12977.04 790.11 1.4063
8 0.1 02 0.1 0.6 | 43927.88 12671.43 730.95 1.3084
9 0.1 0.2 0.2 0.5 | 43598.42 12656.58 746.36 1.3177
10 | 0.1 0.2 0.3 0.4 | 43509.83 12689.26 758.81 1.3253
11 0.1 0.2 0.4 0.3 | 42588.78 12561.7 771.13 1.3608
12 0.1 0.2 0.5 0.2 | 40981.43 12278.35 780.33 1.4211
13 0.1 0.2 0.6 0.1 | 40925.32 12344.49 782.6 1.4211
14 0.1 0.3 0.1 0.5 | 43928.19 12369.03 730.05 1.334
15 0.1 03 0.2 04| 43221.94 12245.3 742.12 1.3546
16 | 0.1 0.3 0.3 0.3 | 42486.52 12216.92 757.76 1.3748
17 0.1 03 04 0.2 | 41583.82 12152.49 770.24 1.4063
18 0.1 03 0.5 0.1 | 41441.19 12126.11 775.59 1.4211
19 0.1 04 0.1 04 | 43174.65 12094.29 728.62 1.3661
20 | 0.1 04 0.2 0.3] 41990.3 11968.47 744.85 1.3933
21 0.1 04 0.3 0.2 | 4114774 11925.88 761.51 1.4211
22 |01 04 04 0.1 4179845 12088.73 767.56 1.4063
23 0.1 05 0.1 0.3 | 42256.88 11999.73 731.87 1.3826
24 0.1 0.5 0.2 0.2 | 39024.56 12896.65 715.07 1.4063
25 |01 05 03 0.1]41559.88 11999.51 759.42 1.4063
26 0.1 06 0.1 0.2 | 40476.15 11819.08 738.77 1.4211
27 0.1 06 0.2 0.1 | 40839.1 11844.64 750.5 1.4211
28 0.1 0.7 0.1 0.1 | 40851.2 11921.26 738.8 1.4063
29 |02 0.1 0.1 0.6 40426.28 13838.65 734.25 1.302
30 [ 02 0.1 0.2 05| 40243.59 13875.71 751.87 1.3103
31 |02 01 03 04| 3982091 13608.73 764.65 1.338
32 102 01 04 03] 39255.84 13260.78 776.65 1.3791
33 0.2 0.1 0.5 0.2 | 38983.05 13082.04 784.59 1.4063
34 102 01 06 0.1 | 39106.72 13104.04 786.58 1.4063
35 [ 02 0.2 0.1 05| 40827.52 12772.78 729.9 1.3406
36 0.2 0.2 0.2 04 | 40109.26 12582.87 743.24 1.3676
37 102 02 0.3 0.3 39549.13 12492 759.68 1.394
38 0.2 0.2 04 0.2 | 39421.6 12542.33 770.99 1.4063
39 [ 02 02 05 0.1 39560.15 12632.38 776.52 1.4063
40 | 0.2 0.3 0.1 04 | 40881.05 12372.48 733.15 1.3663
41 [ 02 03 0.2 033970749 12183.51 745.69 1.4028
42 0.2 03 03 0.2 39816.73 12221.34 757.16 1.4063
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C. DATA SOURCES

