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Abstract

Supply chain management has been a subject of growing interest, both in terms of the
related professional literature and in industrial practice; it has simultaneously undergone
significant modification and expansion during the last decades. Companies have been
working to increase their capabilities in a highly competitive market characterised by
competition, which has been caused by the globalisation of industry, shortened product
life cycles, increased flexibility and responsiveness to customer demand. These causes

have been helped by advances in information technology and business optimisation.

This thesis presents a methodology for supply management problems, focusing on
achieving an adequate balance between detail and the complexity of the model, on the
one hand, and usability on the other. The model approach that is presented focuses on
predicting future demand and optimising procurement with minimum stock-out and

inventory cost.

We apply our approach to the problem of demand for spare parts in the airline industry,
with regard to how to best schedule purchases and hold the inventory level minimum to
meet the demand. We show how we can formulate a stochastic programming problem
(based on a MILP). In order to increase the robustness of the plans, we use an iterative
procedure which generates a number of alternative demand samples and uses them to
evaluate the robustness. The iterative procedure is a computationally efficient alternative
to stochastic programming approaches and it has been proven to increase the robustness
of the forecasting plan for the problem under consideration. The data generator modules
create demand scenarios derived from the stock-out observed between historical demand
data and their corresponding forecasts. The tools established in this work use a modelling
and simulation working side by side to attempt to reflect the best of both worlds. This
was done to test the results given by the modeller against a more complex system to
determine whether the performance of the system is still acceptable, thus allowing us to
propose optimisation models to provide support for the relevant decisions. One of the
models created can help to create a more sophisticated model in a supply chain and can

be used as a more sophisticated tool in a wider supply chain simulation.

Keywords: Robust optimisation; Rolling horizon; Monte Carlo; spare parts; aircraft

maintenance; inventory management, uncertainty
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Chapter 1: Introduction

1.1 General Introduction

In 30+ years, supply chain management has been a subject of growing interest, both in
terms of the related professional literature and in industrial practice. Companies have
been working to increase their capabilities in a highly competitive market characterised
by competition which has been caused by the globalisation of industry, shortened product
life cycles, increased flexibility and responsiveness to customer demand. This has been
helped by advances in information technology and business optimisation. Supply chain
management and similar processes are seen by many in the business management
community as promising solutions. The aerospace industry is not an exception to this
business trend. Developing novel model approaches and solutions for supply chain

management has become a major research area in aerospace systems engineering.

1.2 Basic Definitions

Constructing a supply chain involves integrating a set of activities and a sequence of
suppliers, along with their facilities, functions and stores. This is done so that products
are made in and distributed to the correct locations at appropriate times, thereby
minimising total system costs and satisfying customers’ needs and requirements.
Operations managers often focus on the activities within their own local operation or, at

best, on the links with their immediate suppliers and immediate customers.

Many factors influence the performance of a supply chain and various kinds of decisions
and plans must be made in order for a supply chain to become efficient and competitive.
Not only is there a need for decisions and plans to be made within each organisation, but
also the activities of all the organisations within the chain need to be coordinated and
integrated in order for the supply chain network as a whole to perform well. The success
of any supply chain depends on it working as efficiently and effectively as possible. This

requires an analysis not only of each part of the supply chain, but also of the linkages
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between them. One of the most important factors for the successful management of supply
chains is the accuracy of the forecasts that are used to make planning decisions.
Overestimating the demand can, for instance, lead to increased average inventory levels
or even to an obsolete inventory, whereas underestimating the demand may result in a

stock-out which can lead to lost revenue and the loss of customer goodwill.

One of the main operational problems within supply chain management is decision-
making in inventory management and airlines maintenance repair and overhaul. High
costs are often associated with storing inventory; so, one of the main objectives of
inventory management is to minimise the average inventory level while at the same time
ensuring that no (or very few) stock-outs will occur. Accurate forecasts are important for
efficient inventory management, especially for companies which manufacture products
with long fabrication times and which perhaps only have seasonal access to raw materials.
Other companies that have short manufacturing times and an unlimited availability of raw
materials can usually react more quickly to changes in the market. Thus, they do not have
to rely as much on accurate forecasts because they can make products to order— a process

in which manufacturing starts after a customer's order is received.

1.3 Research aim and objectives

The aim and objects of this work are to explore the stock requirements for moving spare
parts in the airline industry and to formulate the associated mathematical models for
inventory planning. This is followed by a presentation of decision procedures which can
be implemented to handle this aspect of initial provisioning and replacement. With
reference to an overall operating policy or criterion, the procedure rates the desirability
of parts by reviewing how essential the part in question is and its anticipated cost as well
as the current information on its likely demand rate. The criterion could measure the total
system cost degradation as a function of the event if the parts are out of stock when a
demand occurs, and, at a minimum, the total cost for the system when the part is not
needed anymore. This is part of a wider problem in engineering: that of efficient
maintenance and spare parts management, and applies to other industries such as oil and

gas (especially for offshore platforms) and chemicals.

The objective is to achieve a balance between a complex model and one that is

usable/practical. The focus of the project is to develop a model-based approach to manage
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future demand and optimize procurement such that inventory costs are minimized and

stock-outs reduced.

1.4 Structure of Thesis

The structure of the thesis is as follows: the literature review for supply chain and different
forecasting methodologies is given, followed by the aviation literature review, and then
an overview of modelling techniques and the design of a model towards robust supply
chain management tools. Furthermore, a look into demand scenario generation and the
presentation of the problem statement and summary of the approach taken is provided.
Then more details about each of the major areas of work done, and finally the conclusion

and discussion are provided.

In chapter 1, a brief introduction with a general overview is given and the structure of the

thesis.

In chapter 2, we review some of the most relevant literature for our work and describe
supply chain strategies, management, supply chain basics, modelling, simulation and
different forecasting methods. Furthermore, we describe supply chain optimisation and
uncertainty and follow with a review of forecasting methodologies which are key to
success in planning which is an integral part of a manager’s job in a supply chain. We
then review stochastic elements and processes, and finally, discrete Markov chains and

the rolling horizon framework.

In chapter 3, we present a general background to the aviation industry and to spare parts
management within the aviation industry, which has the purpose of generating maximum
profits by keeping an aircraft aloft. This is followed by a review of the relevant literature
in the above areas. The primary objective of the aviation industry is either to maximise
profit or to minimise costs while still satisfying a required set of service levels to meet
customers’ requirements by supply chain optimisation. Then we look at optimisation in

the aviation industry and finally modelling approaches for planning and scheduling.

In chapter 4, we describe the modelling techniques and design of the model for the aircraft
rotable inventory problem. The model is built around an airline that has its own technical
services. The model is clarified and illustrated with graphs, formulations, and a scenario

optimisation approach.
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In chapter 5, we describe robust supply chain management tools and restate the problem
that this thesis aims to tackle, before moving on to describe the approach used and data

generator models.

In chapter 6, we discuss demand scenarios by reviewing factors affecting demand, explain
how data were used, and which limitations such as patterns in demands, predictions,

demand probabilities and risk for stock-out through inefficient demand forecast.

In chapter 7, we will begin with an introduction to the robust SCM tools used for tackling
this part of the problem then move on to describe the robust SCM tools and continue with
a literature overview regarding the use of robust tools. First, we move on to describe the
approach and the methodology in this study, mathematical modelling for stochastic
Monte Carlo and a rolling horizon are explained. Secondly, solutions obtained by

optimisation-based approaches are compared, and the outcomes are listed for the robust

SCM tools.

In chapter 8, a solution approach is introduced and potential improvements to the current
problems are made and discussed, conclusions are drawn and final recommendations are
presented. Finally, a summary of the work that has been performed along with a
discussion of the approaches and possible future considerations will be presented to

conclude this thesis.
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Chapter 2: Literature Review

This chapter presents an overview of the literature on reported work which is relevant to

the thesis.

First, we will look into recent trends in supply chain management, key supply chain
processes and management responsibilities, procurement, logistics, managing returns,
managing risks, creating an effective supply chain and, equally important, creating supply

chain optimisation and uncertainty.

Then, we offer a review of forecasting methodologies, which are key to success in
planning which is an integral part of a manager’s job in a supply chain. If uncertainties
cloud the planning horizon, managers will find it difficult to plan effectively. Forecasts
help managers by reducing some of the uncertainty, thereby enabling them to develop
more plans that are meaningful. A forecast is an estimate about the future value of a
variable such as demand. The better the estimate, the more informed decisions can be.

Some forecasts are long range, covering several years or more.

2.1 General Introduction

In the 1980s, companies discovered new manufacturing technologies and strategies that
allowed them to reduce costs and better compete in different markets. Strategies such as
just-in-time manufacturing, kanban, lean manufacturing, total quality management and
others became very popular, and vast amounts of resources were invested in
implementing these strategies. In the past decades, it has become clear that many
companies have reduced manufacturing costs as far as possible. Many of these companies
are discovering that effective supply chain management is the next step they need to take

in order to increase profit and market share and become competitive.

The objective of this study is to look at the role of the supply chain and how it adds value
to a product by transporting it from one location to another; the goods can be continuously

changed through processing. The growing global economy has caused a dramatic shift in
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inventory in recent years and especially now when products are dispersed globally. Hillier
and Lieberman [1] define the supply chain as a network of facilities that procure raw
materials and transform them into intermediate goods and then final products before
delivering the products to customers through a distribution system that includes an
inventory. According to Christopher [2], the supply chain refers to the organisational
networks that are involved in the diverse processes and activities that generate value in
the form of goods and services in the hands of the end customer. Shah [3] states that the
supply chain spans procurement, manufacturing and distribution and since inventory is
needed in all these stages, effective inventory management is one of the key elements in
managing the supply chain—a structured process wherein raw materials are transformed

into finished goods which are sold and then delivered to end customers.

The key issue is that the supply chain and supply chain management have played a
significant role in corporate efficiency. An academic literature review uncovers an
important increase in research into the practice and theory of the supply chain (SC) and
supply chain management (SCM). Connecting the concepts of the supply chain, supply
chain management and distribution management characteristics as well as accumulating
more information on these, have contributed to supply chain integration. This integration
has generated an approach that has extended into the corporate sector and the supply chain
is nowadays manifested as the cooperative supply chain across intercorporate borders,

which aims to increase the value across the whole supply chain.

Various systems of distribution which are organised to work through transport
connections and nodes and are recognised as supply chains in the industry do not, in
practice, comply with any of these definitions for supply chain. The Council of Supply
Chain Management Professionals (CSCMP) [4] defines supply chain management as

follows:

Supply chain management encompasses the planning and management of all
activities involved in sourcing and procurement, conversion, and all logistics
management activities. Importantly, it also includes coordination and
collaboration with channel partners, which can be suppliers, intermediaries, third-
party service providers, and customers. In essence, supply chain management

integrates supply and demand management within and across companies.
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Further, with regards to supply chain management in terms of boundaries and

relationships:

Supply chain management is an integrating function with primary responsibility
for linking major business functions and business processes within and across
companies into a cohesive and high-performing business model. It includes all of
the logistics management activities noted above, as well as manufacturing
operations, and it drives coordination of processes and activities with and across

marketing, sales, product design, finance, and information technology.

Oftentimes, supply chain management is confused with the term “logistics

management”[4].

The supply chain management (SCM) profession has continued to change and evolve to
fit the needs of the growing global supply chain. With the supply chain covering a broad
range of disciplines, its definition can be unclear. Shah addresses [3] the issue of supply
chain problems and divides it into three categories: (i) supply chain infrastructure
(network) design, (i1) supply chain analysis and policy formulation, and (iii) supply chain
planning and scheduling. The first two are essentially relatively infrequent “offline”
activities associated with establishing the best way to configure and manage the supply
chain network. The last involves deciding how to operate the network in order to best

respond to the external conditions faced by the supply chain.

The objective of this study is to look at the role of the supply chain and how it adds value
to a product by transporting it from one location to another; the good can continuously be

changed through processing.

2.2 Supply Chain Strategies

Supply chain strategies cannot be determined in isolation. They are directly affected by
another chain that most organisations have—the development chain—which includes the
set of activities associated with the introduction of a new product. At the same time,
supply chain strategies should be aligned with the specific goals of the organisation, such
as maximising market share or increasing profit. It is challenging to design and operate a
supply chain so that total system-wide costs are minimised and system-wide service levels

are maintained. Indeed, it is frequently difficult to operate a single facility so that costs
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are minimised and the service level is maintained. This difficulty increases exponentially
when an entire system is being considered. The process of finding the best system-wide

strategy is known as global optimisation [5].

2.3 Supply Chain Management

The influences of each step in a supply chain are such that they each contribute to the
value of the goods transported through the chain, and thus to its completion. Any
connection that is not smoothly made reduces the overall effectiveness of the whole
supply chain. The rationale behind this concept is the opportunity for cost saving and
better customer service. The core processes determine the competitiveness of the firm and
differentiate between successful and less successful organisations; core processes should
be targeted to the unique features of different business strategies, environments and fast-
changing customer needs. As it is typically implemented, supply chain management is
usually linked to the globalisation of production, which necessitates managing profitable
ways of regulating worldwide input or output flow. Performance measurement in supply
chain management is an important aspect of an organisation, mainly because of its
integral role in the management of physical and informational flow in the logistics

systems of the organisation.

Increasingly, successful supply chain management is recognised as a key indicator of
strong goods and service offerings and as important in helping corporations achieve a
competitive advantage. Effective supply chain management has become a potentially
valuable way of securing competitive advantage and improving organisational
performance since competition is no longer between organisations but among supply

chains.

According to Li et al. [6] organisational performance refers to how well an organisation
achieves its market-oriented goals as well as its financial goals. The short-term objectives
of supply chain management are primarily to increase productivity and reduce inventory
and cycle time, while the long-term objectives are to increase market share and profits for
all members of the supply chain. Financial metrics have served as a tool for comparing
organisations and evaluating an organisation’s behaviour over time. Any organisational
initiative, including supply chain management, should ultimately lead to enhanced

organisational performance. A number of prior studies have measured organisational
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performance using both financial and market criteria, including return on investment
(ROI), market share, profit margin on sales, the growth of ROI, the growth of sales, the
growth of market share, and overall competitive position. In line with the above literature,

the same items will be adopted to measure organisational performance in this study.

2.4 Supply Chain Optimisation

Optimisation using mathematical programming is an important subject area as it can
determine dramatic savings available to organisations that could not be achieved by other
means. Kallrath and Wilson [30] note that optimisation problems arise in almost all
branches of industry or society, e.g. in product and process design, allocation of scarce
resources, productions, logistics, traffic control, and even strategic planning. They
explain that the word “optimisation”, in nontechnical language, is often used in the sense
of improvements, while the original meaning of the word is related to finding the best. In
an optimisation problem, one tries to minimise or maximise important characteristics of
a process within the problem—such as revenue, elapsed time, or cost—through
appropriate decisions which influence this process, such as budget allocations, manpower
deployed or quantities to be manufactured. Such decisions can be controlled but are
influenced by limitations, e.g. limits on the budget or manpower available. The results of
the optimisation process will suggest decisions that could be taken and, if appropriate, the
levels of resources that should be utilised. Hillier and Lieberman [1] address the issue
from a broad viewpoint; they attempt to resolve the conflict of interest among the
components of the organisation in a way that is best for the organisation as a whole. This
does not imply that the study of each problem must give explicit consideration to all
aspects of the organisation. Rather, the objectives being sought must be consistent with
those of the overall organisation. In other words, an attempt is made to find the best

solution—referred to as the optimal solution—for the problem under consideration.

Sherbrooke [31] explains that in the past decades there have been two important,
conflicting developments in the management of inventories. The manufacturing sector
has tended to place more emphasis on better planning and “just-in-time” methods to
reduce investments in in-process inventories. At the other extreme, logisticians who are
responsible for the support of complex equipment such as ships, networks, electronic

utilities, computer systems, space shuttles, and orbiting vehicles are making use of ever
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more sophisticated inventory models. This is due in part to the increasing complexity of
the equipment and the need to meet specified availability. Demand forecasting and

inventory modelling are becoming more critical regarding the latter group.

Optimisation techniques are a key component in quantitative computer-based
methodologies, and there is a wide array of commercial packages available for various
kinds of optimisation applications along with tremendous amounts of work still being
done in many areas of this field. For example, network analysis, forecasting (regression,
path analysis, and time series), cost-benefit analysis, optimisation (linear programming,
assignment, and transportation), sensitivity analysis, significance testing, simulation,
benchmarking, and total quality management. This literature review on optimisation will
only serve as an introduction to the key and relevant aspects of optimisation that are

relevant to the study.

Optimisation problems are common in many disciplines and various domains. When
dealing with optimisation problems, we have to find solutions that are optimal or near-
optimal with respect to some goals. Usually, we are not able to solve problems in one
step, but we follow a process that guides us through problem-solving. Often, the solution
process is separated into different steps which are executed one after the other. Commonly
used steps are recognising and defining problems, constructing and solving models, and

evaluating and implementing solutions.

The aim of optimisation is to use quantitative methods to determine the maximum (or
minimum) solution to the objective function of the system subject to various restrictions.
Optimisation helps find the answer that yields the best result—i.e. the one that attains the
highest profit, output, and that achieves the lowest cost, waste, or discomfort. Often these
problems involve making the most efficient use of resources including money, time,
machinery, staff, inventory, and more. In the supply chain system, a typical solution seeks
to maximise profit, better utilise equipment and increase service levels or minimise costs,
for example, with lower inventories, or better and less costly transportation routes with
shorter time slots. Optimisation problems are often classified as linear or nonlinear,
depending on whether the relationship in the problem is linear with respect to the

variables.
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Mathematical or optimisation programming solves the problem of determining the
optimal allocations of limited resources required to meet a given objective. The objective
must represent the goal and as soon a problem is detected, we need to think about and
understand it in order to adequately describe the problem in writing. A mathematical
model or framework must be developed to represent reality in order to devise an
optimisation solution algorithm. The problem formulation must be validated before a
solution is offered for it. A good mathematical formulation for optimisation must be both
inclusive (i.e. it includes everything that belongs to the problem) and exclusive (i.e.

everything that does not belong to the problem is left out).

The formulation of an optimisation model involves deriving a set of equations. These
equations are the constraints on the systems and may be either equality or inequality
statements with a set of independent variables that can be manipulated to optimise a stated
objective function. However, the formulation of an optimisation is not a simple task for
several reasons. One such reason is found when the constraints of the system are not
defined by a set of empirical data (information acquired by scientists through
experimentation and observation) which has to be interpreted as a mathematical
statement. It is seen when the interest of formulating the problem is in a way that will
enable a solution to be obtained more speedily. The following are just two examples of

what can be done:

1. Formulate the optimisation problem into a simpler class of problems. This

1s discussed in the following section.
2. Break the problem down into smaller optimisation problems.

The solution methods to optimisation problems are based on the class of the optimisation
problem; certain classes of problems are far more difficult to solve than others. The
following is a list of some of the key distinctions among the classes of these problems

and a short discussion on the key issues pertaining to them.

We start with the distinction between linear (LP) and nonlinear problems (NLP). A linear
programming (LP) problem is one in which the objective and all of the constraints are
linear functions of the decision variables, whereas a nonlinear problem is defined as one
in which the variables of the system are not of the first order, and if any statement (or a

constraint of the objective function) is nonlinear, then the problem is a NLP. All linear
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functions are convex and hence linear programming problems are intrinsically easier to
solve than general nonlinear (NLP) problems, which may be nonconvex. In a nonconvex
NLP there may be more than one feasible region and the optimal solution might be found
at any point within any such region. By contrast, an LP has at most one feasible region
with no curves on its outer surface, and an optimal solution will always be found at a
“corner point” on the surface (where two or more constraints intersect). An LP solver
needs to consider far fewer points than an NLP solver. It is always possible to determine
(subject to the limitations of finite precision computer arithmetics) that an LP problem:
(1) has no feasible solution, (ii) has an unbounded objective, or (iii) has a globally optimal

solution (either a single point or multiple equivalent points along a line).

A further subcategorisation of optimisation problems determines whether the problem is
convex or concave. This primarily concerns NLPs only, as all LPs are convex. Convex
optimisation problems are far more general than linear programming problems, but they
share the desirable properties of LP problems. A convex optimisation problem is a
problem where all of the constraints are convex functions. If minimising, the objective is
a convex function, and a concave function if maximising. Linear functions are convex, so
linear programming problems are convex problems. With a convex objective and a
convex feasible region, there can only be one globally optimal solution. As such, the
solution will either be optimal or prove that there is no feasible solution to the problem.
On the other hand, a nonconvex optimisation problem is any problem where the objective
or any of the constraints are nonconvex. Such a problem may have multiple feasible

regions and multiple locally optimal points within each region.

Methodologies to determine globally optimal solutions currently comprise an active field
of research, with tremendous amounts of work being done as the majority of commercial
optimisation packages cannot determine whether a solution obtained by a system is the

global optimum or just a local optimum.

In the paper [32] “Global Optimisation in the 21% Century: Advances and Challenges”,
authors Floudas et al. provide a comprehensive review of state-of-the-art global
optimisation in relation to five different types of problems: two continuously
differentiable nonlinear problems, mixed integer nonlinear optimisation, differential
algebraic systems, grey-box and nonfactorable problems, and bilevel nonlinear and

mixed-integer optimisation. If the problem to be solved has all locally optimal points with
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the same value of the function to be optimised, a local search effectively solves the global
problem: finding a local optimum delivers a globally optimal solution. The locality of the
optimum is dependent on the neighborhood structure as defined by the local search
method that is used for optimising the function. However, it should be noted that in some
cases, local optima deliver suboptimal solutions to the global problem. That a local search
method needs to be modified to continue the search beyond local optimality based on
various factors such as stochastic elements means that the implementation of the solution

cannot be as precise as the solution given by the system.

Other classes of optimisation problems are based on whether the variables in the system
are continuous or discontinuous. One special case of discontinuous systems is the
presence of integer variables within a formulation, which also leads to a set of different
categorisations. The most common of these is called mixed integer programming (MIP),
wherein some variables in the system are continuous, and others are integer based. This
class of problem is often combined with LP and NLP to form mixed integer linear (MILP)
or mixed integer nonlinear (MINLP) problems. The common method used for solving

such problems is the branch and bound method using LP relaxations [33].

The final class of optimisation problems that will be mentioned in this review are
problems that contain stochastic elements. Stochastic elements complicate the finding of
a solution for an optimisation problem due to the uncertainty in the system. This is an
area where a lot of work is ongoing. Ahmed el at. [34] provides an overview of the
classical methods for performing optimisation under uncertainty, while also exploring the

main areas for development in this type of optimisation problem.

2.5 Supply Chain Uncertainty

A review of the supply chain literature reveals that almost all supply chain design models
are deterministic, treating customer demand, production, and transportation processes as
known. Geunes and Pardalos [35] asserted that although this simplification has
dramatically reduced the complexity of modelling the supply chain, the usefulness of
these models may also be dramatically reduced. Uncertainty is one of the most
challenging but important aspects of supply chain management. How to model
uncertainty in the supply chain design context remains an important yet unresolved

problem.
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Wilding [36] argued that one key issue known to impact the effectiveness of a supply
chain is that of uncertainty. Uncertainties in supply and demand are recognised as having
a major impact on the performance of the manufacturing function. Increasingly within
industry, managerial decision-making rules are being formalised by computer algorithms.
A conclusion that can be drawn from this is that if such algorithms are inappropriately
designed, chaotic behaviour can be generated, thus contributing to the uncertainty

experienced in the supply chain.

One of the ways to handle uncertainty is that inventory can be used to buffer the
uncertainty by allowing use of safety stock; however, this may increase the costs for those
operating on a just-in-time basis. Organisations implementing just-in-time methods
therefore need to ensure that their systems are flexible and responsive enough to cope
with the increase in uncertainty that may be experienced. Research undertaken by
Wilding [36] to gain insight into the potential generation of chaos within warehouse
supply chains also provides evidence that uncertainty can be generated by deterministic

chaos.

Uncertainty and risk are inherent in every supply chain: customer demand can never be
forecast with complete precision, travel times will never be entirely certain, and machines
and vehicles will break down. Similarly, recent industry trends that focus on reducing
supply chain costs—including outsourcing, offshoring, and lean manufacturing—all
significantly increase the level of risk in the supply chain. Recent examples, especially in
the early years of the 21 century, have been notable for major supply chain disruptions
that have highlighted vulnerabilities for individual companies and for entire industries
around the world. The Japanese tsunami in 2011 left the global auto industry reeling for
several months. Thailand’s 2011 floods affected the supply chains of computer
manufacturers dependent on hard disks and those of Japanese auto companies with plants
in Thailand. The 2010 eruption of a volcano in Iceland disrupted millions of air travellers

and affected time-sensitive air shipments.

The underlying objective of Tan et al’s [37] research was to identify how specifically a
firm's competitive environment and management's response to it affects performance.
One of the findings was that successful management of the supply chain is key to the
long-term success of an organisation which, however, cannot occur if organisations

implement business practices in an arbitrary, uncoordinated manner, or if they direct
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scarce financial resources to initiatives that are unlikely to yield positive outcomes. In
other words, the traits which could be attributed to an organisational culture are the key
to success for companies and could be the attributes that were decisive, customer-
oriented, empowering, and people-oriented, which have led to them being suggested as

an approach for coping with sources of uncertainty for the employees [38], [39].

Managers need to protect their supply chains from serious and costly disruptions, but the
most obvious solutions— increasing inventory, adding capacity at different locations, and
having multiple suppliers—undermine efforts to improve supply chain cost efficiency
[40]. Surveys have shown that while managers appreciate the impact of supply chain
disruptions, they have done very little to prevent such incidents or mitigate their impacts
[41]. This is because solutions for reducing risk mean little unless they are weighed
against supply chain cost efficiency. After all, financial performance is what pays the
bills. Thus, supply chains need to be designed and managed in order to eliminate as much
uncertainty and risk as possible, as well as to effectively deal with the uncertainty and

risk that remain [42].

To confront the task of implementing the supply chain, a company needs to manage the
information, people, processes, and decisions regarding a product throughout its lifecycle
to achieve reliable results and to gain market leadership. The strategy for the company
must be explained and be adaptable for employees through training for all collaborative
processes across the company so the end-to-end supply chain works as expected. In other
words, the ability to orchestrate the supply chain through conversation across the
organisation and the operation is agile on all levels [43]. Companies use different
strategies to manage and reduce uncertainty, like building agile supply chains, increasing
resilience, postponement, etc. All these strategies require strong supply chain

collaboration [44].

Mamillo [44] argues that a high level of supply chain uncertainty does not always lead to
a high degree of collaboration with the supply chain members. Organisational culture is
the key driver of a successful collaboration and at same time culture refers to a collection
of shared assumptions, values, and beliefs that is reflected in organisational practices and
goals and that helps its members understand organisational functioning and will improve
competitiveness through a cumulative improvement approach [45]. Furthermore, as

Flynn et al. [46] argue, a member of a supply chain also faces uncertainty when it lacks
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information that it needs from its customers and suppliers because they withhold
information that they feel is not in their best interest to share. In theory, uncertainty can
manifest itself in different forms, including variability, lack of information and/or
ambiguity. Consequently, supply chain members are in a mutual relationship in which the
outputs of one member are inputs for others, and in which they share resources as referred

to by Thompson [47].

Supply chain uncertainty can exist at multiple levels, including individual decision-
makers, functional departments, organisations and ultimately, supply chains.
Furthermore, supply chain integration is sometimes prescribed as a response to
uncertainty without accounting for the differing demands engendered by different forms
of uncertainty. Consequently, our understanding of uncertainty in the domain of supply
chain management is still incomplete and some conflicting results remain unexplained

[46].

Finally, managers must work to integrate the supply chain—i.e. to ensure that all the
functions and activities involved in the chain are working harmoniously together.
Developing an integrated supply chain, however, means managing material flow from
three perspectives: strategic, tactical and operational through the use of facilities, people,
finance for systems to be co-ordinated and harmonised as a whole to cope with
uncertainty [48]. All stakeholders must develop skills to adopt a proactive approach in
their environment and influence the extent of collaboration between the supply chain

members.

Simangunsong el at. [49] argue that the main sources of uncertainty can be divided into
three groups: internal organisational uncertainty, internal supply chain uncertainty that
arises within the realm of control of the focal company or its supply chain partners, and
finally, external uncertainties from factors outside the supply chain which are outside a

company’s direct areas of control.

Van der Vorst and Beulens [50] also suggested the redesign of supply chain configuration
and/or infrastructure. At same time, collaboration with key suppliers and customers helps
to break barriers between supply chain stages; this may reduce uncertainty related to

decision-making complexity within the system. Besides, human behaviour-related

Edvald Moller Page 16 of 166 PhD. Thesis



Chapter 2: Literature Review Imperial College London

uncertainty can be reduced by limiting the role of humans in the process. From a strategic

perspective, end-user wishes are identified and translated into chain requirements.

In the following sections, we review the forecasting methodologies under consideration
which are key to success in planning which itself is an integral part of a manager’s job in
a supply chain. If uncertainties cloud the planning horizon, managers will find it difficult
to plan effectively. Forecasts help managers by reducing some of the uncertainty, thereby
enabling them to develop more plans that are meaningful. A forecast is an estimate about
the future value of a variable such as demand. The better the estimate, the more informed

the decisions can be. Some forecasts are long range, covering several years or more.

2.6 Forecasting

“You do not plan to ship goods across the ocean, or to assemble merchandise for sale, or
to borrow money without first trying to determine what the future may hold in store.
Ensuring that the materials you order are delivered on time, seeing to it that the items you
plan to sell are produced on schedule, and getting your sales facilities in place all must be
planned before that moment when the customers show up and lay their money on the
counter. The successful business executive is a forecaster first: purchasing, producing,

marketing, pricing, and organising all follow” [51].

2.6.1 Forecasting Methods: An Overview

Forecasting methods can be viewed as one of two types: either quantitative or qualitative.
Quantitative methods are based on algorithms of varying complexity, while qualitative
methods are based on educated guessing. Although the focus of this study will be on
quantitative methods, it has to be noted that the division between these two methods is
somewhat overstated, and that in real-life practice there is often a use of a mixture of
qualitative and quantitative methods. Qualitative forecasting techniques are generally

more subjective than their quantitative counterparts.

One of the more common blended forms of these two forecast types is the Delphi method
which involves a group of participants, usually experts. After the participants respond to
forecast-related questions, they rank their responses in order of perceived relative
importance. Then the rankings are collected and aggregated. Eventually, the group should

reach a consensus regarding the priorities of the ranked issues. Qualitative techniques are
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more useful in the earlier stages of the product life cycle, when less past data exist for

use.

Amongst quantitative methods, the key division is between time-series methods and non-
time-series methods. Time-series data treatments rely on the relationship between the
points which are in chronological order, whereas non-time-series data treatments treat
each point independently. There is a further subdivision of methods into what are termed
here as “simple methods” (defined in this case by the lack of data available on the system,
and only using the previous n data point from the present time) and “complicated
methods” (defined by their use of all available data and having a requirement of several
full cycles of data available before they give realistic answers). It is to be noted that this
division is relatively arbitrary and is just one of the ways to categorise forecasting

methods.

Fig. 1 illustrates the types and categories of forecasting methods defined in this literature

review which are associated with the demand data.
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Fig. 1. The types and categories of forecasting methods associated with the demand
data.

2.6.2 Simple Quantitative Forecasting Methods

A time series is a set of observations about a quantitative variable collected over time.
For example, every night, the evening news reports the closing value of the Dow Jones
Industrial Average. These closing values represent a series of values for a quantitative
variable over time or a time series. Most businesses keep track of a number of time-series
variables. Examples might include daily, weekly, monthly, or quarterly figures of sales,

costs, profits, inventory, back orders, customer counts, and so on.
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Businesses are often interested in forecasting future values of a time-series variable. For
example, if we could predict the future closing values of the Dow Jones Industrial
Average accurately, we could become rich investing in the stock market by “buying low
and selling high”. In constructing business plans, most companies make some attempt to
forecast the expected levels of sales, costs, profits, inventory, back orders, customer
counts, and so on. These types of forecasts are often required input for the other type of

modelling techniques discussed throughout this text.

2.6.3 Time-Series Methods

In many business planning situations, it is difficult, undesirable, or even impossible to
forecast time-series data using a causal regression model. However, if we can discover
some sort of systematic variation in the past behaviour of the time-series variable, we can
attempt to construct a model of this behaviour to help us forecast its future behaviour. For
example, we might find a long-term upward (or downward) trend in the time series that
might be expected to continue in the future. Or, we might discover some predictable
seasonal fluctuations in the data that could help us make estimates about the future. As
may be surmised, time-series forecasting is based largely on the maxim that history tends

to repeat itself.

Techniques that analyse the past behaviour of a time-series variable to predict the future
are sometimes referred to as extrapolation models. The general form of an extrapolation

model is:

? = f(Yti Yt—l; Yt_z, 2_1

t+1

Where ?t +1 represents the predicted value for the time series variable in time period t +

1

1, Y; represents the actual value of the time series variable in time period ¢, Y;_; represents
the actual value of the time-series variable in time period ¢ — /, and so on. The goal of an
extrapolation model is to identify a function f for equation 2-1 that produces accurate

forecasts of future values of the time-series variable.
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This section presents a variety of methods for analysing time-series data. We will first
discuss several techniques that are appropriate for stationary time series in which there is
no significant upward or downward trend in the data over time. We shall discuss
techniques for handling nonstationary time series in which there is some upward or
downward trend in the data over time. This is followed by techniques for modelling

seasonal patterns in both stationary and nonstationary time-series data.

2.6.4 Accuracy of the Measurements

Many methods are available for modelling time-series data. In most cases, it is impossible
to know in advance which method will be the most effective for a given set of data, and
thus, a common approach to time-series analysis involves trying several modelling
techniques on a given data set and evaluating how well they explain the past behaviour
of the time-series variable. We can evaluate these techniques by constructing line graphs
that show the actual data versus the values predicted by the various modelling techniques.
More formal quantitative measures of the accuracy (or “goodness of fit”) of time-series
modelling techniques also exist. Four common accuracy measures are the mean absolute
deviation (MAD), the mean absolute percent error (MAPE), the mean square error
(MSE), and the root mean square error (RMSE) = standard deviation of errors (SDE).

These quantities are defined as follows:

1 ~
MAD =;Z|Yi—yl| 2-2
i
100 |V; = ¥,
MAPE = Z 2-3
n L Y
l
1 )
MSE = ;Z(Yi -Y) 2-4
i
RMSE = SDE = VMSE 2-5
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One additional way to obtain a slightly different version of the previous statistic is by
using relative errors (RE) instead of the normal error. This statistic can be obtained by
substituting the relative errors for the errors in the equation above. In this particular case,
the RE is taken against the forecast as there are many cases where the demand data are
zero, thus, taking the RE against the demand leads to numerical problems. This does not,

of course, help if the forecast is also zero, but that is less often the case.

(Yt - Y\t) 2-6

RE, =

where

?t is the forecast at time ¢.

Y; is the demand at time t.

While such normal statistics are useful for looking at the performance of individual
forecasting methods, Theil’s U-statistic [52] provides a method of direct comparison of
forecasting methods against the naive forecasting method (equation 2.1) to provide a basis

for the comparisons. Theil’s U-statistic is defined mathematically in equation 2.24.

Theil's U- statistic is a relative measure which allows comparisons with the naive
(Y:= Yi1) or random walk model, i.e. a U = 1 means that the naive method is as good as
the forecasting technique, U < 1 indicates that the forecasting technique being used is
better than the naive method. The smaller the U-statistic, the better the forecasting

technique is relative to the naive method.

Jzz“(yt -7 27

Theil’'s U =
VIFI(Y, — Yy)?

It also has several other properties that make its use attractive. The disadvantage to this
measure is that it is more difficult to interpret than MAPE, and the U-statistic has no upper

limit; so, a few very large values can easily distort the comparisons.
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In each of these formulas, Y; represents the actual value for the ith observation in the time
series, and Y; is the forecasted or predicted value for this observation. These quantities
measure the differences between the actual values in the time series and the predicted, or
fitted, values generated by the forecasting technique. The MSE and RMSE measures are
closely related to the sum of square estimation errors criterion introduced in our
discussion of regression analysis. Although all these measures are commonly used in
time-series modelling, we will focus on the MSE measure—because it is somewhat easier
to calculate—and more specifically, where the MSE value describes the overall fit of the

forecasting technique to the historical data.

2.6.5 Comparison of Forecasting Methods

A lot of work has been done which compares forecasting methods for specific case
studies; however, as this thesis cannot provide a comprehensive overview, it will only

highlight certain work.

Read and Sander [53] and Ragsdale [54] list the strengths and weaknesses of some of the
forecasting methods, as shown in TABLE 1.

TABLE 1. A LIST OF COMPARISONS OF FORECASTING METHODS [33]

Type Description Strengths Weaknesses

naive Next period’s forecast is It is very simple to use. Only good if the data
equal to the current period’s change is minor from
actual value. period to period.

simple mean or Uses an average of past data | This model is only good for | Requires a larger data

average as a forecast. a level data pattern. set in order for the

forecasts to become

more stable.
simple moving A forecasting method in This model is only good for | The forecasts trail
average which only n of the most forecasting level data. behind the actual data,
recent observations is “lagging” the data.

averaged.
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weighted moving

Each observation is weighted

Good for level patterns;

Selection of weights

average differently. allows different weights on requires good

past demands. judgement.
exponential Uses a sophisticated weight Provides excellent forecast Choice of exponential
smoothing average procedure to results for short to medium smoothing coefficient

generate a forecast.

length forecasts.

is important.

additive seasonal

effects

(Holt-Winter’s)

Computes the percentage
amount by which data for
each season is above or

below the mean.

It can be modelled to make

more accurate forecasts.

As the size of the data
set decreases, the
impact of differences in

the initial values

method)
becomes more obvious.
multiplicative A slight modification to the It can be modelled to make As the size of the data
seasonal seasonal effects model more accurate forecasts. set decreases, the
makes it appropriate for impact of differences in
modelling stationary time- the initial values
series data with becomes more obvious.
multiplicative seasonal
effects.
double An exponential smoothing Provides good results for Should only be used for
exponential model with separate trend data and is often an data with trends.
smoothing equations for forecasting the | effective forecasting tool for

(Holt’s method)

level and trend.

time-series data that exhibits

a linear trend.

linear trend line

Technique uses the least
squares method to fit a

straight line to past data.

Easy to use and understand.

Data should display a

clear trend over time.

linear regression

Uses the least squares

method to model a linear

Easy to understand and

provides good forecast

Ensures a linear

relationship is present.

relationship between two accuracy.
variables.
regression Uses the least squares A powerful tool for Significantly increases
methods method but models the forecasting when multiple data and computational
relationship of multiple factors influence the variable | requirements.
variables with the variable that is being forecast.
being forecast.
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2.6.6 Different Simple Forecasting Methods

The simplest possible forecasting method is what is called the naive method. Given its
simplicity, it provides the basis for the comparison of all methods. This method assumes
that the forecast for the next time unit will be the same as the value for the present time
unit in following the basic forecasting assumption that there is a continuity of pattern

within the data.
The naive method is expressed in the equation:

Y. .. =Y, 2-8

t+1

where

?t ,, is the forecast at time t+1.

Y, is the demand at time t.

While the naive method provides the baseline from which most forecasting algorithms
start—that past patterns give an indication of future behaviour, that tomorrow will be like
today—the method ignores any historical data dating back earlier than today. Most data
sets that are used to generate forecasts contain a lot of “noise” or randomness and in order
to compensate for any “noise” within the data set being forecast, smoothing methods are
often used to eradicate the randomness within the data sets and help highlight an

underlying pattern in the data.

The moving average technique is probably the easiest extrapolation method to use and
understand when reviewing stationary data. With this technique, the predicted value of

the time series in period t + 1 (denoted by ¥ ) is simply the average of the k previous

t+1

observations in the series, that is:

5 YN+ Y Yot Yikn
t+1 k

2-9

where value k determines how many previous observations will be included in the

moving average. No general method exists for determining what value of £ will be best
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for a particular time series; therefore, we must try several values of k to see which
produces the best results. The outcome shows that the predicted values tend to be less
volatile, or smoother, than the actual data. This should not be surprising given the original
data. The moving average technique is thus sometimes referred to as a smoothing method.
For example, the larger the value of k (or the more past data points that are averaged

together), the smoother the moving average prediction will be.

One drawback of the moving average technique is that all the past data used in calculating
the average is weighted equally. We can often obtain a more accurate forecast by

assigning different weights to the data.

The weighted moving average technique is a simple variation on the moving average
technique that allows for weights to be assigned to the data being averaged. In the

weighted moving average technique, the forecasting function is represented by:

?t+1 = W1Y1 + WZYt—l + -+ kat—k-l-l + 2-10

where

Although the weighted moving average offers greater flexibility than the moving average,
it is also a bit more complicated. In addition to determining a value for k, we must also
determine values for the weights w; however, for a given value of k we can solve the

equation to determine the values for w which minimise the MSE.

Exponential smoothing is another averaging technique for stationary data that allows
weights to be assigned to past data. Exponentially decreasing weights are used as the
observations become older, making the typical assumption that more recent data give a
clearer indication of future trends. Exponential smoothing models assume the following

from:

Vi =Y+ a(, = 1) 2-11
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The equation indicates that the predicted value for time period t + 1 (¥;,) is equal to the
predicted value for the previous period (¥;) plus an adjustment for the error made in
predicting the previous period’s value (a(Yt — ?t)). The parameter a in the equation can

assume any value between 0 and 1 (0 <a <1).

In an exponential smoothing model, small values tend to produce sluggish forecasts that
do not react quickly to changes in the data. A value near 1 produces a forecast that reacts
more quickly to changes in the data. Here it is possible to identify the value for « that
minimises the MSE. Note that this is a nonlinear optimisation problem because the MSE

represents a nonlinear objective function.

Many time-series variables exhibit seasonality or a regular, repeating pattern in the data.
For example, in time series s data for monthly fuel oil sales, we would expect to see
regular jumps in the data during the winter months each year. Similarly, monthly or
quarterly sales data for suntan lotion likely would show consistent peaks during the

Summer.

Two different types of seasonal effects are common in time-series data: additive effects
and multiplicative effects. Additive seasonal effects tend to be of the same order of
magnitude each time a given season is encountered. Multiplicative seasonal effects tend

to have an increasing effect each time a given season is encountered.

The following model is useful for stationary models with additive seasonal effects:

1?t+n =E: + St+n—p 2-12
Ec=aY;—Sp) +(1—a)E_4 2-13
Se=BY;—E)+(1- ,B)St_p 2-14

0<a<land0<B<1
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E; represents the expected level of the time series in period t, and S; represents the
seasonal factor for period t. The constant p represents the number of seasonal periods in

the data. Thus, for quarterly data, = 4, and for monthly data, p = 12.

In equation Y,,, the forecast for time period t + n is simply the expected level of the
time series at period t adjusted upward or downward by the seasonal factor S;;,_,. The
equation for E; estimates the expected level for period t as a weighted average of the
deseasonalised data for period t (Y; — S;_,) and the previous period’s level (E;_q). S¢
estimates the seasonal factor for period t as the weighted average of the estimated
seasonal effect in period t (Y; — E;) and the previous seasonal factor for that same season
(S¢-p)- To use these equations, we must initialise the estimated levels and seasonal factors
for the first p time periods. There are numerous ways to do this; however, for simplicity’s

sake, we will do it as follows:

14
Y:
Etzzi, t=1,2..,p 2-15
i p

L
Se=Y,—E;, t=1,2,..,p 2-16

This is to say that we will use the average value of the first p time periods as the initial
expected levels for each of these time periods. We then use the difference between the
actual values and expected levels as the initial seasonal factors for the first p time periods.
By adding « and f3, a solver can be used to determine the optimal value of a and £ that
minimises the MSE and the feasible solution (see below). When the data set being
modelled is large, minor differences in the initial values are likely to have little impact on
forecasts, but as the size of the data set decreases, the impact of differences in the initial

values becomes more pronounced.

A slight modification to the previous model makes it appropriate for modelling stationary
time-series data with multiplicative seasonal effects. In particular, the forecasting

function becomes:

1?'1:+n = E; X St+n—p 2-17
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where
E, = a(Yt/St_p) +(1—-a)E_4 2-18
Se=BY:/E) +(1— :B)St—p 2-19
Se=BY:/E) +(1— :B)St—p 2-20

0<a<landO<pB<1

In this model, E; again represents the expected level of the time series in period t, and S;
represents the seasonal factor for period t. The constant p represents the number of

seasonal periods in the data.

Y;4n is the forecast for the time period, and t + n is simply the expected level of the time
series at period ¢t multiplied by the seasonal factor S¢,,,_,. E; estimates the expected level
for period t as a weighted average of the deseasonalised data for period t (Y;/S;_,) and
the previous period’s level (E;_;). S; estimates the seasonal factor for period t as the
weighted average of the estimated seasonal effect in period t (Y;/E;) and the previous
seasonal factor for that same season (S;_p). In order to use the equations, we must
initialise the estimated levels and seasonal factors for the first p time periods. One simple

way to do this is as follows:

p
Y:
Et=2—‘, t=1,2,..,p 2-21
L p
=1
Se=Y/E, t=12,..,p 2-22

That is, we will use the average value of the first p time periods as the initial expected

levels. We then use the difference between the ratio of the actual values to the expected
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levels as the initial seasonal factors for the first p time periods and use a solver to

determine the value of @ and £ that minimise the MSE.

2.6.7 Holt/Holt-Winters Methods

There are, of course, many other variations of these smoothing methods based on
additional data manipulation such as double moving averages and more complicated
search algorithms used to determine the ideal value of a. Notable variation of this are the
Holt and Holt-Winters methods , both of which account for seasonality effects and use a

seasonal modifier to alter the final forecast.

Double exponential smoothing (Holt’s method) is often an effective forecasting tool for
time-series data that exhibit a linear trend. After observing the value of the time series at
period t (Y;), Holt’s method computes an estimate of the base, or expected, level of the
time series (E;), and the expected rate of increase or decrease (tend) per period (T;). The

forecasting function in Holt’s method is represented by:

Viin = Ep + 1T, 2-23

Vein = Ep + 1T, 2-24
where

E;=aYi+ (1 —a)(E_q + Tio1) 2-25

Ec=aYe+ (1 —a)(Eq +Toq) 2-26

T =PB(E;—E) + (1 — BTy 2-27

0<a<land0<B<1
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We can use the forecasting function, ¥,,,, to obtain forecasts for n time periods in the
future where n = 1,2,3, and so on. The forecast for time period t + n (or Y,,,) is the
base level at time period t (given by E;) plus the expected influence of the trend during

the next n time periods (given by nT;).

The smoothing parameters a and 3 can assume any value between 0 and 1 in equations.
If there is an upward trend in the data, E; tends to be larger than E;_;, making the quantity
E; — E;_4 positive. This tends to increase the value of the trend adjustment factor T.
Alternatively, if there is a downward trend in the data, E; tends to be smaller than E;_,
making the quantity E; — E;_; negative. This tends to decrease the value of the trend

adjustment factor T;.

In addition to having an upward or downward trend, nonstationary data may also exhibit
seasonal effects. Here again, the seasonal effects might be additive or multiplicative in
nature. Holt-Winter’s method is another forecasting technique that we can apply to time
series that exhibit trends and seasonality. To demonstrate the Holt-Winter method for
additive seasonal effects, let p represent the number of seasons in the time series (for

quarterly data, p = 4 and p = 12 for monthly data). The forecasting function is then

given by:
Yesn = Ee + 0Ty + Spyn—p 2-28
where
Ee =a(Y;=Si—p) + (1 —a)(Erq + T—q) 2-29
T =B(Et —E—1)+ (1 —B)T—4 2-30
Se=y(Ye—E)+ (1 -y)Si—p 2-31
0<a<1l,0<B<land0<y<1 2-32
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We can use the forecasting function, ¥,,,, to obtain forecasts for n time periods into the
future where n = 1,2,3, ..., p. The forecast for time period t + n (or ¥;,,,) is obtained in
the equation by adjusting the expected base level at time period t + n (given by E; —
nT;) by the most recent estimate of the seasonality associated with this time period (given
by St4n-p). The smoothing parameters a, B, and y in the equations can assume any value

between 0 and 1.

The expected base level of the time series in time period t (E;) is updated in equation

2-29 which takes a weighted average of the following two values:

o FE, |+ Ti_1, which represents the expected base level of the time series at time

period t before observing the actual value at time period t (given by Y;).

o Y, —Si_p, which represents the deseasonalised estimate of the base level of the

time series at time period t after observing Y;.

The estimated per period trend factor T; is updated by the above equation 2-30, which is
identical to the procedure in equation 2-27 used in Holt’s method. The estimated seasonal
adjustment factor for each time period is calculated using equation 2-31, which takes a

weighted average of the following two quantities:

® Si_p, which represents the most recent seasonal index for the season in which

time period t occurs.

o Y, —E,, which represents an estimate of the seasonality associated with time

period t after observing Y.
Before making predictions using this method, it is important to identify optimal values
for aa, B, and y by using a solver to determine the values for each a , 3, and y that

minimise the MSE, and which will give the best indication for the predicted values.

2.6.8 ARIMA

ARIMA (p, d, q¢): ARIMA stands for “autoregressive integrated moving average”. This
model was developed by George Box and Gwilym Jenkins [49]. In this analysis, a series
is transformed to a condition of covariance stationary, and then it is identified, estimated,

diagnosed, and forecast. The ARIMA model is represented by ARIMA (p, d, g). In this
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notation, the parameters inside the parentheses represent (p) the order of autoregression,

(d) differencing, and (q) moving average in the model.

o= @i Xeoy + oXeg + ot @pXe_p + & — Oy — - — Opep_q  2-33

where AR is the autoregression, MA the moving average, I the integration, p the order of
autoregression, d the order of integration, ¢ the order of moving average, ¥, the forecast
value for period ¢, ¢, the #-th autoregression parameter, &f the error term at time ¢ and 6t

the #th moving average parameter.

Multiplicative SARIMA (p, d, q)(P, D, Q)s model (for stochastic seasonal nonstationary
series): just as the ARIMA notation has regular parameters, it may also have seasonal
parameters. In a multiplicative seasonal ARIMA (SARIMA) model, the seasonal
components are denoted by ARIMA (P, D, Q)s, where capitalised letters respectively
represent the seasonal components of the model and s indicates the order of periodicity
or seasonality. Equivalently, SARIMA is an extension of ARIMA, where seasonality in
the data is accommodated using seasonal difference. The full formulation of a
multiplicative seasonal ARIMA model is the general form ARIMA (p, d, q)(P, D, Q)s.
The parentheses enclose the nonseasonal and the seasonal factors parameters,

respectively. The enclosed parameters indicate the order of the model.

SARIMA model with intervention analysis (a bivariate SARIMA model): SARIMA with
intervention analysis is an extension of the multivariate ARIMA (MARIMA) concepts by
Box and Tiao [55]. It is used for recognising the interventions of an independent variable
on a dependent variable of interest. The impact from the intervention may be
instantaneous or it may be spread over a period of time between the old equilibrium level
and the new equilibrium level. Intervention analysis is thus aimed at identifying the type
of response a dependent variable will exhibit, given some step changes in an independent
variable. An intervention model could be formulated as a regression function. Then the
regression model contains independent variables consisting of a SARIMA model and an
intervention function represented by a special type of dummy variable called a step or
pulse function to become a multivariate SARIMA model. More specifically, the response
variable, (Y;), is a function of the pre-intervention SARIMA model plus the input

function of the deterministic intervention indicator.
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2.6.9 Regression Methods

Another way of performing forecasting is to investigate how data can be expressed as
functions of other independent variables, such as, for example, increasing sales for a
company and the amount of money it spends on advertising. In such cases, a regression
analysis against one or more variables can be performed to establish a regression

equation. This is typically done by minimising the MSE.

2.7 Stochastic Elements

Stochastic elements include situations or models containing a random element; hence,
they are unpredictable and do not have a stable pattern or order. Most natural events
include stochastic phenomena. The usage of stochastic elements within supply chain work
is increasing as work in the direction of handling uncertainty increases proportionately.
In businesses and open economies there are stochastic systems because their internal
environments are affected by random events in the external environment. “Stochastic” is
often taken to be synonymous with probabilistic and stochastic randomness, although
probabilistic is actually directly related to probabilities and is, therefore, only indirectly

associated with randomness.

Stochastic elements within a supply chain are often found in important details, such as
the error term for demand, processing unit unavailability due to breakdowns, the failure
of a quality control check on a product, or the delayed arrival of raw materials, all of
which have major impacts on supply chain performance. While work has been done in
supply chain modelling to deal with these elements, one of the current challenges is
accurately duplicating the behaviour of these stochastic elements within computer

models.

Stochastic elements are usually duplicated within computer models based on two
components: statistics derived from historical observations of the behaviour of these
stochastic elements and a random number generator for a uniform distribution between 0
and 1 (U(0, 1)). The statistics serve to scale the random number that is generated.
However, the task of generating a uniform distribution between 0 and 1 can cause

particular problems, especially when considering low numbers of sampling data.
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The fact that a low sample from a random number generator tends to give a basic shape
of a normal distribution of the numbers means that the results that are generated can
adversely affect the final results that are obtained. Consider, for instance, that the
observed statistical distribution of a random event can be described acceptably by a
normal distribution. The event is then simulated by means of a number obtained from a
random number generator and using the normal distribution to obtain the corresponding
value. The ideal for the simulation is that the observed points generated can also be
described by the same statistical distribution. However, if the quality of the random
number generator is not good enough, or if there is a bias towards a distribution other

normal, this will affect the simulated behaviour of the system.

While the generating of statistics from historical observations is a subject that has been
written about in many textbooks, it is particularly challenging to implement. As yet, the
best way of generating a statistical distribution that best models a set of observations is
to base it on human observation of the patterns, although certain basic computer packages

which can be used to generate a statistical fit for a given data set do exist.

Random number generators are the basis for generating stochastic elements within
computer-based simulation and modelling tools. While the task of generating a uniform
distribution between 0 and 1 may not appear to be a difficult problem, it is actually a
significant one, especially when considering the low numbers of sampling replications. It
is often assumed that random number generators within standard software packages such
as Microsoft Excel can produce acceptable results. However, basic test runs show that

this is not the case.

Monte Carlo (MC) simulations are traditionally used to handle stochastic elements. MC
is quite an old methodology that has been used to deal with systems with a high degree
of variability and complexity. One key aspect of Monte Carlo simulations is that purely

random numbers are often not required.

2.8 Stochastic Processes

The first step in modelling a dynamic process is to define the set of states over which it
can range and to characterise the mechanisms that govern its transitions. A state is

essentially a snapshot of the system at a specific point in time. It is an abstraction of reality
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that describes the attributes of the system of interest. Time is the linear measure through
which the system moves, and can be thought of as a parameter. Time involves a past, a
present, and a future. We usually know the trajectory a system has followed to arrive at
its present state. Using this information, the goal is to predict the future behaviour of the
system in terms of a basic set of attributes. A variety of analytic techniques are available

for this purpose [56].

Although the terms “stochastic process models” and “stochastic models” are sometimes
used interchangeably, there is an important distinction to be made between the two. The
latter constitutes a larger set that may include a decision-making component. The former
represents phenomena that are governed by random variables and are descriptive only;
they are not prescriptive. The words “state” and “time” are used in dynamic programming
to describe models that, in fact, can be stochastic. The difference is that an elementary
dynamic programme is a representation of a decision process defined over a set of state
and control variables. The model is used to determine optimal policies. In contrast, a
stochastic process aims at predicting the behaviour of a system rather than making optimal
decisions. A stochastic dynamic programme is the integration of a dynamic decision
process governed by probabilistic state transitions. This is sometimes referred to as the
Markov decision process, when the transition probabilities satisfy the memoryless
property [57]. From a modelling point of view, state and time can be treated as either
continuous or discrete. Theoretical and computational considerations, however, argue in
favour of the discrete state case which will be the focus of the remainder of the thesis.
The model of a stochastic process describes activities that culminate in events. The events

cause a transition from one state to other.

2.9 Rolling Horizon Framework

Aggregate planning typically covers a time horizon of 2 to 18 months, i.e. a rolling
planning horizon covering the next 2—18 months. It is essentially a big picture approach
to planning. Planners focus on a group of similar products or services, or sometimes an
entire product or service line. The aggregate planning is particularly useful for
organisations that experience seasonal or other fluctuations in demand or capacity [69].
All steps taken in an inventory planning have a direct impact on a company's cash flow

and profit margins.
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The major reasons for doing intermediate-range planning are time and level of accuracy.
It takes time to develop and implement a plan. It is also not possible to predict the timing
and volume of demand for individual items with any degree of accuracy. Inventory
planning means figuring out what your inventory should be, i.e. not counting what we
have. Forecasting and inventory planning look to the future. Such analytical systems

involve complex statistical analyses, advanced calculus, and engineering optimisations.

Rolling horizon methods solve the integrated planning and scheduling optimisation
problem with a sequence of iterations, each of which models only part of the planning
horizon in detail, while the rest of the horizon is represented in an aggregate manner. The
rolling horizon solution framework involves successively solving each scheduling
subhorizon and carrying over any unsatisfied demand to the following subhorizon. In
principle, this approach produces feasible planning and scheduling solutions with a

significant reduction of the computational requirements [70].

Rolling horizon decision-making is a common business practice for making decisions in
a dynamic stochastic environment. In essence, this practice involves making the
immediate decisions, i.e. decisions that must be made in the first period, based on a
forecast (deterministic or stochastic) of relevant information for a certain number of
periods in the future. Clearly, a decision-maker will be interested in knowing how far into
the future he must forecast in order to make optimal first period decisions. At the
beginning of the second period, the second period decisions become immediate. In order
to make these decisions, forecasts for additional periods in the future may be required. In
addition, existing forecasts may, in some cases, also be revised or updated. This procedure
repeats every period, justifying the term rolling horizon decision-making for the practice.
Here, the term ‘“horizon” refers to the number of periods in the future for which the

forecast is made. It is this horizon which is rolled over each period [71].