Set | w1 w2 ws ws | OEM Fuel mass Utilization/  Passenger
(block time)  density
43 02 03 04 0.1 | 39889.22 12319.01 765.05 1.4063
44 0.2 04 0.1 0.3 ]| 39801.33 12071.75 732.91 1.4063
45 0.2 04 0.2 0.2 39836.48 12105.08 744.44 1.4063
46 | 02 04 0.3 0.1 |40000.09 12153.63  754.26 1.4063
47 102 05 0.1 0.2 39929.03 12047.41  733.31 1.4063
48 0.2 05 0.2 0.1 | 40009.31 12064.93 743.08 1.4063
49 0.2 06 0.1 0.1 | 40057.1 12022.29 730.83 1.4063
50 | 0.3 0.1 0.1 0.5 | 38916.96 13947.73  732.46 1.338
51 03 01 0.2 0.4 | 38448.22 13562.88 745.3 1.3634
52 | 0.3 0.1 0.3 0.3 | 38281.35 13243.09  761.36 1.3868
53 03 01 04 0.2 38260.71 13079.76 772.99 1.4063
54 | 03 0.1 0.5 0.1 | 3851593 13101.09 778.1 1.4063
55 | 0.3 0.2 0.1 04 | 3885098 12669.81  732.21 1.3856
56 03 02 0.2 0.3 ]| 38061.69 12431.43 747.69 1.4211
57 | 0.3 0.2 03 02| 3851293 12631.18  758.71 1.4063
58 03 02 04 0.1 | 38336.97 12605.89 767.34 1.4211
59 | 03 03 0.1 0.3 | 388809 1230495  735.19 1.4063
60 03 03 0.2 0.2 3856449 12217.94 743.17 1.4211
61 | 03 03 0.3 0.1 |38979.96 12392.75  753.44 1.4063
62 0.3 04 01 0.2 39181.04 12214.6 731.38 1.4063
63 03 04 02 0.1 | 39203.72 12231.56 740.89 1.4063
64 | 03 05 0.1 0.1 |39413.73 1215535  730.77 1.4063
65 | 04 01 0.1 04 | 383164 13849 731.16 1.3576
66 | 04 0.1 0.2 03| 37788.12 13306.97  748.09 1.3907
67 | 04 0.1 0.3 0.2 |37520.62 12970.04  763.34 1.4211
68 04 01 04 0.1 | 38073.13 13124.42 769.75 1.4063
69 | 04 02 0.1 033799552 12667.69  733.27 1.4063
70 | 04 0.2 0.2 02| 38056.93 12691.44  745.71 1.4063
71 |04 0.2 03 0.1 | 3817097 12766.63  757.09 1.4063
72 04 03 0.1 0.2 | 38488.01 12441.14 732.61 1.4063
73 04 03 02 0.1 | 38178.45 12344.36 741.95 1.4211
74 04 04 0.1 0.1 | 38806.09 12326.12 731.02 1.4063
75 | 05 0.1 0.1 03| 37559.28 13460.97  735.36 1.3904
76 | 0.5 0.1 0.2 0.2 37530.17 13128.12  752.63 1.4063
7 05 01 03 0.1 | 37460.73 13002.29 762.31 1.4211
78 05 02 01 0.2 | 37855.33 12753.19 735.58 1.4063
79 | 05 0.2 0.2 0.1 | 37894.05 12783.5 745.67 1.4063
80 | 05 03 0.1 0.1 382379 12546.39  731.61 1.4063
81 06 01 0.1 0.2 37381.97 13143.11 741.88 1.4063
82 0.6 01 0.2 0.1 | 37522.52 13131.66 752.42 1.4063
83 | 06 02 0.1 0.1 |37754.16 1281592  727.53 1.4063
84 0.7 01 01 0.1 | 37067.43 13008.91 742.96 1.4211
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C.2 Additional Untried Data Points for Evaluation of Surrogate Model Accuracy

Table C.3: Predicted Design Criteria Values for the 84 Data Points and Relative Error(%), Gen-
erated by Surrogated Models

Set | OEM Error | Fuel Error | Utilization/  Error | Passenger Error
mass (block time) density
1 44121.58 4.84 13446.44 1.89 747.15 0.97 1.2969 -0.09
2 44280.13  4.58 13428.06 0.82 757.79 -0.06 | 1.3013 0.25
3 43544.43 194 13384.24 -0.86 | 764.34 -1.03 | 1.3131 1.16
4 42864.55 -0.33 | 13339.60 -2.77 | 771.67 -1.34 | 1.3267 2.42
5 42642.29  0.65 13296.15 -2.05 | 781.36 -0.63 | 1.3405 1.47
6 42731.12  5.13 13233.22 0.82 791.68 0.37 1.3563 -1.91
7 42436.23  6.00 13107.52 1.01 797.58 0.95 1.3798 -1.88
8 43956.08  0.06 12838.06 1.32 739.86 1.22 1.3154 0.54
9 43988.50 0.89 12709.90 0.42 747.93 0.21 1.3246 0.52
10 | 43326.04 -0.42 | 12587.12 -0.80 | 757.14 -0.22 | 1.3416 1.23
11 | 42768.23 0.42 12505.32 -0.45 | 768.78 -0.30 | 1.3603 -0.04
12 | 42566.32 3.87 1247745 1.62 780.87 0.07 1.3780 -3.03
13 | 42423.25 3.66 12493.81 1.21 788.09 0.70 1.3958 -1.78
14 | 43362.23 -1.29 | 12487.26 0.96 735.96 0.81 1.3401 0.46
15 | 43130.25 -0.21 | 12298.43 0.43 744.71 0.35 1.3549 0.03
16 | 42520.69 0.08 12150.75 -0.54 | 756.77 -0.13 | 1.3753 0.03
17 | 42182.57 1.44 12090.76 -0.51 | 769.86 -0.05 | 1.3940 -0.87
18 | 42216.58 1.87 12142.36  0.13 778.43 0.37 1.4075 -0.95
19 | 42521.28 -1.51 | 12257.33 1.35 735.33 0.92 1.3667 0.05
20 | 42073.31 0.20 1205771 0.75 746.14 0.17 1.3854 -0.57
21 | 41683.05 1.30 11939.92 0.12 759.36 -0.28 | 1.4043 -1.18
22 | 41848.95 0.12 11961.45 -1.05 | 769.17 0.21 1.4152 0.64
23 | 41650.02 -1.44 | 12071.60 0.60 737.24 0.73 1.3909 0.60
24 41221.22  5.63 11911.81 -7.64 | 749.59 4.83 1.4091 0.20
25 | 41403.36 -0.38 | 11879.45 -1.00 | 760.43 0.13 1.4189 0.90
26 | 41000.79 1.30 11913.42  0.80 740.33 0.21 1.4086 -0.88
27 | 41013.05 0.43 11844.84 0.00 751.85 0.18 1.4190 -0.14
28 | 40861.53 0.03 11826.21 -0.80 | 742.65 0.52 1.4155 0.66
29 | 41324.67 2.22 13708.68 -0.94 | 736.82 0.35 1.3192 1.33
30 | 41237.89 247 13501.86 -2.69 | 747.17 -0.62 | 1.3307 1.55
31 | 40584.85 1.92 1328795 -2.36 | 758.11 -0.86 | 1.3450 0.52
32 | 40105.49 2.16 13113.39 -1.11 | 770.99 -0.73 | 1.3589 -1.46
33 | 39991.43 2.59 13001.98 -0.61 | 783.84 -0.10 | 1.3728 -2.38
34 | 39886.02 1.99 12954.85 -1.14 | 791.42 0.62 1.3907 -1.11
35 | 40966.72 0.34 12975.72  1.59 735.64 0.79 1.3461 0.41
36 | 40704.91 1.49 12711.93  1.03 745.68 0.33 1.3601 -0.54
37 | 40141.52 1.50 12495.74  0.03 758.47 -0.16 | 1.3763 -1.27
38 | 3986591 1.13 12384.54 -1.26 | 771.80 0.10 1.3905 -1.12
39 | 39919.20 0.91 12413.08 -1.74 | 780.14 0.47 1.4022 -0.29
40 | 40557.23 -0.79 | 12512.06 1.13 735.56 0.33 1.3736 0.53
41 | 40087.88 0.96 12246.50  0.52 746.64 0.13 1.3894 -0.96
42 | 39699.55 -0.29 | 12088.16 -1.09 | 759.61 0.32 1.4036 -0.19
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C. DATA SOURCES