2.9.1 Rolling Horizon Optimisation Model

The rolling horizon optimisation model manages a set, i, i.e. items over a planning
horizon, composed of a set, K, of consecutive months, and it assigns items to blocks in
such months. At the p-th iteration, K is made up of the p; p + 1, .. .; (p +n - 1)- th
months, where n = |K|. We stress that at each iteration, a schedule over n weeks is

produced, but only the first week of the schedule is applied. Fig. 2 provides an illustration
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of the idea. The remainder of the schedule is kept as a reference for the next iteration.
Beside minimising the tardiness and waiting time, the model is also conservative with
respect to decisions taken in the previous iteration, thus, limiting the number of

disruptions. A detailed model description is deferred to Section 7.2.1.

iter 1

iter 2

iter 3

iter 4

Implementation

Fig. 2. Rolling Horizon scheme.

2.9.2 Perfect Foresight vs Rolling Horizon Perspective with and
without Uncertainty

In this section we review a paper by Devine, Gabriel, and Moryadee [72] which provides
some observations and counterexamples to more clearly differentiate between perfect
foresight and rolling horizon with and without uncertainty. In Fig. 3, the rolling horizon
stochastic trees are displayed. In iteration 1, the demand for time period 1 is known
exactly and is deterministic. For time periods 2—4, demand is stochastic, with the variance
of demand increasing with time as Fig. 3 shows with a widening of the branches in the

stochastic demand trees.

In iteration 2, the demand for time period 2 is known exactly and is deterministic. For
time periods 3 and 4, demand remains stochastic but with less variance from the previous
iteration. Fig. 3 also illustrates how information regarding time period 5 is only fed into

the model in iteration 2. A similar pattern can also be seen for rolls 3—5 in Fig. 3.

Fig. 4 displays the stochastic demand tree associated with the perfect foresight version of
the model. This graph shows that only demand at time period 1 is deterministic, while
demand at all other time periods is stochastic. This is in contrast to Fig. 3. In addition,
Fig. 4 also shows how information regarding demand for all time periods is known at the

start of the model, which, again, is in contrast to Fig. 3.
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demand scenarios for iteration 1-5. demand tree.

2.10 Concluding Remarks

With the recent advancement and adaptation of SCM methodologies, whether they are
computer-based tools or the ideologies of SCM, there is a sudden rush to attempt to adopt
the most cutting-edge version of the available technologies by various companies. This
has led to severe problems, however, including poor implementation within companies

and the bullwhip effect.

In focusing directly on computer-based supply chain models, the past few decades have
seen great progress and a significant recent trend is an increasing interest in models which
encompass a large portion of the supply chain rather than just a single corporate entity.
However, issues of confidentiality and general reluctance to share information have
hampered the development of really useful models of this nature. An increasing number
of models are starting to use a multiagent approach to attempt to more accurately model

the behaviour of different entities in the supply chain.

The increase in computer capability and data storage has also led to growth in the level

of complexity that is being dealt with by these models, whether they are simulations or
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declarative models. An increasing amount of research is also being done to accommodate

stochastic elements which play a key role in real supply chain systems.

Often the greatest problem that occurs within supply chain systems is caused by the error
between the actual demands and the forecasted demands. Thus, of all the stochastic
elements within real supply chain systems, the most important is usually the error term
for the demand in the system. The modelling of this error—the noise of the system—is

done to create realistic inputs into supply chain modelling systems.

The easiest route for the generation of the demand data is through the correction of the
forecast data by the addition of an error or noise term. As a result, forecasting
methodologies are extremely important for generating the inputs for supply chain models
when demand data of the system is scarce, which is often the case. Much work is still
being done in the area of forecasting and new search algorithms are being used in the
more complicated methods to determine the optimal forecasting model. One of the
greatest challenges which remains though is that human judgement must still be employed

to decide on the best forecasting method for a given case.

Finally, we reviewed the two auxiliary technologies that are often used in supply chain
models: optimisation and random sampling. For optimisation, the actual methodologies
that are being adopted—with the exception of those for stochastic optimisation—are now
relatively standard. The greater challenge lies in the formulation of the problem and
decomposition/simplification methods that are applied to the formulation in order to
allow the problem to be solvable with existing algorithms. Random sampling is a field
where there is much work still going on, especially for low-discrepancy sampling which

has an impact on the generation of stochastic elements.

Thus, in conclusion, work remains to be done in this field, especially in addressing the
challenges that are created by increased levels of competition. Moreover, a standardised

approach for the modelling of a set of supply chain systems is still being sought.

In the next chapter, we will give a review of the literature for the aviation industry and

spare parts related to the thesis.
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Chapter 3: Aviation Literature Review

The previous chapter presented the statistics and methodologies that are related to supply

chain management and that lead to the question: “What needs to be done now?”

In this chapter, a general background is given to the aviation industry and on spare parts
management within the aviation industry for the purpose of generating maximum profits
by keeping an aircraft aloft. This is followed by a review of relevant literature in the above
areas. The primary objective of the aviation industry is either to maximise profit or to
minimise costs while still satisfying a required set of service levels to meet customers’
requirements by supply chain optimisation. Then we look at optimisation in the aviation

industry and finally modelling approaches for planning and scheduling.

3.1 The Aviation Industry

In the aviation industry, spare parts management plays a vital role in achieving the desired
availability of aircraft. Some of the unique challenges faced in aviation spare parts
management include moving assets, long and variable lead times, OEM dependencies,
maintenance policies governed by regulators, and demand unpredictability. Material
planners, with the help of their systems, ensure that spare parts are available at the right
place and in the right quantity. Assigning proper nomenclature and classifying the spares

is a fundamental step in material planning [73].

Commercial airlines run their inventory and supply chains in a far more backward manner
than even auto makers did in the early 1970s. Commercial airlines generally refuse to
pool their inventory for similar aircraft with other operators in the same area. In the airline
industry, pooling is talked about a lot, but seldom implemented. Today, every aircraft
owner basically has his own inventory, even for unlikely-to-fail parts, and even when his
neighbour has the same spare part too. It is difficult to find any calculation in which

inventory pooling would result in less than a 20% reduction in parts inventories in the
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commercial airline industry. If this is true, it would represent over $15 billion in inventory

reduction, and therefore a cash flow increase for commercial airlines [74].

Rotable spare parts are aircraft parts that are serialised and tracked within an airline's
database, such as air cycle machines, heat exchangers, and avionics, which are held to
support critical production processes by ensuring that production equipment is available
for use when needed. This activity is here called the “rotable spare part availability
service”. It basically balances the spares inventory cost with the cost of production
equipment downtime, and the ownership cost of the rotable spare parts is a key factor in
managing this service. The key area of decision-making that is affected by the cost of
spare part ownership is outsourcing, which has become a focal issue in today’s business
environment. When making outsourcing decisions regarding rotable spare part
availability, it is necessary for management to compare the ownership cost to the
subcontracting cost. These decisions are, therefore, not only made by the end customers
of the availability service. In the aviation industry, practically every service provider in
the value chain has the alternative of further subcontracting the availability service instead

of providing the service using its own parts [75].

Investigation of the business process in the aircraft maintenance sector indicates that the
potential exists to use operations’ research techniques to improve the management of
spare part inventory levels for the support of aircraft operation. The class of inventory
relevant to rotable parts is not consumables. Rather, parts are repaired and returned to

stock for the lifetime of the aircraft fleet [76].

3.2 Spare Parts

In this chapter, a general background of the research on spare parts management is
followed by a review of relevant literature in the above areas. The supply chain (SC) and
supply chain management (SCM) fields have played significant roles in corporate
efficiency and have attracted attention over the past few years. This literature review
covers the important increase in research in the practice and theory of supply chains and

supply chain management.
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3.2.1 Importance of Spare Parts

Spare parts are the lifeblood of operational reliability and plant capacity. No plant can
operate at a high level of output without a reliable supply of functional spare parts. Spare
parts form the bedrock on which operational reliability is built, yet spare parts are also
the most overlooked contributor to reliability outcomes. Research has shown that many
companies routinely operate without properly implementing even the most fundamental
aspects of spare parts management at their sites. Often, these companies have storerooms,
neat shelves, and clear labels, but none of this is enough for highly reliable spare parts

management [77].

The efficient supply of spare parts is a necessary corollary to the sale of products.
Problems which confront the airline industry include the provision, distribution, location,
scaling, and replenishment of stocks; the variability of demand, which essentially depends
on wear and tear and failure rates, plays a central part in the solutions to these problems.
Demand for spare parts arises whenever a component fails and requires replacement, and
as such, it is different from that associated with traditional stock: demand that occurs

infrequently and is interspersed by time periods with no demand at all.

The origin of airline spare parts is in maintenance services which are sometimes based in
a number of different locations that are widely dispersed. From this point of view, there
are several major sources for the supply for spare parts: (i) the product manufacturer
which produces parts for two purposes: (a) for their own use, and (b) for sale; (ii) spare
parts organisations which specialise in the production, distribution, and location of spare

parts; and (ii1) spare parts users and maintenance services.

The present study is concerned with the control of stocks of spare parts in maintenance
services for airlines. One of the key issues is the use of plants and equipment which store
spare parts for use when needed and therefore limit the time an aircraft is grounded due
to maintenance issues. The source of the supply of spare parts for maintenance can be

airlines’ respective suppliers, spare parts organisations, or the user’s own stock.

Moreover, the spare parts may be required at central workshops where most of the major
repairs and routine maintenance are carried out. The parts for all these repairs and
overhauls are stocked at a different stocking points which are adjacent to the central

workshops. The aim of spare parts stock control is to find the optimal number of spare
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parts that should be kept in inventory in order to guard against failure and a shortage of
spare parts in stock, thereby maintaining the best replenishment policy and at the same

time, optimising spare parts in the inventory through economic cost control [78].

The supply chain and supply chain management fields have played a significant role in
corporate efficiency and have attracted attention over the past few years. This literature
review has uncovered an important surge in research related to the practice and theory of

supply chains and supply chain management [79].

The supply chain management process used for aircraft spare parts is a closed loop in
which items are successively maintained and reused, and this continues until the fleet
reaches the end of its life or is sold. Sprengler and Schroter developed a concept for
managing information and a tool for strategic management of spare parts in closed-loop

supply chains [80].

“To stock or not to stock™ is a key question, and if the answer is “stock”, the major
criterion in most spare parts management systems is when to stock an item and when not
to. The absence of any guidelines forces the team into ad hoc and inconsistent decision-
making. The result is that operators stock items that do not require stocking while not
stocking items that should be stocked. To avoid this, they need to develop and implement

specific guidelines to aid decision-making.

The aim of stock control of spare parts is to find the optimal number of spare parts kept
in stock to guard against a failure within the system as well as the best replenishment
policy regarding when to stock an item and when not to. The requirements for spare parts
may vary substantially over time; this in itself acts as an incentive for storing spare parts.

Reasons for holding stock are:

e Spare parts are frequently held against the fluctuation of delivery time required to
move spare parts from one place to another.

o [n some cases, paperwork can delay the shipment of spare parts (loan/buy) from
another operator to the airline by several days, and this is not even taking transit into
account.

e Holding a spare part in stock keeps processes running continuously. For an airline,
it is of vital importance to keep to the flight schedule with a minimum of interruptions.
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The operation is concerned with getting spare parts on time when they are needed,
i.e. from stock, by purchase or exchange, or through repairs and overhauls, etc.

o Uncertainty regarding future demand and lead time can lead to storing spare parts,
and a high risk of shortages is a major motivation for holding stock. An aircraft which
is not in operation accumulates irrecoverable costs for the business. The cost created
by a spare part which is not in stock is more often than not much higher than the loss
created by having spare parts in stock. Lead times often fluctuate depending on the
supplier, and it can take extra time if spare parts require special paperwork with
reference to the serial number of the spare part (rotable). Spare parts need to be
traceable and are often subject to strict regulations.

o The cost of the spare part plus holding cost is often less than the future market price
of the item. This option is always valid but it is questionable whether the airline should
have an operation which trades spare parts and, at the same time, if it should store
more spare parts than required in accordance with the demand for its own use in the

near future.

e  Bulk discounts and discounts related to new airline purchases can be an important
factor. It can be advantageous to purchase a specific spare part if it benefits future
demand for the operation. When a new aircraft is bought, the spare part’s price is
marked down and this discount is greater than what is usually offered on the market.

e Both the age of the aircraft in operation and the availability of spare parts on the
market are relevant. If the demand for a specific item is high, it will lead to higher
prices. In another example, when new regulations are publicised that cause an item
to be changed—even if it is only the part’s serial number that is being changed—the
part must be labelled as a new part and be available for certain period of time. If this

is not done, the aircraft is not allowed to operate.

These issues are fundamental to deciding whether to store spare parts or not. So, in order
for the operation to run smoothly, we need to optimise the inventory, minimise the
carrying cost, have reasonable utilisation of equipment, and dedicate reasonable resources
and time to maintenance activities. At all times when spare parts are needed, the operation
must be smooth and without difficulties for the main operation—the aircraft in operation.
Inventories serve a vital decoupling function when needed. In order to keep the operation
running, there must be spare parts in inventory, and the company must also have the
ability to overhaul and maintain spare parts, as well as to exchange and purchase them.
Information must flow smoothly between each unit even though they all operate

independently and are all trying to optimise their own costs.
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At the present time, the cost of rising spare parts each year is a problem for airlines and
means, for instance, that Delta Airlines will continue to look for alternatives to original
equipment manufacturer (OEM) material, according to Richard Anderson, the airline’s
chief executive. The prices of spare parts double every seven years; hence, Anderson
explained at the MRO Americas conference in Atlanta on 17 April 2013: “For an airline,
one of the biggest problems is the 8% OEM cost increase, at least, that you get every
year... It’s the number one problem that airlines face”. To mitigate some of these costs,
Delta is focused on keeping its stock of spare parts low through low turnaround times in

its engine shop, and continues to look at alternative means of procuring materials [81].

3.2.2 Spare Part Classification’

Operators/MRO (maintenance repair & overhaul) personnel either opt for OEM-defined
identification, normally called manufacturer part # (MPN), or internal codified
identification. Identified spares are to be linked with interchangeable spares (INC) and
classified in line with industry standards. A few of the aviation industry’s standard
classifications that are included in the recommended spare parts List (RSPL) are as

follows in TABLE 2TABLE 2:

TABLE 2. RECOMMENDED SPARE PARTS LIST

Classification Codes

spare parts class code (SPC) 1-Expendable
2-Rotable
6-Repairable
essentiality code (ESS) 1-No-Go

2-Go

3-Go-If

interchange ability code (INC) 1-One way

2-Two way

3-Not interchangeable

Once 1dentification and classification have been done, it is time for some mathematics.

For instance, how many spares are required (float) to ensure the fleet’s availability?

! www.ramco.com
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The float requirement is basically the quantity of spares that should be maintained in order
to meet the desired service levels when there is an unexpected increase in demand or
procurement lead time. Multiple factors, such as number of aircraft, parts per aircraft,
mean time between events (MTBE), line unscheduled removals, average utilisation,
turnaround time (TAT) for repair (SPC-2 & 6) and TAT for purchases (SPC-1), expected
service levels, scrap rates, and scheduled arising—based on the maintenance

programme—govern the float requirement.

While the OEM provides an original float recommendation in the RSPL, the requirements
can change over time depending upon the number of aircraft in operation, the age of the
aircraft and actual scrap rates, utilisation of aircraft/engines, repair TAT depending on

purchase TAT, and so on.

Proper classification and an accurate float requirement calculation help with the
optimisation and positioning of spares. To meet short-term float requirements for SPC-2
or 6 items, the preferred option would be to take an item on loan or pool stock with other
operators. To meet long-term requirements, operators tend to look to options like power
by hour (PBH). In the event that the item is not in a suitable enough condition to proceed
(no-go), PBH items are stocked in the operator/MRO warehouse which is generally
referred to as home base. Go-1f/Go items can be accessed from the PBH vendor’s stocking
location which is generally referred to as pool access [73]. These locations are normally
accessible globally and are based on a customer-service provider relationship. In other
words, it is a futuristic model for products that need a consistent maintenance and service
plan. When put into practice, this can be a feasible solution to reducing the total cost of
ownership and, to a large extent, guaranteeing cost savings. Performance-based contracts

need to be a reality in order to fulfil the required service level.

3.2.3 Definition of Terms

Spare parts here are the parts which must be identified by part number, have a serial
number belonging to a particular machine, and have a particular purpose: for example, a
generator, integrated drive generator, valve—pressure regulating and shut-off, pneumatic
starter core, raft evacuation slide, etc. Each part has its own number identifying it as

belonging to subassemblies, assemblies, and so on. Sometimes, it is impossible to obtain
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these particular spare parts from manufacturers other than aircraft manufacturers (OEMs)

which are their only producer.

We have also nonspecific spare parts, that is parts that have a general purpose, do not

have traceable serial numbers, and can therefore be obtained from several suppliers.

Some of the definitions of terms used in the air industry are as follows.

3.2.4 Component

A component is a uniquely identifiable input, part, piece, assembly or subassembly,
system or subsystem that: (1) is required to complete or finish an activity, item, or job;
(2) performs a distinct and necessary function in the operation of a system; or (3), is
intended to be included as a part of a finished, packaged, and labelled item. Components
are usually removable in one piece and are considered indivisible from a specific purpose

or use. In general, items of little to no cost are not considered components.

3.2.4.1 Downtime

Downtime is the period during which a facility is not ready for use. Downtime cost is
defined as the cost incurred every time downtime occurs because no spare is available in

stock.

3.2.4.2 Exchange

An exchange is an open, organised marketplace (such as a stock exchange) where buyers
and sellers negotiate prices. Exchanges require an almost instant (real-time) bid and ask
matching mechanism, settlement and clearing, and market-wide prices of communication

and determination.

3.2.4.3 Maintenance, Repair, Operations (MRO)

Maintenance, repair, and operations (MRO) items are supplies that are consumed during
the production process, but which neither become part of the end product, nor are central
to the firm’s output. MRO items include consumables (such as cleaning, laboratory, or
office supplies), industrial equipment (such as compressors, pumps, and valves), plant

upkeep supplies (such as gaskets, lubricants, and repair tools) and computers, fixtures,
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furniture, etc. In general, work is undertaken in order to keep every facility—i.e. every
part of a site, building and its contents—at an acceptable standard, and/or to renovate and

refurbish them as needed.

3.2.4.4 Overhaul

Overhaul is the process of restoring and maintaining equipment, machines, or systems to

serviceable condition. Overhaul involves:

e Partial or complete disassembly of the item
e [Inspection to detect damaged, defective, or worn parts
e Repair or replacement of such parts

e Reassembly, testing, and trial runs prior to returning the item to its full operating

level

3.2.4.5 Rotable Spare Parts

Rotable spare parts are components or inventory items that can be repeatedly and
economically restored to fully serviceable condition through a servicing method in which
equipment that has already been repaired is exchanged for equipment that has failed,
which in turn, is repaired and stored as a spare part for future exchange. Rotable spare
parts are held to support critical production processes by ensuring that production
equipment is available for use when needed. This activity is aligned here with the rotable
spare parts availability service. As it is basically balancing the inventory cost of the spares
with the cost of production equipment downtime, the ownership cost of the rotable spare
parts is a key factor in managing this service. Rotable spare parts are aircraft
parts/components that are serialised (S/N) and tracked within an airline’s database. They
are also parts that can be rebuilt/overhauled (in-house or by a vendor) and put back into

stock to use again. Rotables are basically the opposite of “expendable” (throwaway) parts.

It should be noted though that there is often a bit more to rotable spare parts than is
described in a dictionary definition. Many parts that are not rotables are not necessarily
throwaway parts and often have serial number. Rotables have more to do with tracking a

part within the airline. For example, ICE 12345, serial #1a2b3c is installed on A/C 872
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in the R/H position. In other words, a rotable spare part is a spare part whose number is

recorded in the aircraft records.

The spare parts are items such as starters, hydraulic pumps, fuel controls, hydraulic
actuators, and electronic boxes. If any of these parts fail, they will create serious problems
for pilots and possibly cause a crash. Therefore, when they are built, calibrated, carry
specific quality control and then installed, they have to be traceable. But less vital parts
can also be rotables. Consider, for instance, that a coffeemaker is a rotable, too! The
importance of the part does not decide if it is a rotable or not; rather, it is the nature of the
part, i.e. whether or not it is repairable. There is a grey area, however. A good example
of this is a headset. Airlines provide the aircrafts with headsets. These do not come with
serial numbers, but since they are repairable and semi-expensive, the company makes

them rotable by engraving each with an in-house serial number for tracking purposes [82].

3.2.4.6 Serviceable Item

A serviceable item is an item that is able and ready to perform its intended function,

usually after being overhauled and/or repaired, calibrated, and tested.

3.2.4.7 Replaceable Component

A replaceable component is a subassembly or assembly item identical to—and
interchangeable with—the item it is intended to replace. It is also called a spare or service

part (in the US).

3.2.4.8 Spare Parts Maintenance

Spare parts maintenance is an often neglected aspect of storeroom management. This is

required to ensure that those important spares are fit for use when needed.

3.2.5 Classes of Spare Parts

Not all spare parts are held as insurance or stand-by spares in normal operations across

the industry. Usually, service parts can be divided into two categories:
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a. Repairable service parts that are technically and economically repairable.
In the case of failure, such a part is swapped out for a new one and sent to
a repair centre.

b. Consumable service parts that are not repairable, technically and/or
economically. In the case of failure, such a part is replaced by a new one
and scrapped.

The method for quality controlling of spare parts devised for general use must therefore
take into account the different types of spare parts which are to be used. Classification of
spare parts must be determined with regard to when they are needed and how critical it
will be for the operation to continue without the item. Classification is often divided for

slow-moving parts into three classes which are as follows.

3.2.5.1 Critical Use of Spare Parts

Critical use of spare parts depends on the risk they can cause if the airplane is not
operational. Any shortage of these parts can cause immediate and very serious damage to
the airline, for example, by grounding an aircraft. Secondly, by keeping spare parts in
stock, stand-by equipment may be rationed, which means a calculated risk is made in
order to justify the fact that the operation is protected by having one or more spare parts
available (standby). Hence, if failures occur, standby units, or idle parts, can swiftly be
substituted for the broken one. Thirdly, there are spare parts which do not have an effect

on the fleet in operation.

The essentiality of spare parts depends on the relative seriousness of a particular
downtime in terms of urgency, compensability, and mission effect. Some spare parts are
less urgent than others; in contrast, it is so critical to have others in perfect condition that
they are replaced before the end of their lifetime. For example, parts such as brakes and
tyres are routinely replaced depending on flight time; they can be in operation for some
time, but their use is not permitted to exceed a specific time limit due to aviation
regulations—though this does happen sometimes. In such cases, the demand cannot be
postponed, which means that the downtime cost may increase if the fleet is not allowed
to be in operation once certain spare parts have exceeded their allowable lifespans. In
other words, these items have reached the end of their useful life, which makes their
demand urgent. The second part of essentiality is the ability of a maintenance organisation

to compensate for the particular shortage in question. In the aviation industry, this is
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somewhat difficult to do, but in general, it is done by repairing the spare part in question
or using a substitute. The third aspect of spare part essentiality has to do with the effect

that the shortage has on the equipment’s ability to be operated.

3.2.5.2 Demand for Airplane Spare Parts

Any request for spare parts we call demand. Demands can occur under various
circumstances. One of the parts on an airline can fail during flight, making repair
necessary upon landing; a part can be found defective in a preflight inspection or require
repair in the course of the periodic maintenance, or special instructions may be issued,

requiring the replacement of a particular part.

The demand for spare parts which chiefly arises in the course of maintenance and
inventory is fulfilled at technical maintenance services (TMS). Maintenance is performed
from day to day to keep the aircraft flying; it may take the form of organisational
maintenance or field maintenance. Depot maintenance? of an airline is performed at more
or less periodic intervals, usually several months apart, to take care of cumulative wear
resulting from prolonged flight operations, and to make directed modifications. It
sometimes happens that certain parts are not in stock and demands remain unsatisfied, at
least for some time, or else substitutes, if allowed, are supplied. Such instances are too

important not to be considered in a study of needs for spare parts.

There is another distinction that is significant for demand studies, such as demand may
result from ordinary maintenance activity, or it may result from special technical orders
calling for the modification of the airplane. The maintenance facility, in other words, is
not the only source of requests for parts. Currently, the need for parts created by special
technical orders or modification can be difficult to foresee. This demand cannot be
satisfied by stock decisions concerned with meeting recurrent demands or routine
replacements. Special needs should ordinarily be satisfied by special kits purchased for
the purpose and sent out to depots with the special orders. Moreover, since parts requests

that result from special technical orders cannot be expected to reflect flight activity,

2 Depot maintenance is maintenance performed on material that requires major overhaul or a complete
rebuilding of parts, assemblies, subassemblies, and end items. This includes the manufacture of parts,
modifications, testing, and reclamation, as required.
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measured by flight hours, landings, etc., we need to make sure that we integrate robust
demand data to understand the full picture. Since we are interested in testing this
correlation and its power to support predictions of demand, we prefer to use demand data

that only include rotable spare parts.

3.2.5.3 Demand Rate for Spare Parts

The period after the production of a machine has ended is the last phase of the product’s
life cycle and is often referred to as the end-of-life (service) period, or final phase. This
final phase can give rise to unavoidable and undesirable issues for inventory management.
Demand rates for spare parts decline towards the end of the product life cycle, depending
on the frequency distribution of individual spare parts according to their total demand
during the lifetime of the fleet; however, spare parts prices in the aviation industry are

usually high for the duration.

It is difficult to estimate the remaining demand for these spare parts due to technological
improvements and external factors. At the same time, airlines’ maintenance services are
concerned with minimising the stock levels of spare parts towards the end of a product’s
life. Suppliers are also concerned with the management of this final phase with regard to
a product’s components. Suppliers may choose to discontinue the production of such a
spare part. As a consequence, the maintenance services buyer is forced to make a possibly
large final purchase of spare parts in advance of uncertain future demand in order to form
a spare parts pool and be able to comply with the constraints established in service
contracts. This is the case even if the spare part is repairable since successful repair is not

always possible and repair lead times may be (too) long.

Stocking large quantities of spare parts with uncertain future demand is unfavourable for
maintenance services since the remaining inventory at the end of the service period
becomes obsolete and is often scrapped. Cattani and Souza [83] report that the scrapping
of obsolete inventory can reduce profit by up to 1% each year. The effect of inventory
obsolescence is especially important for repairable items since, in general, repairable
items are relatively expensive and the number of times the part can be repaired (and thus

used) is uncertain.
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In many supply systems for the maintenance of expensive high technology equipment, a
large portion of investment is tied up in the inventory of repairable spare parts. For
example, both Schrady [84] and Sherbrooke [85] report that repairable spare parts are
responsible for over 50% of inventory investment within the US Air force and US Navy.
Upon failure, the repairable spare parts are sent back to the supplier who attempts repair.
Successful repairs are used for future replacements. Defective spare parts that cannot be
repaired, or for which repair is no longer economically feasible, are condemned [86]. In
the present study, we offer a methodology to calculate final orders for repairable items,

specifically taking the effect of condemnation into account.

The classification of spare parts by demand rate is divided into high demand rate, low
demand rate, and stock value, where high demand rate is considered as regular
consumption if there has been a decline in the number of issues over weeks or months.
Low-demand rate spares are normally not considered as having regular consumption, and

have a random demand distribution.

3.2.5.4 Selective Inventory Control

One of the valuations used is A-B-C classification [87], in which the value of the stock is
divided into three classes: A, B and C. The A-class represents high-value spare parts,
which make up 60—70% of the total stock value. B-class, or medium-value spare parts,
make up 20-30% of total stock value and C-class comprises low-value spare parts, which

make up 10-20% of total stock value.

In the following section, we will review some of the literature most relevant to our work,

that 1s, literature on operations research and supply chain management.

3.3 Supply Chain Management and Spare Part Optimisation

Papageorgiou [88] presented supply chain optimisation for the process industries as a
network of facilities and distribution mechanisms that perform the function of material
procurement, material transformation to intermediate and final products, and distribution
of these products to customers. Supply chain management appears in different ways,
depending on the work environment and business. In some cases, it does not matter if the

product is missing or if it will take time to get it in-house. In the retail industry, any kind
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of shortage will not affect the business or the operation so much; on the other hand,
aircraft must not be grounded under any circumstances for cost and profit reasons, and

therefore we need to apply other principles when it comes to logistics for spare parts.

The conventional objective of the airline supply chain is to get the right material to the
right place at the right time. The secondary objective has been to manage spare parts
procurement and supply chain function as efficiently as possible. But in today’s highly
competitive airline market—which will only become more so in the future—efficiency in

supply chain operations has reached a new and more critical dimension [89].

Demand for spare parts arises whenever a component fails or requires replacement, and
as such, it is different from that associated with “typical” stock. Such demand patterns are
most often intermittent in nature, meaning that demand arrives infrequently and is
interspersed by time periods with no demand at all. In addition, when demand occurs, it
may be highly variable in size; according to a study by Martin et al. [90], such demand

patterns are known as “lumpy”.

The numerous papers published over the past few decades in this area demonstrate that
the spare parts problem has been recognised both by academics and practitioners. In the
past decades, interest in building mathematical models for stock management systems
supporting spare parts has increased. Spare parts management does not involve
intermediate or final products to be sold to a customer and the policies that govern spare
parts management are different from those which govern work in process and other
inventories. The majority of the literature is focused on (re)ordering policies related to
supplying production lines with material, as well as stock control for distribution
networks. In this study, the focus is on the special requirements for (re)ordering policies
regarding service parts for aircraft technical services. As such, here we are primarily
interested in realistic data and tested approaches rather than approaches that are of a

purely hypothetical or theoretical nature.

In the paper “Integrating the Spare Parts Supply Chain: An Interdisciplinary Account”,
Martin and colleagues [90] describe a few arguments for widening the scope of the spare
parts problem area in terms of the decision variables involved and the relevant disciplines
needed. In order to gain a better understanding of spare parts, it is necessary to examine

the structure of spare parts. To clarify the overall picture, we need to distinguish between
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internal and external supply so that we can represent at least two parties involved in the
supply chain. In a traditional spare parts supply chain, it is likely that multiple spare
parts consumer organisations, multiple supplying organisations, multiple manufacturers
of spare parts, and even multiple supply chains will coexist. It is even likely that in some
cases, a third party may enter the supply chain as an intermediary between a consumer

and a manufacturer.

However, supply chain management for aviation spare parts is complex because of the
need to ensure timely service availability of a huge variety of stock and to comply with
quality and regulatory requirements. In his paper [91], Yen refers to Paul Barwell,
manager of procurement at Cathay Pacific, who commented: “A bolt for a desk chair
costs a dollar. The same bolt for a chair on an airplane would cost 30 dollars. It is the
magnitude of a difference. Everything for an aircraft is massively expensive. The
challenge for the management team was to explore alternatives for optimising spare parts

supply chain management and instigate process improvement”.

Future challenges for supply chain optimisation include how to predict the uncertainty in
process industries and how to deal with uncertainty [20], which requires further research
in order to capture aspects such as product prices, resource availability, etc. and ensure
that the investment decisions that are made are optimal in terms of both reward and risk.
A suitable framework for the solution of supply chain optimisation problems under

uncertainty is required.

Shah [3] describes supply chain optimisation as a major research theme in process
operations and management. A great deal of research has been undertaken on facility
location and design, inventory and distribution planning, capacity and production
planning, and detailed scheduling. Shah [15] continues by saying the “problem” of supply
chain network design is very broad and means different things to different enterprises. It
generally refers to a strategic activity that will make one or more decisions which aim in
some way to increase shareholder value. According to Shah [3], this is its definition in
the pharmaceutical sector; the flight sector, meanwhile, is very much ready for, and in
need of, sophisticated supply chain optimisation techniques and at the same time, the

development of a model which speaks to the careful management of risk.

Edvald Moller Page 56 of 166 PhD. Thesis



Chapter 3: Aviation Literature Review Imperial College London

Optimisation models have been developed by a number of researchers, Wang presents in
his paper [92] the joint optimisation for both the inventory control of spare parts and the
preventive maintenance inspection interval. Spare parts inventories exist for serving the
needs of the maintenance and replacement of operating plant items. From an inventory
management point of view, it is well known that the management of spare parts differs
from other manufacturing inventories such as work in process and finished products in
several ways. The optimisation model presented by Haneveld and Teunter [93] was to
find a (near) optimal spare parts provisioning strategy optimal solution for the inventory
cost of slow-moving expensive spare parts. This problem considers the huge expense
involved in case that the failure of the part results in expensive machines being out of

order and the rare failure case of this part.

In the paper [94], de Smidt-Destombes et al. discuss heuristics for the joint optimisation

of maintenance frequency, spare part inventories, and spare part repair capacity.

An intermittent demand is listed by Willemainet al. [95] in which they address the
problem of forecasting intermittent (or irregular) demand, i.e. random demand with a
large proportion of zero values. Items with intermittent demand include service (spare)
parts and high-priced capital goods, such as heavy machinery. Such items are often
described as “slow-moving”. Demand that is intermittent is often also “lumpy”, meaning
that there is great variability among the nonzero values. An intermittent demand is listed
by including cases of demand for heavy machinery and respective spare parts, aircraft

service parts, etc. [96].

Johnston et al. [97] identified that in many cases such items can account for up to 60% of
the total stock value. Furthermore Ighravwe et al. [98] combine preventive maintenance
task balance with spare parts optimisation, which shows that the proposed model appears

to be effective.

3.3.1 The Aviation Environment

The aviation industry is large, integrated, automated, and complex, and providing safe,
reliable, and best-in-class service where nothing may go wrong is a strategic issue to meet
customer requirements and to gain a global competitive advantage. Therefore, one of the

issues in gaining a competitive advantage is establishing spare parts inventory levels that
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are based on reliability and capacity objectives, as well as a systematic strategy where

inputs such as lead times and supplier reliability are also considered.

Poubeau and Herinckx [99] explore the fact that passengers still expect an affordable
service that runs on schedule. Increased awareness, new generations of travellers, and
changing attitudes have led to a change in demand. Punctuality has become one of the
most significant factors determining a passenger’s satisfaction with an airline. This has
made the on-time performance of an airline’s schedule a key factor in maintaining current
customer satisfaction in attracting new customers. Therefore, airlines are continuously
under pressure to improve their punctuality (i.e. on-time performance), thereby setting
ambitious and very challenging objectives for themselves [99]. This requires the
management of different operational resources (e.g. crew and aircraft) to ensure the
operational readiness and on-time performance of each flight on the planned schedule.
However, flight schedules often suffer from irregularities, which leads to unreliable

service.

The aviation industry is regulated by international and local authorities such as the US
Federal Aviation Administrative (FAA), the European Aviation Safety Agency (EASA),
and the Civil Aviation Departure of the Government of the Hong Kong Special
Administrative Region. Mechanics certified by the FAA are required to check all
nondeferrable repairs before a plane’s departure and verify that all regulations have been
complied with. In addition, the FAA has the authority to ground a plane if airline operators
do not complete the deferrable repairs within the stipulated timeframe, as referred to by

Sachon and Paté-Cornell [100].

3.3.2 Aviation Spare Parts Supply Chain Management

The airline industry has made great strides in improving the efficiency of its maintenance
repair and in overhauling the materials supply chain, but experts say much work remains
to be done, particularly when compared with the performance in other industries. Progress
can be measured by the fact that the MRO spares inventory has not increased over the

past decade in spite of the growth in the number of aircraft [101].

Spare parts management plays an important role in achieving the desired plant availability

at an optimum cost. Presently, industries are developing capital-intensive, mass
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production-oriented, and sophisticated technology. The downtime for such plants and
machinery is prohibitively expensive. Furthermore, supply chain management for
aviation spare parts is complex because of the need to ensure timely service and the
availability of a huge variety of stock, as well as the need to comply with stringent quality

and regulatory requirements.

Spare parts in the aviation industry need to be traceable, need to comply with strict
regulations, and often must be certified by regulatory agencies. For these reasons, spare
parts are often considerably more expensive than comparable uncertified parts—
conventional parts. The inability to quickly track and trace components and equipment
for repair imposes expensive timelines on the entire supply chain. Therefore, managing
spare parts in the aviation industry has always been a challenge for airline operators
because the aviation supply chain is unusually complicated, which means that the spare
parts must be traceable in case of an accident. It has been deduced that in all probability,
the solution lies in automated identification, capture, and processing of information, in

addition to better collaboration among all stakeholders.

Turnaround time for repairs is usually critical, as highlighted by measurable as well as
nonmeasurable costs. In addition to standard passenger compensation for flight delays,
such as hotel accommodation and so on, it can cost hundreds of dollars per minute to keep
an aircraft on the runway. The loss could be greater because there will always be a risk
that customers might be upset or even shift to other airlines if delays cause them to miss
their connecting flights. The cost of aircraft delays is a key decision in supply chain

management and an important element in the optimisation of spare parts management.

The commercial aviation supply chain is under pressure from vigorous airline cost-cutting
and low traffic demand. Each of the various links in the chain are trying to cut costs while
also expanding their reach, though not always in ways that are best for the overall system.
Aggressive outsourcing bids have reduced maintenance, repair, and overhaul (MRO)
margins, especially on the airframe side. Visibility of lower-tier suppliers is less than
clear. And the top suppliers to new aircraft programmes have taken some action to the

detriment, some say, of airlines and their MRO suppliers.

The carrying costs for aviation spare parts inventory are relatively high. Future demands

for spare parts are made based on maintenance information, scheduled maintenance plans,
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and past usage patterns, such as flying hours or parts demand. However, the usage pattern
of spare parts will always remain highly unpredictable because of the high level of
demand variability. It has been reported that 30% of the inventory of a traditional airline
is active, another 30% is slow-moving but necessary to have on hand, and the remaining

40% is dead stock [101].

In following section, we will review modelling approaches for planning and scheduling.

3.4 Modelling Approaches for Planning and Scheduling

Airlines are constantly looking for ways to reduce cost and by managing their inventory,
they may lower their total costs and at the same time, improve their overall spare parts
availability. Repairable spare parts are generally expensive and for many organisations,
repairable spare parts can be a very capital-intensive cost area. The United States Air
Force estimates a requirement to have an average annual budget of one billion dollars for
repairable spare parts [ 102] and, more importantly, if a key part is not available, a critical
system will not be operational. Similarly, it has been estimated that the airline industry
spends over US$10 billion per year on spare parts of which 10% comes from airlines’ and
overhaul agencies’ preowned stocks. Aircraft components are complex high-level
modules consisting of dozens or hundreds of parts. The life span of a component may
exceed two decades during which it is probably repaired or overhauled more than a dozen
times. These issues, accompanied by the usual aviation specialities such as authorities’
requirements for certification and traceability, as well as reliability and safety issues,
increase the cost of obtaining and keeping aircraft components. Since the majority of the
inventory value in the aviation supply chain is tied up in spare components, they represent
the primary target for inventory value reduction [103]. The cost of a spare parts inventory
must therefore be balanced against the nonlinear effect of not having a spare part
available. The capital intensity of the repairable spare parts inventory also typically
results in the repairable spare parts being distributed throughout the system via a

multiechelon inventory model [104].

3.4.1 Modelling Approaches

Rotables consist of the most complex, expensive and longest-lasting parts of an airplane

(e.g. the engine). In addition, they include serialised assemblies, end items, line-
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replaceable units, and units that incorporate repairable parts. Because they are assembled
units, they can consist of parts belonging to the other four categories of spare parts,
meaning rotables can be built from parts which were expendables or consumables. For
example, an engine is a rotable component, but there are many different assembly parts
inside the engine. Rotables are depreciable over time and have an extensive life
expectancy through repetitive overhaul processes that will, under normal operating
conditions, equal the life of an aircraft. Unserviceable units are normally routed to
overhaul/repair shops for inspection, repair or overhaul, and recertified for serviceability
based on authorised procedures. Repairables include parts considered economically
repairable, which are continually rehabilitated in the normal course of operation to a fully
serviceable condition over a period which is usually less than the life of the flight
equipment with which they are associated. These parts are repaired until they are declared
to no longer be of value because either they or the flight equipment they pertain to are
obsolete or because the assemblies have become damaged beyond repair. A fuel pump in
an airplane is an example of a repairable part. Expendables include both integral and non-
integral parts of assemblies that are reused or replaced based on inspection findings. Some
examples of integral expendables are dowels, pins, and sleeves. Examples of nonintegral
expendables include bearings, springs, bulbs, and brackets. Consumables include
replacement items that are discarded and replaced at each assembly overhaul pursuant to
overhaul specifications and procedures. Examples of consumable parts are oil, chemicals,
paints, fabrics and metals. Expendable repairables include any expendable that might be
recovered through minor repairs, such as seat arm caps. These five classes can be
addressed from two different points of view. The first is an inventory management
perspective that focuses on whether the units can be repaired or not. For example, rotables
and repairables are components that can be repaired. The second perspective is that of
accounting, and it focuses on the depreciable lifespan. Rotables, for instance, have a

lifespan equal to that of an aircraft [91].

3.4.2 Aviation Industry

The spare parts supply chain operations flow from procurement and inventory
management to repair management and logistics management. Airlines’ internal supply
chain strategies are driven by ensuring quality and service to the aircraft operation in the

most cost-efficient manner.
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3.4.3 Inventory Management for Spare Parts

Inventory management involves determining the right quantity of spare parts and material
at the right time and at the right place in order to meet anticipated and unanticipated
demands to maintain aircraft operations at the desired service level and optimal costs.
Procedure monitoring of stock turnover, which is an indicator of the efficiency of stock
management, is thus an integral component of the inventory management process. Once
reorder points are reached, timely stock replenishments are needed. What is needed is to
minimise inventory total costs. In theory, an exhaustive inventory is needed to reach a
service level that could satisfy all the possible demands of the aircrafts. Because this is
mostly financially and operationally infeasible, the operation must run in the most
economically responsible way possible and find a way to balance the most effective
inventory levels with the corresponding service level. One way to prevent the risk of an
aircraft that cannot be operated (with all the associated costs) is to have safety stock with

additional costs for the operation in general.

3.4.4 Repair Management

Airlines have thousands of repair orders per year. It is essential to determine whether
faulty parts are repairable or not, and at same time, to determine whether the companies’
existing mechanics/repair facilities have both the required capability—as well as the
necessary capacity—to repair the full range of components installed on their aircrafts. If
not, airlines have access to a database of major airplane spare parts repair shops from
which they may select based on the type of spare parts the shop specialises in, as well as
quality, price, and service level. Usually, airlines collaborate with a few other airlines in
order to develop a system designed to facilitate the sharing and exchange of information,
such as mechanics/repair facilities sourcing, between the participating airlines.
Nevertheless, this only represents part of the picture, as the method lacks the ability to

forecast demand arising from unscheduled removals.

3.4.5 Logistics Management

If we assume that the appropriate quality and quantity of inventory is available and that
the inventory is being processed and repaired accordingly, effective supply chain

management is dependent on effective logistics management. Logistics management in
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this context is the practice of minimising the duration and number of processes required
to transport spare parts from one place to another, such as shipments of ordered inventory
from warehouse to airplane, as well as to and from repair centres. In order to reduce lead
times and minimise costs, airlines need to consolidate shipments of spare parts that are

less sensitive to lead times.

As mentioned above, supply chain management encompasses the planning and
management of all activities involved in sourcing and procurement, conversion, and all
logistics management activities. Logistics management is that part of supply chain
management that plans, implements, and controls the efficient, effective forward and
reverse flow and storage of goods, services and related information between the point of

origin and the point of consumption in order to meet customers' requirements [105].

Tseng et al. [106] argue that the logistics management system is an interaction of the three
main components; it supports the movement of materials and products from inputs
through production to consumers, as well as associated waste disposal and reverse flows.
They include activities undertaken in-house by the users of the services (e.g. storage or
inventory control at a manufacturer’s plant) and the operations of external service
providers. The services comprise physical activities (e.g. transport, storage) as well as
nonphysical activities (e.g. supply chain design, selection of contractors, freightage
negotiations). Most activities of logistics services are bidirectional. Secondly,
information systems include modelling and management of decision-making; more
important issues are tracking and tracing. Finally, the infrastructure comprises human
resources, financial resources, packaging materials, warehouses, transport and
communications. Most fixed capital is for building those infrastructures. They are

concrete foundations and basements within logistics systems.

The next chapter describes the modelling techniques used in this study, as well as the

design of the model for the aircraft rotable inventory problem.
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Chapter 4: Modelling Techniques and
Design of Model

The previous chapter presented an overview of the aviation literature, clarification and a
definition of rotables as a spare part, and additionally, spare part optimisation and

modelling approaches.

This chapter describes the modelling techniques and design of the model for the aircraft
rotable inventory problem where the model is built around an airline which has its own
technical services. The model is then clarified and illustrated with graphs, formulations,

and a scenario optimisation approach.

4.1 Model Building

The most widely used method for supply chain network design is mixed-integer linear
programming (MILP). Here, we consider the design of a multiechelon supply chain

network.

4.2 Supply Chain Management Optimisation Proposal

Service parts are often manufactured at the same facilities at which the parts required for
assembly of the technical system are made. Their demand is relatively low, so often, parts
needed for assembly are produced with higher priority. In addition, a shortage of the part
may have serious consequences for the operation and for keeping an acceptable service
level in stock or having a safety stock to keep the service level reasonable in order to
compensate for, e.g., a longer lead time. Another difficulty arises if demand is low and
very lumpys; so, the standard forecasting techniques for demand produce inaccurate results
and consequently invalidate stock control models that rely on accurate demand forecasts.
Addressing uncertainty in demand forecasts by putting extra parts into stock is

unacceptable in many situations as parts may be very expensive.
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4.2.1 Modelling Techniques

In this study, we look at model specifications and experiments with specific reference to
the aircraft rotable inventory problem. The focus has been expressly narrowed to the
rotable problem and does not consider cases of consumable items which are better
understood in mainstream practice. As has been said, much of the prior work in this field
addresses the forecasting of demand for consumable spares even when the operational
context describes repairable assemblies. The scenario is that we have aircraft and
technical services in operation where technical services, designer, and component
services are part of airline technical services but function as an independent unit. There
are two possible approaches to classifying the rotable scheduling problem: planning parts
at the individual level, and planning for systems of parts where demand can be combined
and considered together. The latter is preferable since it more closely reflects the reality

of stochastic demand and is seen to give better results.

As Ghobbar and Friend [107] describe, demand forecasting is one of the most crucial
issues of inventory management. Forecasts, which form the basis for the planning of
inventory levels, are probably the biggest challenge in the repair and overhaul industry,
as one common problem facing airlines throughout the world is the need for short-term
parts demand to be forecast with the highest possible degree of accuracy. The high cost
of modern aircraft and the expense of such repairable spares as aircraft engines and
avionics constitute a large part of the total investment of many airline operators. These
parts, though in low demand, are critical to operations and their unavailability can lead to
excessive downtime costs. Most airline materials managers deal with intermittent demand
which tends to be random and has a large proportion of zero values. As MacDonnell and
Clegg [108] describe it, due to hard time constraints (for example, a landing gear
assembly must be changed after 500 flights), constraints on condition (an item is
inspected against a defined standard, e.g. tyre tread depth), and condition monitoring
(real-time diagnosis of performance, e.g. brake pad wear) rotables can generally be
understood to come up for maintenance on condition, meaning that their performance is

observed to be deficient upon inspection, or often, in operation.

However, it is best to understand rotables as coming up for removal through condition
monitoring since their failure will usually be observed during operation, meaning that the

removal does not typically result from a planned inspection or at a planned interval.
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Ghobbar and Friend’s explanation gives a detailed statistical analysis of parts demand for
maintenance items but there is no optimisation involved. Due to the sporadic nature of
demand for aircraft maintenance repair parts, airline operators perceive difficulties in

forecasting and are still looking for superior forecasting methods.

Here we present a cost-optimisation model for the planning of spare parts levels used in
the support of aircraft operations. We deal with techniques applicable to predicting spare
parts demand for airline fleets running their own technical services. Actual historical data
for rotables from 2012 to 2015 from an airline operator are used. The collected data spans
three years, i.e. approximately 3000 records for each rotable (sales price, exchange price,

etc.).

Data were transferred from the airline technical services database for a definite number
of rotables into MS Excel. Excel is first used to sort and evaluate data. An Excel pivot
table is used to generate the report, but the pivot table is a dynamic table that is used to
interpret data in different ways with or without ever having to enter a formula. The pivot
table is particularly useful to narrow down the data set and analyse relationships between
data points (time frame). Second, GAMS® is used to execute the mathematical
optimisation model by importing the data from Excel and generating solutions both in

GAMS and the Excel file.

4.2.2 Scenario Optimisation Approach

The model is built around an airline which has its own technical services and a set of
locations at which demand for parts occurs. In this case, we have one base, a set of
locations that resupply groups of items them—which we call intermediate stocking
locations—and a depot that is responsible for resupplying the intermediate stocking
locations as needed (Fig. 5). When the airline needs a rotable part, it looks for it in-house
first and, if possible, replaces it with a serviceable issued from stock. The unserviceable
part is sent to overhaul service, repaired, and put into stock. But if the spare part is not

serviceable, then it is scrapped and we have the second scenario, in which the spare part

3 The general algebraic modeling system, a high-level modelling system for mathematical
optimisation, is specifically designed for modelling linear, nonlinear and mixed integer

optimisation problems [109].

Edvald Moller Page 66 of 166 PhD. Thesis



Chapter 4: Modelling Techniques and Design of Model Imperial College London

is lost. The key issue is that technical services need to always provide the best solution at
the moment the airplane needs service—to pick an optimum selection set of inventory

levels for a connected set of parts at minimum cost.

IN = airplane
OH =overhaul

SE = serviceable
US = unserviceable
W
7-\‘:"

+ F“C{ g

Issued
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Fig. 5. Technical Services, In-House.

The technical services team cannot always rely on their own inventory, so it usually
comes to an agreement with suppliers on the market. The focus here is to predict whether
this can be achieved on a larger scale by increasing stocks of cheap parts while reducing
stocks of expensive parts and, at the same time, whether the resulting solution can meet

a target service level at the least overall cost.

Fig. 6 shows a maintenance agreement with third parties (D), which means that technical
services has made an agreement which gives the airline the opportunity to lower the cost

of repairs since this is often similar to doing the repair at technical services
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Fig. 6. Process for maintenance agreement, third parties (D).

at the base. The unserviceable part of the airplane is replaced by a serviceable part from
inventory and the unserviceable part is shipped to overhaul where a decision is made to
repair it at technical services or to send it to a third party for repair; later, it will return to
the inventory. The decision as to where the repair will take place is dependent on the
nature of the failure—that is, the failure mode—and on the workload at the location at the

particular moment when the repair is required.

When an unserviceable unit is not available in inventory when it is needed, the technical
services team needs to act as quickly as possible to minimise the cost of having the aircraft
inoperable. Fig. 7 shows the additional options: exchange, buying a new one, or receiving

borrowed spare parts from the market (LI).
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Fig. 7. Process for exchange (EX), purchase order (PO) or loan-in (LI).

As mentioned in earlier discussions, if we do not have a serviceable part available in the
inventory (SE) which corresponds to the failed part that was removed from the aircraft,
the service team needs to act as quickly as possible to minimise the cost of the fleet not
being in operation. That service team is required to send a serviceable unit to the
requesting location (OH) as soon as one is available. Once the failed unit arrives at the
overhaul location, a determination is made as to whether or not it is able to be repaired

there. If it is, the unit is repaired on site; otherwise, it is sent to the depot for repair.

In the latter case, the depot sends a serviceable part to the serviceable location (SE) as
soon as one is available; there are, however, other valid options, such as, first off, an
exchange (EX) with third parties. The exchange partner gets the serviceable part quickly
transported to technical services for installation in the aircraft, meaning the operation is
up and running with minimal loss of time and cost. The unserviceable part is transferred
to the exchange partner who often charges 10% of the sales price for the exchange plus
the cost of repairing the unserviceable part. The cost of the repair is sent to the technical
services department that needed the exchange. The spare part, which was transferred to

the exchange partner, is now owned by the dealer, i.e. the exchange partner.

Second, there is always the option to purchase a new spare part (PO) if no serviceable

unit is available on request; this can usually be fulfilled the same day the request is made.
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The final option is to borrow the serviceable part (loan-in, LI) from a third party for a
short time—usually less than 24 hours. Airlines try to avoid this option because it is
expensive. The fee is approximately 2—-3% of the purchase price per day, and this is not
all: the serviceable unit has a serial number and when a unit is borrowed, the same unit
must be returned (same serial number), often to the same location. This means it can take
time to return the serviceable unit to its owner and stop the meter, which can be

prohibitively expensive.
If we expand the technical services environment (

Fig. 8) we can see the other side of the equation: sell spare parts (SALE), exchange to

others (ex out), or lend our spare parts (LO) in order to generate extra income.

Fig. 8. Process for the environment.
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Fig. 10. Process for loan-out (LO) and sale.

4.2.3 Problem Description

The use of composites in the acrospace market costs about $7.3 billion per year, with air
transport accounting for almost half of the total; it is expected to double to more than $14

billion by 2016, and by 2026, it could reach $30 billion, according to Kevin Michaels.*

4 http://www.icfi.com, the AeroStrategy consultancy.
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Supply chain management will play a key role in keeping an aircraft aloft and at the same
time, will generate maximum profits. The operation calls for efficient management of a
vast number of spare parts and optimisation of the inventory. Making sure there are
enough pumps, tyres, avionics gear, engines, cabin carpets, brackets, and thousands of
other aircraft supplies available for MRO is a major procurement challenge and, in order
to ensure that the aircraft remain in service, there can be no question of there being a parts
shortage. According to Higgins [110], efforts made in the last decade have resulted in a
reduction of the inventory held throughout the MRO supply chain from $3.6 million to
$2.6 million per active aircraft. The total value in the supply chain, however, is still $44
billion. Citing information from AeroStrategy, Morris Cohen, a professor at the Wharton
School of Business at the University of Pennsylvania said, “Thus there is a lot of room
for improvement. Given the restructuring that is occurring throughout the MRO market,
we believe that ongoing efforts to reduce inventory and to improve service will require a

higher level of supply chain coordination” [110].

4.2.4 The Mathematical Programming Model

In the following sections we describe the mathematical programming model developed
to cope with decisions at the different levels in the integrated multi-scale algorithm. The
model is a mixed-integer linear programming model (MILP). The model is based on a

discrete representation of time.

The optimisation model is based on a single airline and its technical services. Its own
rotable inventory follows practices recommended by the aircraft OEMs, chiefly Airbus

and Boeing; these policies are typically limited to individual line item treatments.

The optimisation model constructed establishes stock levels for rotable spare parts in
inventory to minimise total cost. At the same time no backorder objective is allowed,
shortages are forbidden and rotables are available at the right time and in the right place
to keep aircraft flying, meaning approximation to maximising aircraft availability. The
analysis dealt with actual data from the technical services and an accurate approximation
and is highly mathematically tractable. Technical services uses the optimisation model to
take decisions regarding investments in spare parts for aircraft. This is a linear
optimisation model developed to minimise the cost of operating rotable spare parts, for

example brakes, wheels, valves etc.
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We assume the demand process at each location is an independent and identically
distributed Poisson process from period to period. Furthermore, demand at one base is

independent from that occurring at other locations.

4.2.4.1 Mathematical Model Formulation

As explained earlier, the optimisation model is constructed to establish stock levels for
rotable spare parts in inventory to minimise future total costs. The mathematical model
scenarios try to minimise the cost of rotable parts inside technical service for the airline
and at the same time choose between several alternatives (Fig. 11). We have a single

demand scenario; future work will consider uncertainty.
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Fig. 11. Process for the environment
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4.2.4.2 Model

Model formulation: The following decisions are considered necessary to optimise our
model’s objective function and to minimise the balance value of the last period in the time
frame. As with other planning models it is necessary to consider discrete intervals of time
and assume changes occur once in each interval. The model developed below is for a

multiple unit type.

Indices

i item type
t  time period

T last time period

Parameters
Di;; = demand, number of units required in time ¢ for item i
Ei = exchange price per unit in time ¢ for item i in $
IR,  =interest rate per time ¢ in %
Piy = price per unit in time ¢ for item / in $

RepF; = fraction of repair cost versus purchasing costs for item i
TPirrrp; = daysin ¢ it takes to get the repaired unit back for item i
RTP; = days in it takes to get the repaired unit back for item i

Spir = price per sold unit in time ¢ for item 7 in $

Variables

Bi: = accumulated costs, balance in period 7 for item i in §
bi; = number of units bought in time ¢ for item i

eir = number of units exchanged in time # for item i
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Ii; =number of units in inventory in time # for item i

riy = number of units repaired in time ¢ for item i

siz = number of units in sold in time ¢ for item i
Constraints

o The constraint describes the commodity balance for all parts (units). The

inventory level at each time is
Ly = lig—1 + 1Pyt + byt + €3¢ — Sie =Dy Vit

. where Ii; represent last periods inventory level plus unit coming from

repair and exchange minus sold units and demand.

o The constraint describes the accumulated costs and the balance in period t for

item i. The balance can be representing by
Bit = Pyt * byt + Eyr * ;¢ — Spie * Sit + (1 +IR¢) * Bjy—1 + RepFy Py x 1y Vit

o where we add up the cost for bought units, cost of from exchange units,
income for sold units, cost for last period balance times the interest rate for the

period and the cost for repairing.

o This constraint connects the replacement and return of repaired parts; i.e. for a

replacement which comes back after RPT days (unit)
TDit+rrp; = Tie Vit

o This constraint describes that we do not repair and exchange more than
demand, to avoid building up an inventory

T‘it + eit == Dlt VL,t

Objective

e The objective is to minimise the balance value of the last period in the time
frame.
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Minimise Z = ZBiT
i

In the next chapter, we present an overview of a move towards robust supply chain

management tools.