Set | OEM Error | Fuel Error | Utilization/  Error | Passenger Error
mass (block time) density
43 | 39831.10 -0.15 | 12105.36 -1.73 | 768.65 0.47 1.4111 0.35
44 | 40160.92 0.90 12203.28 1.09 | 736.44 0.48 1.3975 -0.63
45 | 39638.23 -0.50 | 11991.92 -0.93 | 748.08 0.49 1.4114 0.37
46 | 39697.14 -0.76 | 11952.29 -1.66 | 757.66 0.45 1.4170 0.76
47 | 39878.07 -0.13 | 11995.02 -0.43 | 737.57 0.58 1.4135 0.51
48 | 39642.97 -0.92 | 11894.54 -1.41 | 747.38 0.58 1.4192 0.92
49 | 39844.54 -0.53 | 11892.93 -1.08 | 737.59 0.93 1.4174 0.79
50 | 39545.60 1.62 13692.47 -1.83 | 732.58 0.02 1.3450 0.53
51 | 39232.20 2.04 13357.27  -1.52 | 744.43 -0.12 | 1.3600 -0.25
52 | 38696.10 1.08 13064.44 -1.35 | 758.65 -0.36 | 1.3738 -0.94
53 | 38467.08 0.54 12882.19 -1.51 | 773.07 0.01 1.3851 -1.51
54 | 38526.61 0.03 12856.13 -1.87 | 782.21 0.53 1.3964 -0.70
55 | 39123.68 0.70 12922.42  1.99 734.82 0.36 1.3752 -0.75
56 | 38651.65 1.55 12598.63  1.35 747.04 -0.09 | 1.3897 -2.21
57 | 38286.88 -0.59 | 12395.73 -1.86 | 760.76 0.27 1.4008 -0.38
58 | 38408.61 0.19 12392.89 -1.69 | 770.23 0.38 1.4066 -1.02
59 | 38928.34 0.12 12433.42 1.04 736.18 0.13 1.4004 -0.42
60 | 38370.94 -0.50 | 12182.30 -0.29 | 748.27 0.69 1.4117 -0.66
61 | 38368.71 -1.57 | 12135.52 -2.08 | 757.93 0.60 1.4145 0.59
62 | 38907.81 -0.70 | 12133.32 -0.67 | 736.54 0.71 1.4163 0.72
63 | 38525.01 -1.73 | 12016.91 -1.75 | 746.13 0.71 1.4190 0.91
64 | 39045.87 -0.93 | 11990.04 -1.36 | 735.17 0.60 1.4188 0.89
65 | 38374.27 0.15 13505.81 -2.48 | 732.14 0.13 1.3716 1.03
66 | 37918.26 0.34 13121.48 -1.39 | 746.03 -0.28 | 1.3864 -0.31
67 | 37598.66 0.21 12860.02 -0.85 | 761.20 -0.28 | 1.3962 -1.75
68 | 37735.10 -0.89 | 12811.47 -2.38 | 771.94 0.28 1.4016 -0.33
69 | 38004.05 0.02 12786.20  0.94 735.74 0.34 1.3998 -0.46
70 | 37471.11 -1.54 | 12497.18 -1.53 | 749.15 0.46 1.4100 0.27
71 | 37469.83 -1.84 | 12433.40 -2.61 | 759.91 0.37 1.4116 0.38
72 | 38039.89 -1.16 | 12359.36 -0.66 | 736.81 0.57 1.4172 0.78
73 | 37609.04 -1.49 | 12232.99 -0.90 | 747.37 0.73 1.4183 -0.19
74 | 38313.51 -1.27 | 12155.45 -1.38 | 735.24 0.58 1.4197 0.96
75 | 37546.53 -0.03 | 13256.72 -1.52 | 733.85 -0.21 | 1.3955 0.37
76 | 37097.22 -1.15 | 12921.64 -1.57 | 749.09 -0.47 | 1.4063 0.00
77 | 37158.98 -0.81 | 12821.03 -1.39 | 761.62 -0.09 | 1.4083 -0.90
78 | 3733091 -1.39 | 12675.06 -0.61 | 737.40 0.25 1.4161 0.70
79 | 36951.65 -2.49 | 12534.73 -1.95 | 749.75 0.55 1.4172 0.78
80 | 37602.16 -1.66 | 12397.90 -1.18 | 737.09 0.75 1.4202 0.99
81 | 36944.18 -1.17 | 13053.21 -0.68 | 736.68 -0.70 | 1.4130 0.48
82 | 36716.17 -2.15 | 12884.92 -1.88 | 751.34 -0.14 | 1.4155 0.66
83 | 36973.26 -2.07 | 12697.02 -0.93 | 739.39 1.63 1.4202 0.99
84 | 36594.99 -1.27 | 13003.29 -0.04 | 740.22 -0.37 | 1.4197 -0.10
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C.3 Typical Weighting Scenarios for Business Aircraft Evaluation

C.3 Typical Weighting Scenarios for Business Aircraft Evalua-
tion

In the business aircraft evaluation problem, 84 sets of weighting factors generated from eleven

levels of experimental design and the evaluation results using ELECTRE I are summarized in

Table where D represents the alternative is dominated, and N represents the alternative is

non-dominated.
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C. DATA SOURCES

Table C.4: The 84 Sets of Weighting Factors for Business Aircraft Evaluation, D: Dominated, N:
Non-dominated