Edvald Moller Page 76 of 166 PhD. Thesis



Chapter 5: Towards a Robust Tool: An Overview Imperial College London

Chapter 5: Towards a Robust Tool: An

Overview

The previous chapter presented in outline the modelling techniques and design of the

model that relate to supply chain management and supply chain optimisations.

This chapter will begin by restating the problem that this thesis aims to tackle. It then
moves on to describe the approach used to address said problem, and ends with a

summary of the following chapters.

5.1 Problem Statement

While it is obvious that this thesis cannot solve all problems relevant to spare parts supply
chain management, it will attempt to solve one specific problem which was identified in

an interview performed on a site visit concerning related problems.

The one major point is that in spite of all the technological advancements that have been
made and the numerous methods and tools that are available for use, it has actually

become far more difficult for practitioners in the industry to decide how to use them.

As mentioned in the previous chapters, while much progress and improvement has been
made in the field of supply chain management, a far better understanding is now required
in order to decide which is the most appropriate method and technique that is to be used

for a given system.

Another problem has been with communication, namely the conveyance of information
from one division to another (to avoid bullwhip effect), e.g. between management and the
operators of the plant, and the conveyance of information to other supply chain partners.
On occasion, the confusion has led to both parties questioning the implementation of new
methods and techniques, which has rendered these methods less effective than they would

have otherwise been.
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Trust, empowerment, and achieving a “win-win” situation with the customer should be at
the heart of a supply chain strategy. While any participant in a supply chain could take
the initiative to build trust-based relationships, intermediaries are usually best placed to
do so. They need to win the trust of both their customers, i.e. retailers and brand owners,
as well as the factories that supply them. A high level of mutual trust is a key aspect of
the integral supply chain architecture. A trusted intermediary can orchestrate a complex
ecosystem of manufacturers, service providers, retailers, and brand owners, but in many

instances, their customers define the objectives of the supply chain.

Information can be seen as an effective remedy—against the bullwhip effect, for
example—since it makes supply chains more responsive and efficient by bringing
uncertainty under control, where critical thinking is the practice of methodically
gathering, analysing, and evaluating information. It is one of the most vital parts of the
problem-solving and decision-making process as it is the act of clearly thinking through
options that will lead to a final choice. While decision-making is the process that leads to
actionable conclusions, critical thinking is the element that defines whether the choice is

sound.

Operational and service improvements combined with a better, more engaged workforce
are areas in which airlines can improve. Employees are used to social, connected, and
mobile tools in their personal lives and desire the ability to communicate and collaborate
whenever and wherever they choose. Improving real-time communication and
collaboration will create a more engaged workforce focused on sharing knowledge,
solving challenges faster, and reducing costs. Engaging workers in a collaborative
environment is a necessity, and technology must play a leading role in fostering
communication and collaboration throughout the organisation. This, in turn, will lead to
cost savings and the organisation will benefit. Margono [33] defines the problem that the

staff at the collaborating industry wanted to solve with the question:

How can the information, methods, techniques, and tools that are currently available be
best utilised to help make better supply chain-related decisions by all members of the

company and the other companies in the supply chain?
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This is one part of the problem that this work will attempt to grapple with, and the next
sections will discuss how this has been accomplished. The goal of this project is to create

a useable model to meet the demands of the supply chain.

As is stands, we can say that tomorrow’s category strategies will be all about value

creation. They will be more robust and forward-looking.

5.2 Approach

One key aspect of our approach towards a tangible solution is the utilisation and
integration of existing technologies and methodologies, as well as our desire to implement
them in a way that people with different backgrounds, education, and training can
understand the concept and use the solution for decision-making in their own
environments. It is important to ensure that those who will be working with the model
can make the appropriate changes. The model should be easily and immediately
adoptable, and simultaneously help users to make decisions about the future, as well as

to understand the nature of the project.

Data analysis was carried out in Microsoft Excel using the Visual Basic for Application
and PivotTable, and other embedded Excel tools such as functions, data validation, and
statistical packages. Microsoft Excel presents a common platform that is used by most, if
not all, of those in the analysis and processing industry, meaning that the model’s users

should find it easy to navigate.

The General Algebraic Modelling System (GAMS). GAMS, which combines the language
of mathematical algebra with traditional programming concepts, was used to solve
optimisation problems here. All data generated through GAMS was analysed further in

Excel.

Collected data. We classify this airline rotable spare parts planning problem as being
medium term, due to the length of the time of interest (2-3 years). Furthermore, we
employ classification to categorise rotable spare parts. The classification is done
according to volume (high, medium and low) for each spare part. Secondly, as we intend
to focus on determining the likelihood of an inventory shortage in these categories, we
further subdivide these spare parts categories according to rotable ID, mean, standard

error, median, mode, standard deviation, minimum, maximum, total item, coefficient of
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variance (CV=o/p). The mean and standard deviation of demand for selected spare parts
are determined from three years of demand data. Finally, we sorted the data (Appendix
A) by high volume and coefficient of variance (narrow, mean, spread). A code is
generated in place of each item’s unique rotable ID by combining the characters for
volume, density of coefficient of variance, and the item number (Appendix B). These

characters are defined below.
The first letter of the code represents volume, where

e H: High volume
o M: Medium volume
e L:Lowvolume

The second letter of the code represents density of coefficient of variance:

o A: Coefficient of variance is narrow
o B: Coefficient of variance is mean
e C: Coefficient of variance is spread

Finally, the third character is the item number, e.g. 1, 2, ...

As an example, the reference HA 1 represents an item with high volume and narrow

coefficient of variance; 1 is the item number in that specific category.

The time zone was determined based on the fact that the quality of the forecast
information becomes better as the time horizon moves closer to the present time point

and as a result, uncertainty in the decision problem decreases.

Microsoft Excel is intended to be used as a rapid first approximation method to help
support quick decisions that need to be made, including where to focus additional efforts
and perform more detailed analysis or modelling. To this end, many first approximations
of methodologies are used in this approach such as scheduling, optimisation, and robust

planning.

It is important to develop systems that can maintain stable performance in the future, and
this must be achieved in every single aspect of supply chain management techniques and
tools. These should be tools that do not require much effort and are easy to maintain and

develop further if desired.
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One thing we need to consider when discussing the supply chain is demand at any time
and at any service level—that is to say, the likelihood that the supply chain will
experience a stock-out at any time. To approach this scenario, we have taken actual data
from the parties concerned in order to ensure the analysis and this data has been checked

for accuracy.

Initially, the data was classified and analysed according to the volume, then divided into
sections (high, medium, or low volume) where each part was then sorted by a coefficient
of variance. It was then further divided depending on whether the coefficient of variance
was narrow, medium, or spread. Hence, we have ten categories of spare parts to analyse
in terms of inventory management. In order to reach the right solution, generate more
accurate information about future demand, and establish the right inventory levels, we
will use both modelling and simulation tools in new ways, with the result of generating a

new demand forecast for planning models.

This work attempts to use past years’ data to determine a more realistic demand level and

to predict demand for an uncertain future.

5.3 Simulators and Modellers

As mentioned in section Error! Reference source not found., there is a difference
between simulators and modellers. The key distinction is that simulators use heuristics
and protocols to simulate the behaviour of the system whereas models use mathematical

statements.

Simulation is the imitation of the operation of a real-world process or system over time.
The act of simulating something first requires that a model be developed; this model
represents the key characteristics, behaviours and functions of the selected physical or
abstract system or process. The model represents the system itself, whereas the simulation

represents the operation of the system over time.

Advantages of simulators are that the build time and modification time of simulations
tend to be shorter than those of declarative modellers, i.e. speeds up the production

process:
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o doesn't require any physical components, so money isn't wasted on expensive
parts

e you can save and edit ideas, which makes it easier and cheaper to modify your
design as you go along

® you can choose predrawn circuits or system blocks, which speeds up the process
even further.

And, at same time, the disadvantages of simulators are:

e the software itself can be expensive so initial costs are high. There are free
software packages though

o staff need to be trained on how to use the software, which also adds to costs

e it doesn't always accurately simulate real-world circuits or ideas, so may not be
as effective as a prototyping board.

Nevertheless, it is often much harder to try to optimise a system using simulation rather

than a modeller.

In response to this problem, tools have been established in this work using a modelling
and simulation working side by side to attempt to reflect the best of both worlds. This
was done by using data generator, a simulator to test the results given by the modeller
against a more complex system to determine whether the performance of the system is
still acceptable (illustrated in Fig. 12, where model 1 is nonadaptive and model 2 is

adaptive).

The tool will be used to simulate the models to test the robust plan that is to be generated
and alter the variables in the robust generator to make relevant changes before testing the
tool again and iterating as necessary. In order to generate a robust plan, the modeller will
require demand scenarios, and for this reason, there will be a need to generate demand

scenarios that are representative of what can happen in reality.
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Data Generator Modules

/

Model 2

Fig. 12. Detail illustration of components and interactions between them.

5.4 Data Requirements

In all aspects, quality of data has become so important to today’s businesses and for all
research. It is critical that the data used for the prediction of the future is real data; the
hazards it presents must also be accounted for. With new risks and pitfalls appearing daily
as technology evolves, it is no surprise that security is usually at the top of the priority

list.

In truth though, quality is only one part of the equation. Any research needs to control the
input data accurately; it must also see accuracy and integrity in similar lights. Once these
have been guaranteed, the way in which the data is applied to determine results is left.
This is where the real-time concept comes in—information validity has a period of time,

and which is shortening rapidly (Fig. 19).
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The quality of data for forecasting and predicting future demand is vital in supply chain
management as the mutual sharing of information between individuals in the supply chain
(bullwhip effect). Therefore, one of the key points in creating a supply chain simulation
and modelling, or modelling in general of any sort, is that a problem can arise concerning
a lack of available demand data of good quality. Quality of data and the time frame
discussed here relate to the relevance to current data trends while a certain measure of
similarity to the past can be assumed; however, this similarity may not be extended
beyond a certain period of time as trends do to alter over a longer period. How much
current demand is similar to previous developments inevitably changes in accordance
with the subject matter discussed. Hence, we use available historical data in order to

generate realistic demand scenarios as input into the system.

In the case of producing a robust plan, it is even more pressing that historical input data
is available as there is the need to produce demand scenarios which are realistic. To this
end, a method is used for statistical treatment of data which is essential in order to make
the use of data in the right form. By this, historical data were collected and treated
appropriately so conclusions could be drawn. It is clear that this is not an exhaustive list
of the information that is necessary for everything to work well. There is a lot to do in a
supply chain in order for everything run smoothly which we have not taken into account
such as carrying costs, obsolescence, etc. Other stochastic information for input into the

system would also be required.

In next chapter, we will present a demand scenario generation procedure, in which we
give an overview of demand logistics, spare parts, factors which affect demand,

limitations, etc., and lastly risk for stock-out.
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Chapter 6: Demand Scenario Generation

In the previous chapter, we presented an overview of the robust supply chain management
tools and discuss the problem statement, approaches and prediction of future demand, as

well as simulation and modelling and data requirements.

In this chapter which presents demand scenario generation, we give an overview of
demand logistics, spare parts, factors which affect demand, limitation, etc., and lastly,

risk for stock-out.

6.1 Introduction

As mentioned in section 5.4, one of the key problems in undertaking research in this field
is the limited availability of large quantities of good quality data, as one of the
fundamental factors that determines how well a computer tool performs is the quality of
the input data. High quality input data supports good decision-making and planning and
also helps in the evaluation and reconstruction of models. The quality of the results is

dependent on the quality of the data inputs.

Many supply chain tools require the use of demand scenarios, and within the field there
is a push to establish a methodology that can generate demand scenarios which balance
the need to be realistic with the need to generate reasonable outlier points. The aim is to
provide a sufficient spread of scenarios that will allow for an adequately robust test of the

plan that is being evaluated against the demand scenarios.

6.2 Demand

Knowledge of the demand for airplane spare parts is a requirement of effective and
economical procurement, distribution, and stock decisions. Low average demand rates
are characteristic of a large proportion of all airplane parts. The slow-moving, low-cost

parts account for a small fraction of the total dollar value of issues, but because of their
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large number and, often, their essentiality to the functioning of the airplane, they can

constitute a significant logistics problem.

Demand for most spare parts also tends to be erratic. Even if the demand rate for a part is
known for some past period, the future demand during a similar period cannot be
predicted with accuracy. It is not enough to predict (and use) average demand rates to
ensure that parts shortages occur at a reasonably low frequency; rather, it is necessary to
predict the probability that various demands will occur. These probabilities can then be
used in calculations designed to facilitate stock, procurement, and other important

logistics decisions.

In many cases, the pronounced random element causing uncertainty in demand can be
expressed by a mathematical formula. Many of the airplane parts with demands that are
sufficiently frequent to permit statistical analyses show demand patterns that can be
approximated by standard probability distributions, such as the Poisson probability
distribution. When such approximation is possible, logistics decisions can be computed
that take into account the costs of incurring shortages, as well as the costs of avoiding
them. This can result in building up stock, procurement, and other logistics decisions that

create a greater option for the resources available.

Future changes affecting the number of spare parts, the conditions of their use, and the
nature of their support are all incredibly difficult to predict. Also, demand can be
unpredictable either due to a lack of quantitatively and qualitatively sufficient data
applicable to the future, or due to a lack of a satisfactory systematisation of the random
element through a suitable probability distribution. Programme and technical changes

appear to be facts of life to which the logistics system must simply adjust.

The fact remains that for the demand for most spare parts, it is hard to make predictions
with confidence—perhaps one never can. Prediction necessitates the consideration of
some improvements in logistics operations, in order to make it easier to live with demand
uncertainty. Among such improvements would be a shortening of the resupply time, the
procurement lead time, and the repair cycle for spare parts. Each of these improvements
would help to reduce the time over which predictions must be made and would lessen

requirements for procurement, thus reducing the risk associated with a prediction of
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shortening delivery time would, secondly, reducing the procurement lead time and finally,

a shortening of repair-cycle time.

These improvements in logistical management, if made, would probably have valuable
effects in various directions that lie outside the scope of this study. In relation to the
forecasting of demand, we would aim to overcome some of the costly effects of the very

limited predictability of demand for airplane spare parts.

6.2.1 Logistics

The central problem in logistics is getting the right item to the right place at the right time,
without incurring undue cost. To accomplish this, it is necessary to understand the
characteristics of demand. An understanding of the pattern of demand is essential for the

design of an effective and economical logistics system for certain parts.

A system designed to support a regular, predictable, and periodic demand will be very
different from one designed to support an erratic and unpredictable demand. As
discussion and defined in section 3.2.5.2, demand for airplane spare parts where we shall
enumerate some of the factors which influence it. The studied data were equally well
suited to the desirable definition of demand. These data provided information on the
number of units of spare parts. The nature and limitations of the data will be discussed

further below.

6.2.2 Factors Affecting Demand

Many companies treat the world as if it were predictable. They base production planning
on forecasts of demand made far in advance of the selling season to provide ample time
for efficient production and distribution. That approach results in shortages of some
products. Everyone unfairly blames the forecasters. The real problem, though, is that most
companies do a poor job of incorporating demand uncertainty into their production
planning processes. They are aware of demand uncertainty when they create a forecast—
witness the widespread reliance on safety stocks—but they design their planning
processes as if that initial forecast truly represented reality. They do this for two reasons.
First, it is complicated to factor multiple demand scenarios into planning; most companies

simply don’t know how to do it. Second, the dramatic decrease or increase in demand
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unpredictability is common and many companies have not yet changed their planning

systems to adapt to it [111].

Wear and tear is one reason for demand unpredictability. Wear and tear is, of course, an
important cause of demand, but the various parts of an airplane are subject to wear at
different rates, depending on the durability of materials, the complexity of components,
their susceptibility to damage on the ground and under operating conditions, and to the
damage of adjacent or functionally related parts. These factors emphasise the difficulty

of predicting demand. This is one of the reasons for its unpredictability.

6.2.3 Data Used

Data for a definite number of rotables were transferred from the airline technical services
database into MS Excel. Excel is first used to sort and evaluate data. An Excel pivot table
is used to generate the report, the pivot table being a dynamic table that is used to interpret
data in different ways with or without ever having to enter a formula. The pivot table is
particularly useful for narrowing down the data set and analysing relationships between

data points (time frame).

At this stage of our research, we employ a classification to categorise rotable spare parts.
The classification is done according to volume (high, medium and low) for each spare
part. Secondly, as we intend to focus on determining the likelihood of inventory shortages
in these categories as reviewed in chapter 5.2 on page 79. The mean and standard
deviation of demand for selected spare parts are determined from three years of demand
data. Finally, we sorted the data by high volume and coefficient of variance (narrow,
mean, spread). Second, GAMS? is used to execute the mathematical optimisation model
by importing the data from Excel and generating solutions both in GAMS and the Excel
file. The model built is a robust linear optimisation model which minimises the cost of

operating rotable/repairable spare parts, such as brakes, wheels, valves, etc.

> The general algebraic modelling system, a high-level modelling system for mathematical

optimisation, is designed for modelling and solving.
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6.2.4 Data Limitation

The data had some obvious limitations. Firstly, the data analysed consisted of demands
generated for rotables and not for the whole inventory. Secondly, the data applied to a
single airline with approximately twenty aircraft. Thirdly, it is difficult to say if the data

with which we were provided are completely up to date.

6.2.5 Pattern of Demand

In this section, the characteristics of demand data are described. These are important for
the subsequent discussion of prediction and of measures to overcome the difficulties of
prediction. Since entirely different logistics policies may be appropriate for rotable parts
and other spare parts, we will focus on the rotable parts which are a primary element in
determining policies. Rotables are also traceable with their unique ID. This section also
includes a description of the characteristics of spare parts in terms of frequency of demand

for the group of spare parts studied.

By pattern of demand, we mean, for one, the frequency distribution of airplane spare parts
according to their total demand during a given span of time, or how many of the parts had
low, medium, or high demand during a given number of months. Next, we are looking at
the distribution over time of individual parts, or for how many weeks or months of the
total period studied was there no demand for a particular part. Thus, in the first instance,
we are interested in studying the pattern of demand that characterises groups of parts,
whereas, in the second case, we are interested in finding out how the demand for
individual parts behaves from one interval to the next. In what follows, the pattern of
demand will be presented first as a distribution of parts according to their total demand
over the period, and, secondly, as a distribution of demand for individual parts over units

of time.

6.2.6 Predicting Demand

An important reason for collecting demand data is that past experience helps us to predict
future demand. Prediction is an essential part of an efficient logistics system because it

takes time to order, produce, and deliver material.
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The accuracy of the prediction influences the cost of supply to the system. If the
prediction considerably magnifies future demand, and as a result, little of the quantity
ordered was ever used, then the cost is raised through unnecessary stock, obsolescence,
etc. On the other hand, if the prediction considerably understates future demand, and as a
result, the stock is too small to satisfy the demand, then the cost of the system is raised
by the loss of utility of the system for which the stock was procured: it may be out of
commission for parts. In either case, inaccurate prediction of demand means higher

system costs.

6.2.7 Characteristics of Demand Probability

The demand data in this report testify to the variability of demands from month to month,
which is what makes a prediction so difficult. Since this variability seems to be
characteristic of the demand for parts, then it is necessary to sort the parts by high, average
and low as we mention above, etc. The variability of demands can sometimes be
characterised by a probability distribution. Undoubtedly, these fluctuations reflect many
causes of a more or less random nature. It was not possible, and it is not essential, for us
to track down these causes. The crucial point is that demand for these parts does not
appear as a smooth and even flow over time. Instead, it fluctuates widely from week to
week. The function of the logistics system is to contend with these demands so that total

effectiveness of the system can be as high as possible within the budget limitations.

The statistical study of how to predict future demand involves, first, deciding what the
form of the probability distribution should be, and, secondly, finding the value of the
parameters that define the specific distribution to be used. The study of the form of the
distribution involves taking past historical data on individual parts and trying to fit known
statistical probability distributions to them. Later, we describe how we go about fitting
such distributions and the results of some fits. The parameters estimated from the data,
such as the average demand to be expected, are therefore likely to reflect changes in the
quality of the part, ability to repair it if it needs adjustment, or in the level or kind of

activity in which it has been used.

One of the reasons that we express demand predictions as probability distributions is to
absorb some of the uncertainties about these factors in the future; but where possible, the

accuracy of our predictions and the consequent validity of the supply decisions should be
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increased by the anticipation or identification of changes in the parameters among the
indexes that are often used to predict changes in parameters in flying hours, landings, etc.
As will be described below, we have made progress in finding relationships that may help

to predict such parameters.

6.2.8 Risk of a Stock-out

Optimal inventory policies may involve stock-outs, even when the demand is assumed to
be deterministic. The effect of a stock-out in inventory models is usually taken into
account by means of a stock-out cost. In some cases, this may be appropriate, e.g. when
the demand during stock-out is met by a priority shipment or extra delivery. In other
cases, however, stock-outs may cause loss of goodwill and affect future demand to the
firm. In our case, it may cause a delay in our operations and flight schedule, lost goodwill,
etc. In the airline industry, it is difficult to accept stock-out and in point of fact, it is
generally not tolerated. In general, the optimal policy is no stock-out to avoid the
grounding of an airplane with distortion for the passenger and increasing cost and a loss

of profits.

In the case of stochastic demand, a form for the future demand density as a function of
stock-outs is proposed. Optimal inventory policy, based upon this assumed form, is

discussed and an example involving an exponential density function is presented.

In the case of deterministic demand, we can consider an airline where the airline would
experience a high demand rate if none of its customers would ever encounter a delay
caused by failure and waiting time because of an inventory stock-out in the maintenance
department. Given that this airline's maintenance service has an inventory policy resulting
in a fraction of demand occurring during times of stock-out, one would expect to find

demand trending downward as a result of lost customer goodwill.

Here we present a measure of the effectiveness with which a company responds to actual
demand or requirements. The stock-out percentage can be a measurement of total orders
containing a stock-out to total orders, or of line items incurring stock-outs to total line

items ordered during a period.

In the next chapter, we present robust supply chain management tools based on stochastic

Monte Carlo and Rolling horizon algorithms, and give an overview of the rolling horizon
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concept and terminology, followed by a problem description and how the problem is

tacked with uncertainty.
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Chapter 7: Robust SCM Tools

In the previous chapter, we presented demand scenario generation, in which we give an
overview of demand logistics, spare parts, factors which affect demand, limitations, etc.,

and lastly risk for stock-out.

In this chapter, we will begin with an introduction to the robust SCM tools used for
tackling this part of the thesis’ problem and then move on to describe the robust SCM
tools and continue with a literature overview regarding the use of robust tools. First, we
move on to describe the approach and the methodology in this study, mathematical
modelling for stochastic Monte Carlo and an explanation of rolling horizon. Secondly,
solutions obtained by optimisation-based approaches are compared, and the outcomes
listed for the robust SCM tools. Thirdly, a solution approach is introduced and potential
improvements to the current problems are made and discussed. Finally, conclusions are

drawn and final recommendations presented.

7.1 Introduction

The majority of the relevant scheduling literature deals with the task of schedule
generation; however, in practice, schedule generation is only one aspect of the overall
scheduling process. Especially in highly dynamic production environments, reactive
control is equally important for the successful implementation of scheduling systems.
Scheduling approaches should not only be able to generate high-quality schedules, but
also to react quickly to unexpected changes and to revise schedules in a cost-effective
manner [112]. Since in most production environments scheduling is a dynamic process,
it should be solved reactively with low response times and take into account the current
state of the system and updated information so as to capture efficiently the real needs of
the scheduling process. For this reason, this work addresses the scheduling problem as a
reactive iterative optimisation problem, which indeed shares many features with typical

control problems [113].
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Based on the nature of the source of uncertainty in a process, a suitable classification has

been proposed as follows [114] [115]:

(i) model-inherent uncertainty, such as kinetic constants, physical properties,
and mass/heat transfer coefficients;

(ii)  process-inherent uncertainty, such as flow rate and temperature
variations, stream quality fluctuations, processing time, and equipment
availability,

(iii)  external uncertainty, including feed stream availability, product demands,
prices, and environmental conditions;

(iv)  discrete uncertainty, such as equipment availability and other random

discrete events, as well as operational personnel absence.

Tsiakis el al. [116] show how demand uncertainty can be introduced in a multiperiod
model. They argue that the future uncertainties can be well captured with a scenario tree,
where each scenario represents a different discrete future outcome. These should
correspond to significant future events rather than just minor variations in demand. They
utilise a multipurpose production model where flexible production capacity is to be
allocated between different products and determine the optimal and flow allocations of
the distribution network [117]. Dealing with the above types of uncertainty in process
design and operations gives rise to two distinct design objectives, reflecting the decision-
maker’s own preference and judgement as well as the available information regarding the

uncertainty itself.

Depending on the amount of available information, the uncertain parameters could be

described by:

(i) probability distributions, if information about the behaviour of uncertainty is

available,

(i) bounded forms, if there is not enough information and only error bounds can
be obtained, and

(iii)  fuzzy sets, if historical data are not readily available [113].

This work considers demand uncertainty. Forecasting techniques based on historical data,

customer orders, and market indicators are usually used to obtain approximate ranges of
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uncertainty realisations, or a probability distributional form in the case that more

information is available.

When dealing with uncertain parameters, these detailed formulations are supported by
frameworks for optimisation under uncertainty. Sahinidis [118] presents a recent review
of the literature on optimisation under uncertainty. The topics covered include two-stage
programming, probabilistic (chance) programming, fuzzy programming, and dynamic

stochastic programming [119].

Under the standard two-stage stochastic programming paradigm, the decision variables
of an optimisation problem under uncertainty are partitioned into two sets. The first-stage
variables are those that must be decided before the actual realisation of the uncertain
parameters. Once the random events have presented themselves, further design or
operational policy improvements can be made by selecting, at a certain cost, the values
of the second-stage, or recourse, variables. Traditionally, the second-stage variables are
interpreted as corrective measures or recourse against any infeasibilities arising due to a
particular realisation of uncertainty. However, the second-stage problem may also be an
operational-level decision problem following a first-stage plan and the uncertainty
realisation. Due to uncertainty, the second-stage cost is a random variable. The objective
is to choose the first-stage variables in a way that the sum of the first-stage costs and the

expected value of the random second-stage costs is minimised.

The concept of recourse has been applied to linear, integer, and nonlinear programming
[118]. The characteristic challenge of such two-stage programming problems is the
inevitable explosion in the number of scenarios with increasing products and/or
outcomes. Examples of notable works on two stage programming include the work of Liu
and Sahinidis [120], Maravelias and Grossmann [121], Levis and Papageorgiou [122],
and lerapetritou and Pistikopoulos [123]. Avoiding the need for scenario representation
without foregoing solution quality would be ideal. For this reason, an alternative
formulation based on chance-constrained programming (CCP), or probabilistic

programming as it is also known, is presented [119].

The behaviour of purchase involves the consideration of uncertainty in demand in the
supply chain in order to ensure the generation of good quality and practical management

decisions. In particular, the operations management of a supply chain is affected by
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several types of uncertainty, such as demand and future supply, which affect the
availability and inventory level of the inventory systems. The decision-making process
becomes more complex if the consideration of different sources of uncertainty in the
models is essential to ensure the quality of the solution or even its practical feasibility.
Different types of uncertainty sources can be found, including: (i) external sources, such
as uncertainty in spare parts demand, prices, and availability of resources; (ii) internal
sources, such as fluctuations in process parameters, and (iii) other sources, such as

measurements errors [124].

The approaches to addressing scheduling problems were presented by Silvente et al. [124]
and under uncertainty, could be classified as reactive [113] and proactive [125]. On one
hand, reactive approaches focus on modifying a nominal schedule obtained by a
deterministic formulation in order to adjust it to different alterations, modifications, or
updated system data. On the other hand, proactive approaches are based on the
consideration of all possible cases and on finding a good solution for all these cases. These
approaches have the advantage that a feasible solution is found for all considered

scenarios.

However, this solution may be too conservative since the model must take into account
all the possibilities—even the ones that do not ever occur. The most broadly used
proactive approaches are stochastic programming [126] and robust optimisation [127],
which belong to an important methodology for dealing with optimisation problems with
data uncertainty. In the first stage of this type of method, a deterministic data set is defined
within the uncertain space, and in the second stage, the best solution that is feasible for
any realisation of the data uncertainty in the given set is obtained. The corresponding
second-stage optimisation problem is also called the robust counterpart optimisation

problem [127].

In this study, as in the work of Kopanos and Pistikopoulos [113], we introduce a
methodology for the reactive scheduling problem of processes with bounded-form

uncertain parameters.
The proposed reactive scheduling approach basically relies on the use of:

(i) a state-space representation for the scheduling problem,
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(ii)  parametric optimisation tools so as to achieve low response times as well as
to gain more insight into the scheduling problem itself, and

(iii)  a rolling horizon framework suitable for dynamic scheduling problems.

We apply our approach to the scheduling problem of demand for spare parts in the airline
industry, concerning how to best schedule purchases and hold the inventory level
minimum, while at the same time, meeting the demand. We show how we can formulate
a stochastic programming problem (based on a MILP) that is solved just once and offline.
Afterwards, we show how the solution to the resulting stochastic programming problem
can be used in a rolling horizon fashion to cope with the reactive scheduling problem, and
we discuss areas wherein further research is necessary. Of great importance is the fact
that the basic methodological concept can be used to tackle large-scale optimisation
problems. Moreover, the main ideas of our approach could be applied to other types of

scheduling problems. The remainder of the paper is organised as follows.

In the next section, the use of a rolling horizon in scheduling problems under uncertainty
and large-scale scheduling problems is described. When dealing with uncertain
parameters, these detailed formulations are supported by frameworks for optimisation
under uncertainty. In particular, the operations management of a supply chain is affected
by several types of uncertainty, such as demand variations and inventory level, which
both affect the availability or purchase of spare parts. The decision-making process
becomes more complex if the consideration of different sources of uncertainty in the

models is essential to ensure the quality of the solution or even its practical feasibility.

In this work, a new discrete-time mixed integer linear programming (MILP) mathematical
formulation is presented to the robust optimimisation with the underlying uncertainty
through a rolling horizon approach with the purpose of optimally managing a demand

(i.e. schedule demand, inventory level, and purchases for airline technical services).

The resulting optimisation models may be different in terms of their capacity to manage
purchases to meet the demand, while at the same time minimising the inventory level as
well as their capacity to manage several constraints and the way that different types of
uncertainty are addressed with respect to the problem of interest. This paper focuses on

this last point. Although the application of rolling horizon strategies to scheduling
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problems in uncertain scenarios is well known, its application to this specific area
(purchase scheduling), and also the exploitation of the demand side flexibility to improve
inventory and stock level, constitutes a challenge to the status quo. For this reason, this
work emphasises the simultaneous optimisation of purchases and demand-side
management as a means of improved decision-making regarding scheduling problems in

the supply chain.

7.2 Rolling Horizon Review

Under conditions of uncertainty, the effectiveness of a supply chain’s inventory planning
and control system has a direct impact on its inventory investments and customer service
performance. Thus, uncertainty is a major determinant of the supply chain’s overall
efficiency and market success. In response to demand uncertainty, it is common industry
practice to dynamically plan requirement schedules on a rolling horizon basis by
iteratively solving a series of linked stationary lot-sizing problems over a specified time
horizon for which demand is relatively well known. Moving through time, a subset of the
earliest scheduled replenishments is executed and then an updated stationary problem is

solved using the latest available demand information [128].

Rolling horizon decision-making is a common business practice used to make decisions
in a dynamic stochastic environment. In essence, this practice involves making the most
immediate decisions—that is, decisions that must be made in the first period—based on
a forecast (deterministic or stochastic) of relevant information for a certain number of
periods in the future. Clearly, the decision-maker will be interested in knowing how far
into the future he must forecast in order to make optimal first-period decisions. At the
beginning of the second period, the second-period decisions become most immediate. In
order to make these decisions, forecasts for additional periods in the future may be
required. In addition, existing forecasts may, in some cases, also be revised or updated.
This procedure repeats itself every period, thereby justifying the term “rolling horizon
decision-making” for the practice. Here, the term "horizon" refers to the number of
periods in the future for which the forecast is made. It is this horizon, that gets "rolled

over" in each period [71].
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Much of the literature concerning rolling horizon decision-making involves production
planning problems. The rolling horizon method has been proposed to address the problem
of integrated production planning and scheduling optimisation problem. Since the method
can generally result in small-scale optimisation models and fast solutions, it has been used
in a number of applications in realistic industrial planning and scheduling problems [70].
Production planning and scheduling belong to two of the most important decision-making
levels in the process industry. Traditionally, planning and scheduling have been
performed separately [129]. This process is typically as follows. First, the planning
problem is solved to predict production targets and material flow over a mid-term horizon
(e.g. months) to satisfy the customer demand. Then, the scheduling problem is addressed
after the production planning problem has been solved. And finally, the data generated

by the production planning problem are input data for the scheduling problem.

The purpose of the scheduling problem is to transform the production plan into a feasible
schedule for all the production operations within a short-term time horizon [114]. Given
the importance of providing realistic production targets, a production planning model
should take into account not only the customer demands, but also the production capacity
of the plant. To address this issue, the integration of planning and scheduling has been
proposed by the process systems engineering community [130]. The integration aims to
address the inaccuracies within the planning model by allowing for the two-way
interaction between planning and scheduling models. Ideally, an integrated model should
include not only the medium-term capacity utilisation and production level decisions, but

also the short-term production sequence and unit assignment decisions [114].

To ensure that the integration can be addressed efficiently, planning models are often
formulated through various types of aggregation or relaxation schemes, and the
integration problem is often solved through decomposition algorithms. In the literature,
there are a number of decomposition-based methods such as the hierarchical
decomposition periodic scheduling and mathematical programming-based decomposition
methods [70], as well as methods that are based on the rolling horizon idea [131] which
can significantly reduce the computational requirements. The method involves iteratively
solving the integrated problem in a rolling time horizon mode. In every iteration of the
solution procedure, the detailed scheduling requirements are imposed only for the current

or several recent planning periods. As the iterations proceed, planning decisions are
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updated and all the previously executed decisions are fixed. This system is repeated until

all the planning periods have been studied.

The idea is supported by the fact that planning decisions for the far future will not be
accurate enough due to unpredictable future uncertainty. Therefore, in the aggregate
planning model, it is reasonable to consider a relatively rough model for planning periods
in the distant future. Thus, the rolling horizon approach results in models of reduced sizes

and lower computation costs.

The rolling horizon method has been the subject of a lot of study in the literature. One
approach was formally based on the rigorously aggregated RTN formulation presented
by Wilkinson 1996 [132] who derived from an MILP planning model that has varying
time resolution through dividing the horizon into aggregate time periods. The first
aggregate period is modelled in fine detail for scheduling and the subsequent periods are
modelled using the aggregate formulation. Dimitriadis el at. [132] presented an RTN-
based rolling horizon algorithm for the medium-term scheduling of multipurpose plants.
Rolling horizon algorithms involve separating the scheduling problem into a sequence of
iterations, each of which models only part of the planning horizon in detail while the rest
of the horizon is represented in an aggregate manner. In principle, this approach should
produce close to optimal solutions with a significant reduction of the computational
requirements. Crucially, however, its effectiveness depends on the accuracy of the

aggregate representation used [132].

The majority of the literature concerning rolling horizon decision-making deals with
production planning problems. In this context, the production schedule aims at
minimising the cost per period, considering, for instance, the cost of production,
inventory, backlogging or shortage, etc. The demand may either be deterministic or
stochastic. Sethi and Sorger [71] develop a theoretical framework for rolling horizon
decision-making, taking into consideration the fact that forecasting the future is a costly
activity. To this end, they present a dynamic programming formulation for a general,
discrete-time, stochastic dynamic optimisation problem in which it is possible for the
decision-maker to obtain information about the uncertain future for a given cost [133].

The motivation for incorporating this cost lies in the difficulty of retrieving accurate
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forecasts. The forecast for the future is either expensive, unreliable, or both, and becomes

more complicated the more distant the future is.

In the production planning context, the decision-maker is concerned with making
production decisions in each period in order to satisfy demand at a minimum cost. The
relevant costs that are usually considered are the cost of production, the cost of carrying
inventories, and the cost of shortages or stock-outs. Demand may either be deterministic
or stochastic. If deterministic, it is assumed to be given. If stochastic, then its probability
law is assumed to be known. It is not typical for the production planning models to include
the cost of forecasting demand. This study does not incorporate forecast costs into the
model. Indeed, the forecast of the far future is either expensive, unreliable, or both. Also,
the more distant the future, the more expensive or less reliable the forecast is, if not both.
Moreover, in some cases, the forecast beyond a certain period of time may simply be
unavailable. This is similar to saying that the forecast beyond said period is either
infinitely expensive or completely uncertain in the sense that no probability law is known
for it. In the case of complete uncertainty beyond a certain period in the future, the
problem lies with the theory of forecast and decision horizons [71]. Thus, it is clear that
the forecasting decision may have to be made in each period along with the production
decision. What is not traditional about the problem is that, in each period, some future
uncertainties may be resolved at some cost, and only after this, is a production decision

made. In a sense, the state of the system changes twice in each period.

At the beginning of the period, the person making the decisions knows the state of his
inventory, the past realisations of demand, and previous forecasts. On this basis, he makes
a new forecasting decision, i.e. how many additional periods in the future to forecast and
what quality of forecast to obtain. Once this is done, the information part of the state of
the system changes. The decision-maker then bases his production decision on this new
state. After he makes the production decision, the demand for the period materialises and
moves on to the next period. Then the whole process repeats. Repeating the process also
allows the decision-maker, as briefly mentioned before, to possibly update or revise the
forecasts obtained in prior periods. Since forecasting for the distant future may be
prohibitively expensive, it would be optimal in each period to forecast for a number of
periods in the near future and then repeat the procedure next period. We gain, therefore

an optimal forecasting policy, which resembles the rolling horizon policy.
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Sethi and Sorger [71] have described the essential features of the rolling horizon decision-
making procedure. In an infinite horizon problem with the stationarity assumption (i.e.
does not depend explicitly on time), one would expect that the policy for the number of
future periods forecasted in each period will be the same as in the previous period. In
other words, we will have a stationary rolling horizon policy, as is often the case in
practice. Of course, in a finite horizon problem, with or without the stationarity
assumption, an optimal forecasting policy cannot be expected to be the same from period

to period, unless it is constrained to be so.

7.2.1 Rolling Horizon Concepts and Terminology

"Rolling horizon" algorithms involve separating the scheduling problem into a sequence
of iterations, each of which models only part of the planning horizon in detail, while the
rest of the horizon is represented in an aggregate manner. In principle, this approach may
produce close to optimal solutions with a significant reduction in the computational
requirements. However, its effectiveness crucially depends on the accuracy of the
aggregate representation used [132]. Rolling horizon methods solve the integrated
planning and scheduling optimisation problem with a sequence of iterations, each of
which models only part of the planning horizon in detail, while the rest of the horizon is
represented in an aggregate manner. The rolling horizon solution framework involves
successively solving each scheduling subhorizon and carrying over any unsatisfied
demand to the following subhorizon. In principle, this approach produces feasible
planning and scheduling solutions with a significant reduction in the computational

requirements [70].

Rolling horizon systems iteratively solve a series of linked short-term stationary problems
for which demand is relatively well known. Rolling through time, the firm executes a
subset of the earliest replenishment decisions and after waiting the duration of the
replanning period, the system updates demand information and then initiate the next

planning cycle.

The presence of uncertainty is addressed by implementing a rolling horizon approach,
which is a reactive scheduling method that solves iteratively the deterministic problem
by moving forward the optimisation horizon in every iteration. Assuming that the status

of the system is updated as soon as the parameters that are uncertain or inaccurate enough
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become known, the optimal schedule for the new resulting scenario (and optimisation
horizon) may be found. This approach considers two horizons. Firstly, there is the
prediction horizon in which all the uncertain parameters related to this time horizon are
assumed to be known with some certainty due to the fact that the system under study
receives feedback related to the unknown parameters. Secondly, there is the control
horizon where the decisions of the optimisation for the actual prediction horizon are
applied (see Fig. 13). Rolling horizon methods have been applied to several scheduling
problems under uncertainty, and the interested reader should refer to Kopanos and

Pistikopoulos [113] for a brief review of these.

Most current approaches to reactive scheduling are based on scheduling models that
do not explicitly include disturbances. Thus, when an event triggers rescheduling, an
empirical procedure is followed in order to modify the scheduling model so that it: (1)
represents the new state of the system, and (ii) accounts for the future impact of the
disturbance. One advantage of the state-space model is that the same model can be
directly used for rescheduling. We are inspired by the use of a state-space
representation for the scheduling problem along the same lines as the excellent work
of Subramanian el at. [134]. The state-space representation allows the user to model
elegantly the reactive scheduling problem and transform it to a control problem form,
similar to typical MPC problems. Simply stated, the task of this initial step is to
reformulate the original scheduling mathematical model according to the
corresponding state-space scheduling model. Kopanos and Pistikopoulos [113]
outlined the framwork for the rolling horizon method in their paper [113]. The outputs
of the previous step can be used in an iterative fashion via a rolling horizon framework,
such as the one shown in Fig. 13, for addressing reactive scheduling problems. This

rolling horizon scheme can basically be defined by:

(i) a time horizon (prediction horizon) in which uncertain parameters are
considered to be known with some certainty, and
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(ii) a time horizon (control horizon) for which the decisions of the optimisation

(of the prediction horizon) are applied (fixed).

Fig. 13. Reactive scheduling via a rolling horizon framework.

The length of the prediction horizon depends on the problem under consideration while
the control horizon is typically equal to one time interval of a subset of the prediction
horizon. For instance, in Fig. 13, the prediction horizon is three time intervals, and the
control horizon is one time interval. It must be clear that the initial state of the system in
a given prediction horizon h is equal to the final state of the system in the previous control
horizon h—1 (see Fig. 13). The system receives feedback (e.g. actual demand, updated
state of system) at every discrete time instant. Fig. 14 shows a representative algorithm
for the rolling horizon by using the output of multiparametric programming. In our model,

the inventories of parts are the key states of the system.

Despite the fact that the solution obtained for each one of the prediction horizons is
optimal for its corresponding prediction horizon, there is no theoretical guarantee that the
solution for the overall problem will be either optimal or feasible. This is because no
information for the future horizon (i.e. outside the prediction horizon) is considered in the
optimisation of the prediction horizons. While long-term optimality may not always be
necessary or meaningful, feasibility is of great importance. Therefore, longer-term

information (outside the optimised prediction horizon) should be taken into account in
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order to ensure the feasibility of the solution in the total scheduling horizon. In process
control, this is typically achieved by adding problem-specific terminal constraints which
are chosen so as to ensure that the solution of the finite horizon problem is a feasible and

(near-) optimal solution to the infinite horizon problem [135].

Initialisation step:

Define:

(i) the total scheduling horizon length (SH),

(ii) the control horizon (CH), and

(iii) the total initial state of the system. For the given
prediction horizon (PH), calculate the number of iterations.

Update step:

o | Update the uncertain parameters (e.g. demand), and the
" current state of the system.

A

Calculate solution:

Calculate the variable by solving the deterministic problem
for the PH.

il
-
T+ 491 = 421

Save solution:

Save the value of the variables for the predefined CH.

Yes

iter < tot

No

END

Fig. 14. Algorithm for rolling horizon approach.

Prediction Horizon of Varied Duration. With reference to Kopanos and Pistikopoulos
[113], the prediction and control horizons remain fixed throughout the overall scheduling

horizon. Nevertheless, during the practical implementation of the rolling horizon method,
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varied-duration prediction and control horizons could be used. That way, the duration of
each prediction (or even control) horizon will be an additional decision that the scheduler
should make. Generally speaking, this decision will mainly depend on the production
characteristics of the system, the current state of the system, and the forecasting of the
future horizon. For instance, let us consider a nonflexible (not very responsive)
production system in which scheduling decisions are desired in advance of a given
number of time intervals. If the uncertain parameters can be estimated within a high
degree of certainty for a long horizon within this minimally responsive system, then long

prediction and control horizons would be preferable.

Large-Scale Scheduling Problems. At this point, we should emphasise that the rolling
horizon approach can be considered a time-decomposition method, and thus could be
used to address large-scale scheduling problems. More specifically, the total scheduling
horizon is decomposed into a number of subperiods which actually correspond to the
prediction horizons of the original concept. Then, a state-space multiparametric
programming problem for a subperiod is solved and its output (i.e. critical regions,
variable values as functions of the uncertain parameters) is saved. Afterwards, the
scheduling problem can be solved following a (forward or backward) [132] rolling
horizon optimisation framework. The same set of uncertain parameters as in the reactive
scheduling rolling horizon approach is considered. The main difference is in the definition
of terminal constraints because all data are considered certain. No forecasting is needed
and therefore better terminal constraints can be chosen so as to favour a near-optimal
solution to the complete scheduling problem. Algorithms for estimating good values for
the terminal constraints should be devised. Similar to the reactive scheduling problem,

fixed- or varied-duration subperiods could be employed [113].

Dimitriadis et al. [132] emphasised that there is no theoretical guarantee of the optimality
of the solutions produced by rolling horizon methods described above. In order to avoid
such infeasibilities, we treat all product demands as "soft" targets rather than hard
constraints. Fortunately, this is often the case in practice when dealing with medium- or

long-term scheduling.

Edvald Moller Page 106 of 166 PhD. Thesis



Chapter 7: Robust SCM Tools Imperial College London

7.3 Problem Description

The optimisation model constructed for this project establishes the ideal stock levels for
rotable spare parts in an inventory in order to minimise total cost. Additionally, no
backorder objective is allowed, shortages are forbidden, and rotables are available at the
right time and in the right place to keep aircraft flying, thereby maximising aircraft
availability. The analysis dealt with actual data from technical services divisions.
Technical services uses the optimisation model to make decisions regarding investments
in spare parts for aircraft. This is a linear optimisation model developed to minimise the
cost of operating rotable spare parts. We assume the demand process at each location is
an independent and identically distributed Poisson process from period to period.
Furthermore, demand at one base is independent from that which occurs at other
locations. To measure which method is best, we needed to measure the effectiveness with
which a company responds to actual demand or requirements. The stock-out percentage
can be a measurement of total orders containing a stock-out to total orders, or of line items
incurring stock-outs to total line items ordered during a period. We will explore this
through the use of Monte Carlo (MC) simulations and rolling horizon (RH) methods.
Hence, the goal of this work is to improve decision-making given the aforementioned key

source of uncertainty when predicting demand for rotables in airline maintenance service.

7.3.1 Tackling Uncertainty

We classify this airline rotable spare parts planning problem as being medium term, due
to the length of the time of interest (2-3 years). The problem is characterised by some
features that are fairly typical of process planning and scheduling problems, such as late
delivery penalties, multiproduct manufacture, and inventory and capacity utilisation
challenges. As explained earlier, the optimisation model is constructed to establish stock
levels for rotable spare parts in inventory and thereby minimise future total costs. The
mathematical model scenarios try to minimise the cost of rotable parts inside technical
services for the airline and at the same time try to differentiate between several
alternatives. When tackling optimisation problems in the midst of uncertainty, parameters
assumed to be uncertain are often represented by discrete outcomes using a multiscenario
stochastic programming approach. We use a multiscenario approach and at first compare

three types spare parts, followed by a comparison of ten types of parts. Given that each
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scenario must be explicitly incorporated into the objective function, this exponential
growth means that for larger examples, solving the full-space multiscenario model
becomes computationally intractable. Practically, the approach often adopted is to solve
problems suboptimally with specially developed solution procedures such as problem

decomposition or scenario aggregation.

7.3.2 Problem Formulation

In this section, we will present the problem setting and the mathematical programming
formulation. The initial demand list has been created based on the original list of
(deterministic) demand without incorporating robustness constraints to influence the

baseline for the stock level.

We will use statistical contributions including scenarios which can greatly increase the
robustness of Monte Carlo integration to conduct a stochastic analysis for predicting the
likelihood of stock-out for three items without item cost, and later expand it to ten items
with budget cost, i.e. nonadaptive. Secondly, we will develop a robust rolling horizon
stochastic optimisation model with the same data in order to predict the likelihood of

stock-out with and without budgeted cost, i.e. adaptive.

By studying robust optimisation, we may draw our conclusions in a way that will evaluate
the methodology and may even give us a better indication of which method to implement
to predict future demand for spare parts. Secondly, we will see if this methodology can
minimise stock-out in order to better quantify the impact of wvariability on the

deterministic schedules as well as to validate the quality of the solution.

7.3.3 Robust Stochastic Formulation, nonadaptive

Monte Carlo (MC) simulation was used to conduct a stochastic analysis for each of the
examples in question in order to better quantify the impact of variability on the
deterministic schedules as well as to validate the quality of solution schedules and thus
the realistic expected performance (see Fig. 15). In this section, we solved the
optimisation model and conducted stochastic analysis to examine the impact of variability
on the solutions by implementing Monte Carlo simulation (MC) and to see if it would
result in a better management of future demand than rolling horizon stochastic

optimisation.
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Fig. 15. Illustration of robust stochastic optimisation problem with Monte Carlo.

Step 1 shows the initial design for the work done, as described in section 6.2.3. At this
stage of our research, we employ classification to categorise rotable spare parts. This is
the generation of scenarios. The classification is done according to volume (high, medium
and low) for each spare part. Secondly, as we intend to focus on determining the
likelihood of inventory shortage in these categories as reviewed in chapter 5.2 on page

79.
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In step 2 and 3 of Fig. 15, we use scenarios to predict the purchase amounts which are
dependent on demand for a period of time, ¢, as well as the inventory in stock from a

previous period, /r.;.

We use scenarios to make assumptions about what the future purchase plan is going to be
and how the purchase plan may change in light of that future. More precisely, this scenario
planning identifies a specific set of uncertainties, and different realities of what might
happen in the future when we build a set of assumptions to predict purchases. By using
more than one scenario, we achieve robust scenario optimisation for the purchases per

period.

The robust scenario planning works toward defining the critical uncertainties and
developing plausible scenarios in order to discuss the impacts and the responses that
should be given for each one of them. If we are aware of what could happen, we are more
likely to deal with what will happen. Building sets of assumptions will probably be the
best way to foresee purchases in the near future. In the model in which we calculate
purchases through multiple scenarios, we attempt to find the most effective purchase plan
for each period, and no matter how many scenarios there are, we will achieve robustness

for the outcome—purchases for each period—.

To demonstrate the above concept, assume we have Iy = /0. Now the simulated demand
is /7 and the first run for period 1 for the scenarios is s =/0. We determine the robust
purchases, P; = 25, through GAMS, and that the simulated closing stock will be I; = 18.
For t; simulation, the demand, D> =17, is generated in GAMS. The new calculated robust

purchase will then be P> =14 and the simulated closing stock /> = /5.

TABLE 3. ROBUST PURCHASES

Inventory in period, to, o= 10 t; t, t3 ta ts te

P (robust purchase) 25 14 21 21 21 21
D (simulated demand) 17 17 21 21 21 21
| (simulated closing stock) 18 15 15 15 15 15

The ability to fulfil the purchases for each period when there is demand in the uncertainty
set and when their initial states are known, we mark as s=/. Subsequent scenarios of 5,

10, and 50 are defined as s=35, s=10, and s=50 respectively.
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In Fig. 26, we illustrate the nature of the process approach for the robust stochastic
optimisation problem with Monte Carlo sampling. We start by collecting historical data
demand and formulating the model as described above. Equation 7-1 represents the
rotables stock level. The number of rotables in stock, /; ;. , is calculated for each item, Z,

within each time period, ¢, and is calculated for multiples scenarios, s.

Ii,S,t = Ii,s,t—l - Di,s,t + Pl,t Vi, S, tET 7'1

The number of items in period ¢ and scenarios s — I; ;. —is equal to the inventory level
in the previous time period: 7-/ minus demand for period ¢ and scenarios s, D; ;. , plus the
net amount purchased, P; , , for each period, # where P; ; is the same for multiple scenarios
(robust): s > I. To set up the model, we define the mean or expected value and a standard
deviation to describe the variation of demand of D; ;. , in period ¢ as normal distribution.
We use Monte Carlo to sample the distribution for demand, D; for each scenario s >1,
whereas the confidence level of the chance for demand, D; g, in period ¢ varies by one

standard deviation for each scenario, s (step 3).

Objective Function. The strategic objective in this formulation is to minimise inventory
for multiplie scenarios, s, represented by an objective function, Z, equation 7-2 . The
outcome for Pj;is the same in period ¢. In other words, P is the same for all scenarios in
period ¢;. Similarity Pi» is the same for all scenarios in period #2, and likewise for the
coming period (step 4). Hence this particular model aims to develop a robust purchase

plan for all future period t, despite the future uncertainty in D.

z = 3> ) h vister 12

For the final step of the model for robust stochastic optimisation, we use Monte Carlo
simulation to explore how well the robust plan does when subjected to many other

demand scenarios.
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7.3.4 Rolling Horizon Algorithm

An alternative to the robust plan, where all P must be fixed straight away is a rolling
horizon approach, which allows P to be updated. Our approach starts with an initialisation
phase, prior to the rolling horizon algorithm. We first create a baseline schedule based on
stochastic optimisation which will be adjusted in the rolling horizon approach, and try to
tackle the inventory heuristically. The initialisation phase can thus be seen as a proactive
approach to coping with uncertainty in demand and inventory, whereas the rolling horizon
algorithm is the reactive approach. Instead of relying on the original demand list to create
the initial baseline schedule, we transform the demand list by taking into account
uncertainty distributions. The initial demand list is based on the original list of
(deterministic) demand without incorporating robustness constraints that would influence

the baseline for the stock level in real-life operations.

7.3.5 Rolling Horizon Modelling

We now refer to Fig. 27, the rolling horizon model. As shown in section 7.3.4, we select
the initial design model before then proceeding to steps 1 and 2, as described in section
7.3.3. Next, in order to use the proposed model in a rolling horizon scheme, the following
set of variables and equations are used to link past decisions with the current prediction
horizon (step 3). As the detailed model shows in section 7.2.1 (Rolling Horizon Concepts
and Terminology), the duration of the prediction horizon, DurPH, is 12 months, while
the duration of the scheduling horizon, DurSH, and the duration of the control horizon,
DurCH, is one month each, as shown in Fig. 13. The demand is randomised for each item,
i, and is also updated for each iteration. Finally, the inventory storage level of the previous
control horizon is linked to the initial storage level of the current prediction horizon (step
4). The optimisation problem will be iteratively solved according to the rolling horizon
approach. This reactive approach will be used to adjust all input parameters according to
the current available information (step 5). Finally, we reformulate the problem and start
the whole process again with the last iteration, & (step 6). The outer loop serves the same
functions as the Monte Carlo simulation of the robust plan in the previous section in that

it can generate overall performance statistics associated with the method.
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Fig. 16. Illustration of the robust optimisation problem in question.

Inventory Constraints. Equation 7-3 represents the rotables stock level. The number of

rotables in stock, I; ¢, 1is calculated for each item, 7, within each time period, ¢, and is
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calculated for multiple scenarios, s. The number of items in period ¢, [; , is equal to the
inventory level in the previous time period, #-1, minus demand for period #, D; ¢, plus the

net amount item purchased in the current time period, P; ;, whereas P; ; is the same for all

scenarios, s.

Lise = Lisrq — Dige + Piy Vis tETRH 7-3

To solve the model, the confidence level of chance for demand, D; g, in period ¢ varies by

one standard deviation for each scenario, s.

Objective Function. The strategic objective in this formulation is to minimise inventory
for multiple scenario, s. This is represented by an objective function that considers in the

inventory.

minZ = ZZZ(Ii,s,t ) Vi s teETRH 7-4

In this section, we solved the optimisation model and conducted stochastic analysis to

examine the impact of variability on the solutions by implementing Monte Carlo
simulation (MC) for demand, D; , in each iteration, if, in period ¢ plus calculated purchases

in period ¢ (P;;), through s scenarios.

As shown in Fig. 16, we use the rolling horizon algorithm to predict inventory for future
periods. As mentioned earlier, the previous steps can be seen as the initialisation phase or
the proactive approach to constructing a robust schedule that is based on historical
information. Each planning procedure starts with an update of data, based on the newly

generated information.

Inventory. The number of rotables in stock after iteration it for item i, NIit;; is
calculated for each item i within each iteration, iz. The number of items i in each iteration,
it, NI; ;; is equal to the inventory level in the previous time period -7 minus randomised
demand, RD, which is generated, for each item i, for iteration it in period ¢, RD; ;; . plus

purchase for each item i from step 2 used in each iteration, it in period ¢, P; ;¢ ¢
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Nlit;;; = Nlityy — RDyyp + Piye Vi it,t€TRH '™

The randomised demand, RD; ;. , for each item i in each iteration, it for period 7 varies by

one standard deviation from the mean of the item, i.

Now we reformulate the problem and start the whole process again with the last iteration,

k. The new predicted inventory is described by equation 7-4.

Nlit, e = Nlitigu—s — RDice + Piee  Vikit,teTRH 6

In the following section, we will compare the outcomes of these two models.

7.3.6 Outcome Without Monthly Parts Budget for One Item

In TABLES 3 through 6 we illustrate the outcome for one item, HA 1, looking at different
scenarios, s = I, s = 5, and s = 10 where iteration k is k = 10 for statistical analysis which
generates 120 data points (k = 10, t = 12). TABLE 4, 5, and 6 represent the inventory
level per time unit, ¢ for k iteration. It is clear from the tables that stock-out (negative
numbers) is higher for s = / than s = 5 and significantly higher considering s = 10. We
notice that the stock-out drops rapidly between scenarios 1 and 5, and then continues to

decrease incrementally from scenario 5 to 10.