=
&
&
e

Set | w1 w2 w3 wis ws we Wr

1 04 01 01 01 01 01 01| D D N D
2 03 01 01 01 01 01 02| D D N D
3 03 01 01 01 01 02 01| D D N D
4 03 01 01 01 02 01 01| N D N D
5 03 01 01 02 01 01 01| N D N D
6 03 01 02 01 01 01 01| N D N D
7 03 02 01 01 01 01 01| D D N D
8 02 01 01 01 01 01 03| D D N D
9 02 01 01 01 01 02 02| D D N D
0 (02 01 01 01 01 03 01| D N N D
1 |02 01 01 01 02 01 02| N D N D
12 102 01 01 01 02 02 01| N D N D
3102 01 01 01 03 01 01| N D D D
4 102 01 01 02 01 01 02| D D N D
5 (02 01 01 02 01 02 01| D N N D
16 |02 01 01 02 02 01 01| N D D N
17 02 01 01 03 01 01 01| N N N N
8102 01 02 01 01 01 02| D D N N
19 102 01 02 01 01 02 01| N D N N
20 {02 01 02 01 02 01 01| N D D N
21 /02 01 02 02 01 01 01| N D N N
22 (02 01 03 01 01 01 01| N D D N
23 102 02 01 01 01 01 02| D D N D
24 102 02 01 01 01 02 01| D N N D
25 (02 02 01 01 02 01 01| N D D D
26 (02 02 01 02 01 01 01| D N N D
27 {02 02 02 01 01 01 01| N D N N
28102 03 01 01 01 01 01| D N N D
29 {01 01 01 01 01 01 04| D D N N
30 {01 01 01 01 01 02 03| D D N N
31701 01 01 01 01 03 02| D N N N
32101 01 01 01 01 04 01| D N N N
33 /01 01 01 01 02 01 03] D D N N
34101 01 01 01 02 02 02| N D N N
35101 01 01 01 02 03 01| N N N N
36 (01 01 01 01 03 01 02| N D D N
37 101 01 01 01 03 02 01| N D D D
38101 01 01 01 04 01 01| N D D D
39 101 01 01 02 01 01 03] D D N N
40 {01 01 01 02 01 02 02| D N N N

180



C.3 Typical Weighting Scenarios for Business Aircraft Evaluation

e
&
&
e

Set w1 w2 ws w4 Ws We wy

41 |01 01 01 02 01 03 0.1
42 |01 01 01 02 02 01 0.2
43 (01 01 01 02 02 02 01
44 (01 01 01 02 03 01 01
45 (01 01 01 03 01 0.1 0.2
46 | 0.1 01 01 03 01 02 0.1
47 |01 01 01 03 02 01 0.1
48 (01 01 01 04 01 01 01
49 (01 01 02 01 01 01 03
50 101 01 02 01 01 02 0.2
51 101 01 02 01 01 03 0.1
52 101 01 02 01 02 01 02
53 /01 01 02 01 02 02 0.1
54 |01 01 02 01 03 01 0.1
5 |01 01 02 02 01 01 0.2
56 |01 01 02 02 01 02 01
57 101 01 02 02 02 01 0.1
58 101 01 02 03 01 01 0.1
59 101 01 03 01 01 01 0.2
60 |01 01 03 01 01 02 0.1
61 101 01 03 01 02 01 0.1
62 |01 01 03 02 01 01 0.1
63 |01 01 04 01 01 01 0.1
64 |01 02 01 01 01 01 0.3
65 |01 02 01 01 01 02 0.2
66 |01 02 01 01 01 03 0.1
67 |01 02 01 01 02 01 02
68 |01 02 01 01 02 02 0.1
69 |01 02 01 01 03 01 0.1
v |01 02 01 02 01 01 0.2
71101 02 01 02 01 02 01
72 101 02 01 02 02 01 01
73 /01 02 01 03 01 01 0.1
74 101 02 02 01 01 01 0.2
7% |01 02 02 01 01 02 0.1
76 |01 02 02 01 02 01 01
Y7 101 02 02 02 01 01 01
78 101 02 03 01 01 01 0.1
9101 03 01 01 01 01 0.2
8 |01 03 01 01 01 02 0.1
8 (01 03 01 01 02 01 01
82 |01 03 01 02 01 01 0.1
83 |01 03 02 01 01 01 0.1
84 |01 04 01 01 01 01 0.1

2020022220 22002220002222222222222002%2222220
2 2222202020222 20202200000020200002002222020%2

20202200000 202200222200000000000022220220022%2
222222 222222222022 22222222222202222222220222
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