TABLE 4. MC OUTCOMES WITHOUT MONTHLY PARTS BUDGET FOR ONE
ITEM, HA 1 AND S =1 (I.E. JUST ONE SCENARIOS)

Scenario, s=1 (first run) time, t

k - iteration 1 2 3 4 5 6 7 8 9 10 11 12
k1 24 39 37 37 40 59 35 35 29 25 38 19
k2 -30 -39 -65 -72 -72 -80 -70 -49 -29 -28 -4 -15
k3 -13 -39 -51 -24 -30 -30 -38 -46 -46 -23 -55 -42
ka -2 -16 -4 -15 -7 -7 14 32 39 52 71 94
k5 26 26 46 65 78 78 64 44 47 62 80 55
k6 -9 -51 -78 -66 -66 -47 -46 -78 -59 -81 -72 -79
k7 -23 -29 -47 -81 -108 -98 -90 -81 -98 -84 -86 -69
k8 -6 -5 12 6 -8 -5 19 36 24 22 49 42
k9 4 8 27 26 20 -2 -21 -54 -46 -44 -49 -24
k10 -8 -5 -19 -21 -26 -11 -4 -20 -13 1 28 12

Edvald Moller Page 115 of 166 PhD. Thesis



Chapter 7: Robust SCM Tools

Imperial College London

TABLE 5. MC OUTCOMES WITHOUT MONTHLY PARTS BUDGET FOR ONE
ITEM, HA 1 ANDS=5

Scenarios, s=5 time, t

k - iteration 1 2 3 4 5 6 7 8 9 10 11 12
k1 34 59 33 44 34 35 24 6 -2 4 -23 -14
k2 41 32 42 79 79 67 64 77 66 96 72 87
k3 2 22 31 58 64 65 72 73 103 130 132 107
ka 33 44 31 41 43 48 72 51 60 79 67 90
k5 1 6 25 41 70 73 71 72 73 75 82 101
ké 18 13 1 0 11 27 15 -12 7 -10 5 -34
k7 8 18 35 33 37 48 29 31 53 41 24 52
k8 8 36 68 77 61 65 90 102 106 86 99 84
k9 13 9 3 23 39 42 50 45 36 -3 -11 -21
k10 20 30 33 46 62 59 92 99 113 129 145 164

TABLE 6. MC OUTCOMES WITHOUT MONTHLY PARTS BUDGET FOR ONE
ITEM, HA 1 ANDS =10

Scenarios, s=10 time, t

k - iteration 1 2 3 4 5 6 7 8 9 10 11 12
k1 26 -8 -8 -4 9 25 23 25 9 23 57 69
k2 14 7 23 36 54 49 66 62 58 80 83 42
k3 31 45 75 44 40 68 57 56 40 44 40 43
k4 16 13 29 45 29 12 46 34 49 70 78 113
k5 -8 17 22 24 19 9 8 42 43 39 39 36
k6 24 26 30 41 49 82 120 98 97 103 86 91
k7 38 57 88 100 114 100 110 124 116 110 134 136
k8 34 45 55 48 68 68 52 46 56 69 96 120
k9 24 18 31 42 45 23 11 16 5 2 -4 7
k10 9 13 34 19 8 8 23 13 16 39 55 80

An illustration of the outcomes for TABLE 4, 5, and 6 is seen graphically in

Fig. 17,30, and 31 for item HA 1 using the data above showing outcome for ten iteration,

k and the horizontal axis is representing the inventory.
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Fig. 17. MC outcome without monthly parts budget for one item, HA 1 ands=1.
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In Fig. 29 we run 10 iterations, k for a deterministic list of demand spread and notice the
number of stock-outs is almost spread evenly around the horizontal axis in the graph as
may be expected. In Fig. 30, illustrate the outcome where we repeat the process, and
instead of using one deterministic to predict the future purchases we generate five

scenarios.

HA 1ands=5

200

Fig. 18. MC outcome without monthly parts budget for one item, HA 1 and s = 5.

Lastly, in Fig. 31 we have increased the scenarios to ten. The graph shows significant

better result, less stock-out for s=10 than s=1or 5.

HA 1ands=10

200
150
100

50

-30

Fig. 19. MC outcome without monthly parts budget for one item, HA 1 and s = 10.

The outcome is clear in this case for HA 1. In other words, the more scenarios (s = 10)

you have to predict purchase, P; ; , the better the outcome, namely, less stock-out.

In the following section, we will compare the outcomes of these two models by increasing

the number of items for further analysis.
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7.3.7 Outcome Without Monthly Parts Budget for Items

We increase the numbers of items to four—HA 1, HA 2, LC 6 and LC_7—and repeat
the previous process in the same manner as above. By predicting stock-out ratio with the
stochastic optimisation problem with robust planning and rolling horizon, as explained in
section 7.3.3, and calculating the percentage of stock-outs for each item, we repeat the
process for different scenarios, as can be seen in TABLE 7. In this case, we calculate the

percentage or ratio of stock-outs for each item in different scenarios.

In TABLE 7, the predicted stock-out ratio for the four items are listed for the stochastic

optimisation problem with robust planning versus rolling horizon.

TABLE 7. STOCK-OUT RATIO WITH STOCHASTIC OPTIMISATION PROBLEM
WITH ROBUST VERSUS ROLLING HORIZON

Stock-out ratio

Robust HA 1 HA 2 LC_6 LC 7
S10 4,2% 14,2% 5,8% 12,5%
S5 24,2% 13,3% 13,3% 27,5%
S1 81,7% 60,0% 79,2% 83,3%
Rolling Horizon HA 1 HA 2 LC_6 LC_7
S10 4,2% 5,0% 5,0% 2,5%
S5 8,3% 5,8% 15,8% 17,5%
S1 61,7% 43,3% 47,5% 41,7%

Overall, optimisation using a rolling horizon shows lower stock-out ratio for scenarios (s
=1, s =5 and s = 10) than robust optimisation. LC_6 shows an identical percentage for
both methods using s = 5 and s = /0 as for HA 1 and s = /0. The data in Table 7 show
that by increasing the number of scenarios, we will lower the stock-out ratio in general,
and at same time, we have an indication that rolling horizon is the more favourable

method.

In TABLE 8, we have expanded both methods from four to ten items and added extra
runs for scenarios equal to fifty (s = 50). The outcome, TABLE 8, shows the greatly

increased difference between these two methods.
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TABLE 8. STOCK-OUT RATIO WITH STOCHASTIC OPTIMISATION PROBLEM
WITH ROBUST VERSUS ROLLING HORIZON

Stock-out ratio

Robust HAL1 HA2 HA3 HAA4 LB_4 LB_6 LB_9 LC_7 LC_8 LC.9
s=50 57,5%  40,8%  367%  433%  500%  683%  767%  342%  283%  37,5%
s=10 87,5%  31,7%  442%  458%  742%  683%  700%  233%  242%  29,2%
s=5 750%  26,7%  650%  62,5%  400%  683%  57,5%  592%  50,0%  30,8%
s=1 64,2%  30,0%  583%  458%  86,7%  767%  783%  37,5%  450%  46,7%

Rolling Horizon = HA_1 HA_2 HA_3 HA_4 LB_4 LB_6 LB_9 Lc_7 LC_8 LC_9

s=50 0,0% 5,0% 0,0% 12,5% 0,0% 1,7% 1,7% 6,7% 0,8% 0,0%
s=10 26,7% 0,8% 0,0% 10,0% 25,8% 7,5% 8,3% 8,3% 6,7% 6,7%
s=5 12,5% 15,8% 0,8% 8,3% 28,3% 1,7% 19,2% 5,8% 43,3% 29,2%
s=1 75,8% 20,8% 89,2% 69,2% 78,3% 63,3% 88,3% 28,3% 14,2% 36,7%

Using robust optimisation to predict purchases, P;., seems to generate randomised
outputs, which is not useful for our purposes. Meanwhile, the most significant trend arises
when we look at the outcome for rolling horizon. The stock-out ratio here is significantly
lower as we increase the number of scenarios. Overall, optimisation with a rolling horizon
yields superior results in terms of minimising stock-out ratios because of its adaptive

nature.

In the next section, we will expand the formulation and add a total cost constraint.

7.3.8 Expanded Formulation

In this section, we add a new constraint—cost balance—into both models, while the other

constraints and objects remain the same as before.

Cost Balance. Constraint 7-7 represents the budget cost allowed in each run where the

budget is

Budget = Z Z Z(Ii,s,t ) * cost (i) Vis teT -7

and cost(i) is the cost of each item. By including cost per item, we examine the stock-out
ratio for both methods as we did before. We allow the budget to vary from $100,000 to
$5,000,000; however, at same time that we vary the budget, we recalculate the stock-out
ratio for each scenario, s = 1, 5, 10 and 50, for the two methods. We calculate the

percentage or stock-out ratio as before.
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The two examples below have been solved to illustrate the outcomes for adaptive rolling
horizon as compared to robust optimisation. This was done by conducting a stochastic
analysis to emphasise and pull out possible differences between these two methods. In
other words, our intention was to see which method better quantifies the impact of
variability on the schedules, and validates the quality of solution schedules, thus yielding
realistic performance expectations. In Fig. 20 and Fig. 21, the vertical axes represent the
stock-out ratios and the horizontal axes the items. The graph shows the stock-out ratio for
the respective items. In Fig. 20 and Fig. 21, the difference between these optimisations
methods can clearly been seen. In Fig. 20 for rolling horizon, we see that the stock-out
ratio drops rapidly when we increase the scenarios to s = 10 or 50, while using the robust

planning method has a negligible effect for all items.

100,0% 100,00%
50,0% 90,00%
80,0% 80,00%
J0.0% 70,00%

60,00%
s=1

o @
e o
2 Q
EES

50,00%
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Stock-out ratio
Stock-out ratio

40,0% s=10
30,00%

1 =50
30,0% s: 20,00% s50

20,0% 10,00%

10,0% 0,00%
HA_1 HA_2 HA_3 HA_4 LB_4 LB 6 LB_9 LC 7 LC_8 LC 9

HA_1 HA_2 HA_3 HA_4 1B_4 LB6 LB9 LC_7 LC.8 LC9 Item category
Item category

Fig. 20. Stock-out ratio with rolling Fig. 21. Stock-out ratio with robust
horizon. planning.

Overall, Fig. 20 shows significantly better trends in terms of decreasing stock-out ratios

as compared to robust planning, which we see in Fig. 21.

In Fig. 22 and Fig. 23, we have made additional changes; the vertical axis represents the
stock-out ratio and the horizontal axis the monthly budget, with the graphs charting ten
different items. In addition to this, we add monthly budget as a constraint with a
fluctuation of $100,000 up to $5,000,000, and add cost per item into the formula for the
optimisation model. After doing so, we see changes in the outcome. Observe the budgeted

cost:
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Fig. 22. Stock-out ratio versus budgeted  Fig. 23. Stock-out ratio versus budgeted
cost with rolling horizon. cost with robust planning.

Fig. 22, rolling horizon, clearly shows that stability occurs as soon as the total budgeted
cost increases to $4,000,000, which is in relation to the value of the expected demand.

Fig. 23, pure robust approach, is nonadaptive and does not show any improvement at all.

Rolling horizon seems to improve the outcome with improved prediction and fulfilment
of demand. In both cases, the rolling horizon method improved scheduling decisions by
reducing stock-outs. This is to say that by using adaptive stochastic optimisation with a

rolling horizon, a cost-effective approach for parts management has been activated.

In the next section, we will reformulate the problem to include safety stock as this is one
of the ways that uncertainty can be handled. Namely, the effect of uncertainty can be
minimised through the use of safety stock, but while this may eliminate stock-outs, it is

likely to also increase costs.

7.3.9 Reformulation of the Problem to Include Safety Stock

In this section, we add a new constraint to both models—safety stock (SS)—and change
the equation, i.e. cost per item multiplied by purchases. The other constraints and objects

are the same as before.

Inventory. The number of rotables in stock after iteration ir for item i, NIit;;, is
calculated for each item i within each iteration iz. The number of items 7 in each iteration
it, NI;; is equal to the inventory level in the previous time period #-/, minus the
randomised demand for each item i, for iteration if in period 7, RD; ;; ;, plus purchase for

each item i from Step 2, which is used in each iteration if in period ¢, P; ;¢ ¢.
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ise = liger — Dige + Pu VisteTRH '8

Hence the plan for month is made and then the demand is seen, where minimum

inventory [; ¢ , in each period for 7 > I is greater, the safety stock per item i, SS;

= SS; fort>1 79

i,s,t

Cost Balance. Constraint 7-10 represents the budget cost allowed in each run, where

budget is:

Budget = z Z(Pi,t ) *cost(i) Vit 7-10

Purchase is P; ; for item 7 at time ¢ and the cost of each item is i cost(i). By including cost
per item, purchases, and safety stock, we can examine the stock-out ratio using both

methods as before.

In both cases, adaptive rolling horizon (RH) and robust plan (RP), we try to stabilise the
system through the use of safety stock (SS) and an equation for balance (cost per item
multiplied by purchases). Then we simulate a situation in which we have no stock-out.
However, the outcome shows that RH yields a much better outcome than RP. It would
hypothetically cost between $2,198 and $26,372 (depending on the time frame) to correct
the stock-out in RH. In the case of RP, the cost would be $117,668 at a minimum, in
addition to which we would still have an up to 5% stock-out and be forced to buy a month
earlier (estimating in advance what will be needed). Otherwise, we would have a stock-

out in the first period.

7.3.10 lllustrative Examples Including Safety Stock and Cost

Now we will show an illustrative example of both cases, rolling horizon and robust plan
(RP), wherein we try to stabilise the system with safety stock (SS) and an equation for
balance (cost per item times purchases), then simulate a situation in which we have no
stock-out. The outcome shows that RH yields a much better outcome than RP. Here, as

earlier, we solved to see which method better quantifies the impact of variability on the
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schedules, as well as validates the quality of solution schedules, thus providing a realistic
expectation of performance. In Fig. 24 we see a stock-out ratio when using safety stock
with rolling horizon and similarly, in Fig. 25, a stock-out ratio when using safety stock
with robust plan. In Fig. 24 and Fig. 25, the graphs have two vertical axes where the left
side indicates stock-out ratio and the right side shows the additional cost necessary to

eliminate stock-out. The horizontal axis represents the total cost of the items.

0.18% - - $30.000
0.16% -
L $25.000
0.14% A
o 0.12% 1 L $20000
g z
2 0.10% -
2 L $15.000 5
5 0.08% 1 =
“ 0,06% - L 510000 =
0,04% A
L $5.000
0,02% -
0,00% +— : . . . $0
1.448.500 1.449.000 1.449.500 1.450.000 1.450.500 1.451.000

Bugdeted cost

Stock-out Add cost

Fig. 24. Stock-out ratio when using safety stock with rolling horizon.

In Fig. 24, we see a graphical representation of how the stock-out ratio is approximately
zero when using the rolling horizon approach. Moreover, we can see how it rapidly drops
when we use safety stock, and that doing so would hypothetically cost $26,372,

depending on the time frame.
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Fig. 25. Stock-out ratio when using safety stock with robust planning.

When we repeat the calculations for the RP approach, we reach an entirely different
outcome, as shown in Fig. 25. The stock-out ratio is significantly higher, nearly 32%,
before it starts levelling out. Reaching that plateau when using safety stock would be
considerably more expensive than it would be with the rolling horizon approach. We note
that the additional cost is a minimum of $117,668 to eliminate stock-out by using the RP

approach, which makes rolling horizon more adaptive.

7.3.11 Conclusion

In the previous section, we solved the optimisation model and conducted a stochastic
analysis in order to examine the impact of variability on outcomes when implementing a
robust planning, as well as to see if robust planning would result in a better management
of future demand when compared to rolling horizon. In previous sections, we have shown
that the outcome can be improved by adopting a rolling horizon approach. In all the
predicted scenarios, it appears that using a rolling horizon approach to supply chain
optimisation yields a better outcome in regard to the prediction of demand, and
considerably more stability than shown in the robust planning approval. When we build
safety stock into the optimisation model, the probability of being out of stock is
significantly costlier in the robust planning than when we take a rolling horizon approach,
where this is a relatively minor possibility. This is mainly due to the fact that the planning

model is able to predict future costs that would be created by hypothetical stock-outs. The
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studies prove that when compared to other planning processes, such as robust planning,
the rolling horizon method goes farther in improving the quality of the final outcome.
Finally, it is worth pointing out that the proposed solution framework can be used to

address both long- and mid-term scheduling problems.

7.3.12The Effects of Exchange, Repair and Scrap

In this section, we look at the effects of exchange, repair and scrap on the model.

The most urgent request the handles involves a grounded airplane. A plane cannot fly—
or make money for the owner—until it has been repaired. An airplane on ground order
must be processed and out the door within few hours. The options are usually to exchange
the aircraft, repair it or purchase spare parts. As previously stated, making an exchange is
a low-risk method for airlines to reduce airplane maintenance costs as well as to reduce
component inventory costs without compromising airplane dispatch reliability. The
concept is to provide 24-hour access to a dedicated inventory pool of selected high-value,
dispatch-critical components, such as avionics, actuators, and precision mechanical
assemblies. Exchange cost is a percentage of the list price of a new spare part, and the
quality is just as high as it would be if the spare part were original. Conversely, the repair
of a spare part can take longer than exchanging it because of the time it takes to make a
repair estimate and then complete the repairs. Sometimes, this takes weeks or longer and

in some cases, the part still ends up needing to be scrapped.

In following scenario we will add a new constraint to our Rolling Horizon models—
exchange, repair and scrap—and change the equations. The other constraints and objects

will be the same as before.

Inventory Constraints. Equation 7-117-8 represents the rotables’ stock level. The number
of rotables in stock, I; ;. is calculated for each item, i, within each time period, 7, and is
calculated for multiple scenarios, s. The number of items in period ¢, I; 5, is equal to the
inventory level in the previous time period, -1, minus the demand for period ¢, D; ¢, plus

the net amount item purchased in the current time period, P; ., where P; ; is the same for

all scenarios, s.

Ii,s,t—l - Di,s,t + Pi,t Vis teTRH 7-11

i,s,t
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Where minimum inventory /; ; . in each period for # > [ is greater, the safety stock

per item #, SS;

SS. fort>1 7-12

v

i,s,t

Where

i,s,t = Tist-1 — Tist + €ist — Sist Vis,t

The demand for period ¢, D; g, is equal to the number of items that have been repaired,
T; s.¢—1 (given that the interval for repair is t=1) and r; g , for each item, i, within each time

l

period, ¢, and for multiple scenarios, s. The number of exchanges, e; g, for each item i
within each time period and for multiple scenarios, s and finally, the number of items

scrapped, s; , , for each item i within each time period and for multiple scenarios, s.

To solve the model, for demand, D; ¢, in period ¢ varies by one standard deviation for

each scenario, s.

Objective Function. The strategic objective in this formulation is to minimise inventory
for multiple scenarios, s. This is represented by an objective function that takes the

inventory into consideration.

minZ = EZZ(IW) VisteTRH 14

Cost Balance. Constraint 7-10 represents the budget cost allowed in each run, where

budget is:

Budget = Z Z(Pi't ) *cost(i) Vi, teT 715
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P; ¢ represents the purchases for item i at time ¢ and the cost of each item is 7 cost(i). By
including cost per item, purchases, and safety stock, we can examine the stock-out ratio

using both methods as before.

In this section, we solved the optimisation model and conducted stochastic analysis to

examine the impact of variability on the solutions by implementing Monte Carlo
simulation (MC) for demand, D;,, in each iteration, i, in period ¢ plus calculated

purchases in period ¢ (P;;), through s scenarios.

As shown in Fig. 16, we use the Rolling Horizon algorithm to predict inventory for future
periods. As mentioned earlier, the previous steps can be seen as the initialisation phase or
the proactive approach to constructing a robust schedule that is based on historical
information. Each planning procedure starts with an update of the data, based on the

newly generated information.

Inventory. The number of rotables in stock after iteration it for item, i, NIit;;, , is
calculated for each item, i, within each iteration, i¢z. The number of items, i, in each
iteration, it, NI, ;;, is equal to the inventory level in the previous time period, -1, minus
randomised demand, RD, which is generated for each item, i, for iteration, iz, in period, ¢,
RD; ;¢ ¢, plus purchase for each item, i, from step 2 used in each iteration, iz, in period, ¢,

I iit,t-

NIit. 7-16

i,it

The randomised demand, RD, ;; ;, for each item i in each iteration, it, for period, ¢, varies

by one standard deviation from the mean of the item, 7, equal to D; ¢ ;.

Now we reformulate the problem and start the whole process again with the last iteration,

k. The new predicted inventory is described by equation 7-4.

Nlit ;; = Nlitigy—1 — RD;piee + Pwe Vikit,teTRH 17

In the following section, we will compare the outcomes after the reformulation of the

model by considering the effects of exchanging, repairing, and scrapping a spare part.
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We will look at different scenarios; firstly, the model without changes (Base) and
including information about exchange without repaired items, secondly, the model (base)
including repair, but without exchanged items and thirdly, the model including both

exchange, repair and scrapped items.

We will focus on the method of adaptive Rolling Horizon (RH) and try to stabilise the
system through the use of safety stock (SS), using an equation for balance (cost per item
multiplied by purchases). Then we will simulate a situation in which we have no stock-

out.

All the scenarios show a hypothetical cost of between $2,198 and $26,372 (depending on
the time frame) to correct the stock-out in RH. In all of the scenarios, we yield a better
outcome than before after we include exchange, repair and scrapping, when the total cost
decreases from $1,450,828 to $1,436,237 or by $14,591 in the first scenario. In the second
scenario, the total cost decreases by $17,023, or from $1,450,828 to $1,433,805.
Examining the outcome for the third scenario, wherein we include both exchanges and

repairs and scarp, the total cost decreases by $32,129, or from $1,450,828 to $1,418,699.

This analysis shows hypothetical results that force us to look deeper into exchange and
repair costs. As mentioned before, exchange cost is often a fraction of the cost of new
spare part, and the quality is just as high as it would be if the spare part were original. We
create a scenario to see what fluctuations can affect exchange price. The minimum price
of exchange is approximately 10% of the purchase price as a deposit; when the deal is
done and when the repairs have been completed, a bill is sent to the customers minus the
10% deposit. The bill may fluctuate from 10% to 110% of list price for new spare part in
the event that the item is not repairable (deposit + the cost of buying a new one). See

TABLE 9 and Fig. 26

TABLE 9. THE EFFECT OF EXCHANGE FOR 6 ITMES ON THE TOTAL COST

Total cost
Corresponding Input Value Output Value
Input Variable ‘Low Output Base Case High Outpuﬂ Low Base High ‘ Swing
Exchange (%) 80% 86% 92% $140.077 $150.583 $161.089 | $§ 21.012
ltems 6 6 6
Exchange ($) | $140.077 $150.583 $161.089
Savings $ 35019 $ 24514 $ 14.008
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$150.583 (86%)
Exchange (%) 80% ﬁ_ 92%
Items 6 I 6

Exchange ($) $140.077 I 3161.089

Savings $35.019 i— $14.008

$130.000 $150.000 $170.000 $190.000

TOTAL COST

Fig. 26. The Effect of Exchange for 6 Items on Total Cost

The table and figure above show our analysis of the exchange items under research. The
average rate for exchange seems to be 86% of the purchase price or the manufacturer’s
list price. If the exchange rate can be lowered to 80% of a list price, then the exchange
will cost $140,077, with a savings of up to $35,019 off the average price. In the same
way, if the exchange rate is increased to 92% of the average, the cost increases rapidly to
$161,089, with saving $14,008. In summary, a swing of $21,012 is worth considering
when dealing with exchanges. Despite the fact that the exchange rate is lower than the
manufacturer’s list price, we will always have additional costs that are not included in the
exchange price. For instance, we will have three invoices: one for the exchange part, one
for handling and one final one for inspection, repairs or scrapping etc. This additional

cost is generally accepted because it keeps the fleet in the air.

In Fig. 38, we have added a new scenario wherein we look at adding up costs (for
inspection, handling, etc.) using a theoretical approach. That is, the real data is not

available, but in most cases, the total cost of an exchange is higher than it is for a purchase.
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} 35.019 m——
Savings $ [—— $14.008
. . -$3.502 ] : : : | : . : |
$130.000 $150.000 $170.000 $190.000
TOTAL COST

Fig. 27. The Effect of Exchange for 6 Items on Total Cost

In the figure the average for exchange plus the additional cost increase (which ranges

from $161,089 to $178,599) and theoretical saving will is -$3,502 .

The second option is to repair a broken part, but in some cases, it takes longer than a few
hours to repair the item, which keeps the fleet on the ground, out of operation, and

therefore, not always in the right place, at the right time.

7.3.12.1 Conclusion

The concept of the model is to show the effects that exchanges have for the model. In the
future we should consider for example, the additional cost regarding inspection, handling,
etc.. If utilized, pool agreements will significantly reduce inventory costs, the need for

repairs, and administrative costs.

In summary, in exchange scenarios, an airline knows they are dependent on exchanges
that provide fast and effective access to spare parts, and are expensive, but nevertheless
cheaper than an inoperable aircraft. On the other hand, airlines have pool agreements to
avoid to high costs. A pool agreement is a simple arrangement through which airlines
access a parts pools—they are able to economise by sharing risk with other airlines.
Flight-hour maintenance programs backed by these pools can help carriers economize on

infrastructure and repair management staff, not just pool efficiencies. Outsourcing parts
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management saves money, and flight-hour payments conserve capital. The negative side

of pooling agreements is that by using pools, airlines risk losing control over their assets.

At the same time, making repairs can be time consuming, which forces companies to hold
inventory near their maintenance base in case of emergency. This requires stocks to be
based more closely on average expectations, so purchases are more affordable. But as it
is known that most manufacturers have created a component services program to give
airlines quick, worldwide access to critical components. These are also designed to allow
airlines to stabilize long-term maintenance budget planning, where savings can be as

much as 12% of an airline’s component repair and inventory costs.

In conclusion, for a comprehensive component support program, it is important that the
service provider has a strong backup support system of repair facilities and arrangements.
A better network means better component reliability, increased support, and also

economies of scale for an airline.

The cost of exchange and repair for the data provided shows costs that are higher than the
purchase of new items. Therefore, an agreement which can lower inventory costs called
BER (Beyond Economical Repair) may be of interest. BER is defined as the ratio of repair
costs to the value of the part at the point where a part is scrapped or repaired. If this ratio
exceeds a predefined value, the part is considered to be BER and will be scrapped. A
typical value for this threshold is set at 60-70% of the cost for replacement (i.e. the
catalogue list price). Each organization must figure out its own threshold or work on a
case-by-case basis. A common industry practice is to scrap a part whenever it is BER.

The lower the rotable cycle times, the better the reliability.

In next section, we will look at forecast accuracy.

7.3.13Forecast Accuracy

In this section, we look at forecast accuracy.

When equipment inevitably breaks down, the right spare parts must be on hand. The
problem is that forecasting demand for these parts is complex and difficult, far more so
than for ordinary production components. One spare part may be critical to zero-

downtime, but rarely needed. Another may be expensive, carried for a long period, and
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prone to obsolescence. These and other factors can hinder spare parts demand planning.
Spare parts are essential in most industrial companies. They are characterized by their
large quantities and their high impact on companies’ operations whenever needed.
Therefore, companies tend to analyse their spare parts demand and try to estimate their
future consumption. Nevertheless, they face difficulties in determining an optimal

forecasting method that will deal with the lumpy and intermittent demand for spare parts.

As part of our research, we performed a comparison of actual data and forecasting based
on statistical tools, section 2.6.4, Accuracy of the Measurements: Mean Error, Mean
Absolute Deviation, Mean Squared Error, and Root Mean Square Error. In addition, we
use a tracking signal for monitoring our forecasts in comparison with actual data to see if
there is an indicator that forecast bias is present in the forecast model. Secondly, we use
Theil's U-statistic (equation 2-7) for comparisons with the naive i.e. a U = 1 means that
the naive method is as good as the forecasting technique, while U < 1 indicates that the
forecasting technique being used is better than the naive method. The smaller the U-

statistic, the better the forecasting technique is relative to the naive method.

In TABLE 10, we compare actual data and forecasting. If we look at the four items for
high volume with a narrow coefficient of variance (HA ), we notice that the mean error

(ME) is only close to zero and identical for MAD, MSE and RMSE, which

TABLE 10. A COMPARISION OF ACTUAL DATA AND FORECASTING.

Comparison: Forecast accuracy
HA1 [ HA2 | HA3 | HA 4 B4 | 1B6 | 1B9 | Lc7]Lcs ] Lco

ME = -0.75 -0.08 -0.08 -0.17 -0.08 -0.08 -0.17 -0.08 -0.08 -0.08

MAD = | 0.75 0.08 0.08 0.17 0.08 0.08 0.17 0.08 0.08 0.08
MSE =] 5.42 0.08 0.08 0.17 0.08 0.08 0.33 0.08 0.08 0.08
RMSE=] 233 0.29 0.29 0.41 0.29 0.29 0.58 0.29 0.29 0.29
Theil's U = 0.46 0.02 0.16 0.40 0.06 0.07 0.62 0.28 0.16 0.27

Theil's U|Forecast|Forecast|Forecast |Forecast |Forecast|Forecast|Forecast|Forecast|Forecast|Forecast
(indication) =[method |method |method method method |method |method [method |method |method

implies that the forecasts are accurate and unbiased for all items. Furthermore, the Theil's
U-statistic’s value is less than 1.0—which indicates greater forecast accuracy than the
naive forecasting method for all four items. When comparable analyses for spare parts
with low volume (LB ) and spare parts for low volume and coefficient of variance is

spread (LC ), the calculation for the Theil's U-statistic value is less than 1.0, which
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indicates greater forecast accuracy than with the naive forecast method. The ME, MAD,

MSE and RMSE give indication that the forecast is unbiased.

Finally, we use Tracking Signal (TS), which has been used as a measure of forecast

accuracy.

Zt(yt - YZ) 7-18

Tracking Signal = MAD

The benefit of using TS is that it is an unbiased measure and can be used for any type of
forecasting method. A tracking signal is calculated by dividing the most recent sum of
forecast errors by the most recent estimate of MAD, compared to the control limits. As
long as the tracking signal is within these limits, the forecast is in control. One standard
deviation is approximately equivalent to 1.25 MAD. Therefore, a common boundary of 3

standard deviations is used (or 3.75 MAD). Consequently, control limits of +4 were used.

TABLE 11, shows Tracking Signal for all of the items over the 12 periods, where all
items have a negative TS (except for item HA_2 in period 12), which of the time yields
actual values that are below our forecasted values within the parameters of £4 MAD. On

the other hand, it is only in period 12, TABLE 11, where TS = 0.8 for HA 2.

TABLE 11. MAD and TRACKING SIGNAL

HA_1 HA_2 HA_3 HA_4 B 4 1B 6 B9 C7 LC8 LC9
Period | MAD TS MAD TS MAD TS MAD TS MAD TS MAD TS MAD TS MAD TS MAD TS MAD TS

1 100 | -1.00 | 100 | -1.00 | 100 | -1.00 | 1.00 | -1.00 | 100 | -1.00 | 100 | -1.00 | 200 | -1.00 | 100 | -1.00 | 100 | -1.00 | 1.00 | -1.00
050 | -200 | 050 | -200 | 050 | 200 | 050 | -200 | 050 | -200 | 050 | 200 | 100 | -200 | 050 | 200 | 050 | 200 | 050 | -2.00

3 033 | -300 | 033 | -300 | 033 | -300 | 033 | -300 | 033 | -300 | 033 | -300 | 067 | -300 | 033 | -300 | 033 | -300 | 033 | -3.00
4 225 | -400 | 025 | 400 | 025 | -400 | 025 | -400 | 025 | -400 | 025 | -400 | 050 | -400 | 025 | -400 | 025 | -400 | 025 | -4.00
5 180 | 500 | 020 | -500 | 020 | -500 | 020 | -500 | 020 | -500 | 020 | -500 | 040 | -500 | 020 | -500 | 020 | -500 | 020 | -5.00
6 150 | 600 | 017 | -600 | 017 | -600 | 017 | 600 | 017 | -600 | 017 | -600 | 033 | -6.00 | 017 | -600 | 017 | -600 | 017 | -6.00
7 129 | 700 | 014 | -700 | 014 | 700 | 014 | 700 | 014 | -700 | 014 | 700 | 029 | -7.00 | 014 | -700 | 014 | -7.00 | 014 | -7.00
8 113 | 800 | 013 | -800 | 013 | -800 | 013 | -800 | 013 | -800 | 013 | -800 | 025 | -800 | 013 | -800 | 013 | -800 | 013 | -8.00
9 100 | 900 | 011 | -900 | 011 | -900 | 022 | -9.00 | o011 900 | om 900 | 022 | -900 | 011 | 900 | 011 | -900 | 011 | -9.00
10 090 | -10.00 | 010 | -10.00 | 040 | -10.00 | 020 | -10.00 | 0.10 | -10.00 | 010 | -10.00 | 020 | -10.00 | 0.10 | -10.00 | 010 | -10.00 | 0.10 | -10.00
11 082 | -11.00 | 009 | -11.00 | 009 | -11.00 | 018 | -11.00 | 009 | -11.00 | 009 | -11.00 | 018 | -11.00 | 0.09 | -11.00 | 009 | -11.00 | 009 | -11.00
12 075 | -1200 | -12.00 | 0.08 008 | 1200 | 047 | 1200 | 008 | 1200 | 008 | -1200 | 017 | -12.00 | 008 | -1200 | 008 | -12.00 | 0.08 | -12.00

A twelve-month period is a long-term horizon for evaluation of Tracking Signal. A
shorter period must be reviewed in order to be proactive and to see if the forecast is under
control. According to our MAD and tracking signal estimates for the first three months,
we are on track, but we have every indication that the process needs to be adjusted, i.e.

the data indicate that actual values are below our forecasted values, as shown in Fig. 28.
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Fig. 28. The Tracking Signal for the 10 items (Rotables).

In the following section, we will for comparison purpose review the data for consumable

products.
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7.3.13.1  For comparison purpose, we will review the data for
consumable products

For comparison purpose, we will now review the data for consumable products, and apply
the forecasting technique explained in previous section. for ME, MAD, MSE, RMSE and
Theil’s U-statistic.

TABLE 12 shows the outcome for ME, MAD, MSE, RMSE and Theil’s U-statistic.

TABLE 12. CONSUMABLE ITEMS (SPARE PARTS)

Comparison: Forecast accuracy
Item 1 | ltem 2 | Item 3

ME = -54.75 -23.58 -19.92
MAD = | 357.92 206.25 217.92
MSE=] 165467.25 65710.92 64152.08
RMSE =T 406.78 256.34 253.28
Theil's U = 0.88 0.74 0.91

Theil's U|Forecast Forecast Forecast

(indication) =|method method method

TABLE 13 shows an estimation of MAD and the tracking signal for the consumable items

over a 12-month period.

TABLE 13. MAD and TRACKING SIGNAL FOR CONSUMABLE ITEMS

Item 1 Item 2 Item 3
Period MAD 5 MAD TS MAD T5
1 531,00 1,00 201,00 1,00 121,00 1,00
2 371,00 2,00 141,00 2,00 201,00 2,00
3 330,67 1,49 137,33 1,1 197,33 1,07
4 423,00 -0,49 175,50 -0,79 200,50 0,01
5 402 60 0,28 156 40 -1,39 194 40 -0,86
] 357,00 -0,04 14517 2.1 200,33 -1,89
7 367,43 -1,21 153,29 -0,68 203,43 -0,87
8 367,50 -2.21 170,38 -2,32 200,38 -1,77
9 380,33 -0,87 219,44 0,99 240,78 0,87
10 369,60 -0,16 225,50 -0,28 230,60 0,30
11 390,45 -1,68 225,00 -1,26 237,73 -1,01
12 357,92 -1,84 206,25 -1,37 217,92 -1,10

If we then analyse a graphical illustration of the tracking signal for consumable items,
Fig. 41, we notice that we are always on track within the parameters of £3 MAD which
indicates that our forecast policy for these consumables parts is acceptable, 1.e. the data

indicate that the actual values are in line with our forecasted values. At the same time, no
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forecasting model is so good that it should not be reconsidered over time in order to

improve accuracy.
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Fig. 29. The Tracking Signal for Consumable Items

7.3.13.2 Conclusions

It can be difficult to make generalizations based on the calculations above, especially

here, when we are handling data for items that have different volumes (high and low) as

well as different coefficients of variance (narrow, mean, and spread). By reference to the

theory the calculation for the Theil's U-statistic value for rotables are less than 1.0, which

indicates greater forecast accuracy than with the naive forecast method. Everything seems

to be on track for the first three months, in that the TS that is around + 4 MAD. MAD is

low for all items, but at the same time, should be used with caution when evaluating TS.
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A low MAD value—Iless than 1.0 or near to 0—can amplify the value of the tracking
signal, i.e. show bias. By setting the tracking signal a target value for each period, such
as ¥4 MAD, we will be able to see if the tracking signal falls outside of pre-set control
limits. A biased forecast will lead to excessive inventories or stockouts. Can we generalise
the outcome for all kinds of inventory? Some inventory experts suggest using a tracking
signal of £4 for high-volume items and £8 for lower-volume items [136]. Over time, once
the quality of forecasts has improved, it is recommended that the control limits be reduced
to +£3. As tighter limits are established, there is a greater probability of finding exceptions
that actually require no action whatsoever. This means catching changes in demand
earlier, which could lead to further improvements in forecasting. To take action based on
period of 12 months in advance is not wise. Therefore, the forecasting method indicates

that we are on track for at least three periods.

Another issue to be concerned about is a bias in the forecast that may be intentional—
driven by organisational issues, such as the satisfaction of customer demand—which
would influence the forecasts. For example, sales personnel tend to favour under-
forecasting so that they can meet or exceed sales quotas, while production people tend to
over-forecast, because having too much inventory presents less of a problem to them. In
our case, the data indicate that when TS is negative actual values are below our forecasted
values. The key to generating accurate forecasts is collaborative forecasting, with
different partners inside and outside the company working together to eliminate

forecasting error.

Finally, the findings indicate that the Rolling Horizon approach acts as a good decision-

making tool for rotable spare parts, with a forecast accuracy that is quite good.
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Chapter 8: Conclusion and Further Work

8.1 Introduction

Supply chain management has been changing and continues to change. One generalised
solution is no longer applicable and the need for constant customisation is pressing.
Airline industries have certain specific needs and every vendor needs to be able
understand and offer a tailor-made solution in order to run an operation efficiently. Airline
industries differ from other industries. The modem business climate is all about the war
of supply chains; everyone is striving for perfection, and if the results are not desirable,
they are under constant pressure to look for alternatives. A company becomes successful
only if proper collaboration has been carried out at each level and produces great results.
This is the secret success mantra of supply chains. At the end of the day, it is the customers

who drive the economy; consequently, their needs matter.

Supply chain strategies should be aligned with the specific goals of the organisation, such
as maximising market share or increasing profit. As mentioned earlier, effective, end-to-
end supply chain management is a decisive strategic factor for achieving a competitive
advantage. In order to ensure that customers’ needs are met, inventories, response and
delivery times, lead times, supply reliability and costs must all be coordinated and
balanced which can be done through mathematical modelling. Today the development of
mathematical modelling and solution approaches for planning have made great progress
during the last decades. Above all, successful supply chain management is an integrated
discipline that smoothly synergises highly streamlined value chains, takes risks into

account, and provides an outstanding service level with sophisticated forecasting.

Demand forecasting and inventory planning are the two subjects that contain the solutions
to many expensive problems that managers and practitioners often believe have no
solution or that they have not given much attention. But forecasting and inventory
planning are a science, not an art, and a little knowledge of this science can pay big

dividends in terms of improved service and reduced inventory and expediting. We all
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know what demand forecasting is, but we need to bear in mind that inventory planning
means figuring out what our inventory should be (not counting what we have). Without
this knowledge, managers cannot hope to guide their people to achieve superior results.
In other words, the airline industry is a capital-intensive sector and the key operations of
the supply chain must be maintained at very high standards. When the value chain works
effectively, risks are reduced in a better way. Therefore, we require a better inventory
strategy and ability to monitor logistics as well as transportation facilities. Supply chain
strategies should focus on both, and this can be achieved by short-term and long-term

goals for planning.

Use of mathematical models for planning and as help to explain a system and to study the
effects of different components, as well as to make predictions about system behaviour,
have been increasing over the last decades. The approaches and the quality of a scientific
field depend on how well the mathematical models developed on the theoretical side agree
with results of repeatable experiments. Lack of agreement between theoretical
mathematical models and experimental measurements often leads to important advances
as better theories are developed. Research-to-practice gaps have always existed and
progress in this subject has been slow. Factors that contribute to this problem include
lapses in communication between researchers and practitioners, and service delivery
issues such as lack of public awareness, poor financing and a non-supportive political
atmosphere. Despite increasing mathematical models, research-to-practice gaps have and
always will exist, and progress in this subject has been slow. Factors that contribute to
this problem include lapses in communication between researchers and practitioners, and
service delivery issues such as lack of managers’ awareness, inadequate financing and a
nonsupportive atmosphere. Research on intervention effectiveness, which does not
provide information useful for the process, also adds to the problem. Additional issues
cited are that the research interventions may be too narrowly focused, complex, difficult

and costly, or may not engage or meet the perceived needs of the industry.

Once established, prevention issues for the programmes and processes must be sustained
with adequate infrastructure and long-term intensity, thus requiring substantial resource
investment. It is in the favour of all stakeholders and at the same time of benefit to
significant opportunities to improve decision-making in the industry and overall

performance by increasing collaboration between the industry and researchers by using
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existing historical data. The air industry has been changing rapidly, and more airlines are
competing in prices and services. The air industry needs to be more flexible than before,
and at same time to focus on optimising their cost structure; to do so they should be in
favour of all participants looking up the collaboration to eliminate the gap between
research to practice. In other words, researchers and practitioners should engage the
community, including stakeholders, as equal partners in the initiation of community-
based interventions. The question the researcher should ask is: Are the findings going to
improve the real system? The funding should support the acquisition of comprehensive

knowledge by requiring strong formative and process information and outcome data.

We believe the problem we have been working with in this research is challenging and of
high practical relevance. Forecasting, planning and scheduling in the air industry is a
critical example of a continuous and online decision problem, whereas the maintenance
is an ongoing process relying on the service team and availability of spare parts, i.e. future
demand. Rotables spare parts are affected by several uncertain inputs and various
interacting decisions made with different timing to fulfil required demand at the minimum
cost. Similar problems have received relatively little attention in research although the

various components of the problems have been studied.

Some of the world’s most respected organisations rely on their supply chains which get
them the right parts at the right time in the right place; the airline technical services are
no exception. Most aircraft operators and technical services repair stations are looking to
create ways to reduce inventory levels without any negative impact on operations.
Everyone is his own manner is trying to develop customised inventory programmes for
each situation to reduce stock level and restricted equity, while still maintaining a high
service level. The strategy must include purchases providing guaranteed service levels to

the parts which we actually need, when and where we actually need them.

An airline supply chain manager depends on the IT systems to facilitate the ease of
information transfer and provide comprehensive visibility of the critical data required to
meet the fast needs of the air industry. To maintain the repair and overhaul processes, the
information flow is essential; at the same time, we need to have the commercial and

technical expertise required to evaluate, select, and manage repair sources, and to work
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in close collaboration with repair stations to improve turnaround times and asset viability

through the repair cycle.

There seems to be a general lack of comprehensive information in the air industry. The
database is synchronised; hence it is necessary to pull out data for the same item from
different databases which consumes time and effort. In other words, when the databases
are not linked together, it is difficult to pull out the right information at the right time

when needed.

To reduce the administrative burden while ensuring the lowest possible total cost and
strict adherence to all technical standards and quality systems, as one would expect today,
is absolutely necessary to have all data accessible in one go, e.g. by using a business
intelligence system (BI) to extract the data from the different databases and combine it.
In our case, we need to have just the right amount of inventory, which can be a daunting
task. Inventory management tools and techniques adopted by other industries often wreak
havoc when imposed on the aviation inventory with its sporadic demand, technical
dependencies, and variable purchase and repair lead times. Too few parts and operations
grind to a standstill, and valuable capital is unnecessarily tied up. Therefore, one
important part of a supply chain in the aviation industry is optimising and managing
airlines’ inventories whether dealing with rotable parts, expendables and piece parts, and
engines, etc.; we need to be accountable for the inventory level and deliver a specified

level of part availability.

It is often necessary to use simplification, approximation or aggregation strategies when
solving full-scale real-world problems efficiently, whereas we believe the integrated
multiscale algorithm we have proposed can be more suitable in many cases. Future
planning and scheduling in a typical company involve managers at various echelons
within the organisation and the decisions that need to be taken differ in scope and the time
horizon. Underlying input information differs by its degree of certainty and aggregation.
Decisions also need to be made with different timing and frequency and according to the
correct sequence, which even further makes the case for a hierarchical structure integrated

algorithm such as we have proposed.

Edvald Moller Page 141 of 166 PhD. Thesis



Chapter 8: Conclusion and Further Work Imperial College London

8.2 Results Achieved

This work was to explore the problem of managing the stock requirements for moving
rotables spare parts in the airline industry and to formulate mathematical models,
followed by a presentation of decision procedures which can be used to handle this aspect
of initial provisioning and replacement. The procedure reviews parts by judging the
desirability of their characteristics, such as a part’s essentiality, its expected costs, and the
current information on its likely demand rate with respect to an overall operating policy

or criterion.

The criterion measures the total system cost degradation as a function of an event where
the parts are out of stock at the same time that there is demand for them. It also measures
the minimum total system cost when the part is not needed anymore. This is part of a

wider problem in engineering: that of efficient maintenance and spare parts management.

In today’s business world, there is an increasing trend toward cutting costs while at the
same time maintaining high standards at the service level. It is desirable that there be a
low probability of an aircraft being grounded while waiting for parts, and inventories are
therefore carried out at various points in the system. However, care must be taken when
determining this inventory level, since typical flight spare parts are very costly and their
individual demand rates are usually relatively low. The complexity of this problem lies
in ascertaining how to control inventories with a time-varying demand rate and how to

allocate spare units in order to maximise the availability of serviceable units.

Supply chain performance was used to explore different simulation methods that are used
for supply chain performance assessment. We have developed a mathematical model as
a solution for the optimisation problem in a multi-item spare parts system in which we
considered it necessary to optimise our model’s objective function and to minimise the

balance value of the last period in the time frame.

The implementation of the integrated multiscale algorithm and collection of actual data
from the industry turned out to be rather time-consuming; consequently, it was difficult
to establish the future demand for the spare parts, but not impossible. Actual data has
been used to benefit future modelling and will be beneficial if proper integration is

attained. In addition, a computational experiment has been performed to evaluate the
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model in its present state and the result is promising. As such, it is time to make
judgements and draw conclusions. The model indicates that we can minimise the balance
value of the inventory and hold a minimum inventory level of rotable parts without
increasing the risk of stock-out and without it having a negative effect on the service level.
The accuracy of the model depends on the stability of the data. But the future is
unpredictable, even though the simulation process is undertaken in an attempt to account

for this uncertainty.

By creating robust optimisation models using stochastic Monte Carlo, and rolling horizon
methods, the outcome shows that a rolling horizon approach yields a much better outcome
than SMC. We solved the optimisation model and conducted a stochastic analysis in order
to examine the impact of variability on the outcomes when implementing a Monte Carlo
simulation, as well as to see if this would result in a better prediction of future demand

compared to rolling horizon.

We showed that the outcome can be improved by adopting a rolling horizon approach. In
all the predicted scenarios, it appears that using a rolling horizon approach to supply chain
optimisation yields a better outcome as regards the foresight of demand, and considerably
more stability than shown in the Monte Carlo simulation. By building a safety stock into
the optimisation model, the probability of being out of stock is significantly costlier in
the Monte Carlo simulation when compared to the rolling horizon approach, where this
is a relatively minor possibility. This is mainly due to the fact that the planning model is
able to predict future costs due to hypothetical stock-out. The studies prove that when
compared to other forecasting processes, like Monte Carlo simulation, the rolling horizon
method can further improve the quality of the final outcome through its predictive-

reactive nature.

Finally, it is worth pointing out that the proposed solution framework can be applied to
address both long- and mid-term scheduling problems, within a rolling horizon
framework. It is therefore possible to predict future demand for the rotables’ supply chain;

i.e. to make sure that when the rotables are needed.
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8.3 Order Generator

By considering what was said before, to limit the effect of uncertainty we should
implement a proactive method which can yield better service levels (as measured by on

time in full, OTIF, Fig. 30) and lower stock levels.

Cost

Fig. 30. Illustration of the OTIF vs cost.

On the other hand, if the implementation is poor due to either the forecast being highly
inaccurate or the safety level not being set at an appropriate level, very high levels of
stock may occur and/or with very poor on-time performance. Likewise, it is important to
consider the methodology to be used for future prediction of demand-gain perfect

foresight, but to be aware that the same method does not have to be suitable everywhere.

Thus, careful consideration of how the proactive control is set-up is key. However, the
usual consideration for using proactive methods is to sacrifice lower stock levels in
preference for better OTIF. Compaction between the two methods we had under
consideration clearly generated a better outcome for rolling horizon, Fig. 31. We will be

looking to raise our return on investment, ROI at the same time.
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Cost

Fig. 31. Illustration of the OTIF vs for stochastic MC and rolling horizon.

Having said that, we need to carefully consider how the order algorithm is set-up as it

needs to include both methods, proactive and reactive, to manage uncertainty, as seen in

Fig. 32 [33].

From No i Yes To
. e T All material?
simulator

simulator

A

Which
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Proactive Reactive

No
v
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forecasted Yy safety Create order
stock levels stock?

Forecast Stock level

Fig. 32. Flowsheet for ordering algorithm.
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If the proactive method is implemented well, it can yield better service levels (as
measured by OTIF) and lower stock levels. On the other hand, if the implementation is
poor due to either the forecast being highly inaccurate or that the safety level is not set at
an appropriate level, very high levels of stock may occur and/or with very poor OTIF

figures.

Thus, careful consideration of how the predictive control is set-up is key. However, the
usual consideration for using predictive methods is to sacrifice lower stock levels in
preference for better OTIF values. The predictive methods are also more IT-intensive as,
in order to implement them optimally, continual updates on the actual demand of the
products are required, as are updated forecasts. We believe our approach is a
computationally efficient alternative to approaches based on stochastic programming
methods, rolling horizon approaches. This kind of approach can be useful when

improvements are required for these kinds of problems.

The predictive methods used for forecasting through mathematical algorithms and
modelling is one thing. It is also how the critical area of the robust plan is going to be
tested and implemented into a routine in the operational environment to see whether the
method can survive the disturbance that can occur in the environment and through human
resources. The predictive methods require a lean process and need to be thoroughly

thought through before implementation in the ordering procedure.

In the next section, we consider what is the role of inventory and safety stock as a part of

proactive method.

8.4 Future Work and Considerations

The airline industry will increase its ability to gather or tap information from suppliers,
or manufacture a database on a real-time basis to keep track of the performance and
operational information needed for maintenance centres and operations. The result will
be a broader basis on which to calculate and predict the need for repairing or replacing
parts or modules (Boeing 787 Dreamliner or Airbus A320 NEO). The management of
composite materials will increase in the form of modules so that maintenance will take a
shorter time than today. It is known that new aircraft types won't have to undergo a full

heavy check for 10-12 years—about twice the interval for conventional aircraft—and
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that is only in terms of major structural components manufactured from composites, and
modules to improve the performance of management systems for parts procurement and

logistics for heavy checks.

The study indicated that there is a lot of potential to reduce inventory investment and
improve parts availability by adopting a coordinated, data-driven approach through the
supply chain. One way to reduce uncertainty and improve the flow of spare parts is
through improved information and forecasting techniques and sophisticated tools. The
algorithm and models developed were able to obtain quite acceptable solutions and
provide effective support across rotables parts. We believe the overall approach that has
been presented is suitable for regular and repeated use on the rolling horizon where rolling
horizon approaches and developed modelling have proved to be successful in the field of

research.

Models have proven to be suitable for the long -and medium-term inventory planning and
scheduling part of our problem, while models with a continuous representation of time
have proven to be more useful for the detailed scheduling part of our problem. The
model's framework comprises a dynamic approach—an algorithm that is both proactive
and reactive. By combining proactive and reactive operations, the algorithm becomes
more efficient and more capable of anticipating and reacting to unknown events, and, not
least, by proposing a framework composed of both methods that allows decision-makers
to better understand the system. Moreover, using indicators as a reference can provide the
ability to anticipate future performance behaviours based not only on the knowledge
acquired but also on a mathematical tool that will synthesise this knowledge and infer

future performance behaviours.

The algorithm developed was able to obtain a quite acceptable, rolling horizon approach.
We believe that considerable improvements can be obtained by changing how the process
is implemented and how the solution can be developed further into the system. The
solution shows these spare parts can forecasted and be purchased in advance with great
accuracy, with limited stock-out before the aircraft enters the hangar. Whatever decision
i1s made on maintenance centre choices and related parts availability, the best decisions
will only be made with better information. We need a greater degree of pooling of repair

and maintenance information among all players in the field and air sector. In other words,
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managers of the supply chain could derive additional benefits from the data pooling and
improved (estimating) methods by optimising spare parts across the entire supply chain
that includes the aircraft maintenance centres. By adopting the solution and model, we
have proposed quite an acceptable concept which is both for the overall maintenance
operation and supply chain. Nevertheless, it is necessary that a lean operation and lean
supply chain management should be considered for the business which means we need to

streamline processes by eliminating waste and non-value-added activities.

Today, performance analysis of complex supply chain systems is performed in an ad hoc
way since the main objective is to verify whether the strategy designed has been helping
to achieve the targets following a reactive approach. However, the mathematic model
approaches and modelling are performing in competitive markets, forcing us to become
more proactive than reactive and to move toward the development of robust models as
we have been provided by the data generator. A simple approach is no longer suitable for
this type of business, an aircraft maintenance centre, where a stronger and more effective

interaction between the strategic and operational layers is key.

8.5 Future Discussion

We believe the solution we have presented is a step forward based on a stochastic
programming method. Using a rolling horizon algorithm can be useful to improve future
forecasting methodologies when predicting future demand and can be a positive addition
to the present system. While work has been done in creating robust modelling tools and
plans for supply chains, and providing a mechanism to test these things in the real world,
as the discussion in each of the technical chapters shows, there is still much work to be

done.

The development of frameworks that integrate ordering on a rolling horizon basis and the
inclusion of uncertainty for rotables spare parts problems are however complex, and, in
fact, closely linked challenges that need further attention and that will be major research
issues during the next decades. It would also be of great interest to see how the algorithm
is working in reality and demonstrated by collecting data over a period of time—both the
input and output data—and comparing the output by comparing the solution used today
versus the solution we propose. These types of data would be very useful in order to

thoroughly evaluate the potential benefits of the integrated multiscale algorithm in its
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genuine operational environment which is characterised by the continuous rolling horizon

and the dynamic decision process.

With regard to our recommendations for further work on our approach, we would first
like to mention the interesting possibility of using different categories—cost of the items
and time frame to the integrated multiscale algorithm—to see if the forecasting
mechanism is working differently. An advanced supply chain simulator that generates
intelligent demand forecasts along with unforeseen events that can make planning and
schedules infeasible would be of great use for the same purpose. There may be a need to
study the implementation of a more complex formulation of the MILP in light of the fact
that most industrial case studies are not simple. Bearing in mind that much work has been
done in this area, a more thorough review of the literature will also be required. Finally,
we believe it is of interest to do a further comparison of our iterative procedure to improve
the robustness of the long-term plans to other stochastic programming approaches
existing in the literature. This would yield an improved understanding of the benefits and
the competitiveness of our approach. Another aspect needed to be performed is a more
detailed study on the rolling horizon algorithm and methodology as described above in
the aircraft maintenance industry as a forecasting mechanism for the demand for spare
parts. A more in-depth examination of the rules that are used should be made in
conjunction with testing against a larger demand data set. Secondly, more sophisticated
sampling mechanisms should be tested to see if there is a visible improvement in the
performance of the system over the data used, i.e. can the mechanisms be improved.
Thirdly, as is common with general work on forecasting, studies need to be undertaken
in order to ascertain how to handle and generate outlier points within the demand
scenarios to allow for more representative scenarios to be generated. This is particularly
important as in supply chain systems it is these outlier points that stress the existing
system, and often to the breaking point of the system. Finally, we believe it is of interest
to do a further comparison of our iterative procedure to improve the robustness of the
process to other stochastic programming approaches existing in the literature. This would

yield improved understanding of the benefits and the competitiveness of our approach.

Other issues regarding supply chain management which need to be considered are, for
example, that maintenance will not be cheaper; therefore, it is clear sign that when a fleet

is getting too old, approximately 20 years old, it is not only expensive from a management
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point of view but also from the marketing side. The cost of spare parts to maintain and to
operate such a fleet is too costly. Today’s and tomorrow’s airplanes are lean in all aspects,
both in maintenance and operation. Today competition is to cut costs, offer flights at a
low price and keep a high service level for the customers. An airline that has been
changing over to a more economical fleet benefits from it and can lower the fares,
especially for passenger flights. It has been stated that in the near future, passengers will
be free (exclusive of the mandatory fees) on Norwegian Air and WOWair, but both have
been changing to new airplanes, which are inexpensive to operate and maintain both for
short and long distances. On the other hand, airlines, which are not on the move to change
the strategy and rejuvenate their fleet, are at high risk of losing their market share. In other
words, the ROI will decrease at the expense of operation and maintenance cost. Without
jumping to a conclusion, we know that the management strategy for that matter is

important for the future development an airline.

Given what has been achieved by the generic supply chain tool, one of the insights
obtained is that the system has much potential for further development inside the air
industry with the help of data from a case study—even if there was a lack of time and
resources. There are fundamental aspects of the work that can be undertaken for the
supply chain tool to help further its potential as a whole, and for the airline industry.
Firstly, it helps to establish certain protocols and rules to be used for the iterative testing
process between the robust planner and the simulator, whereas this work is a fairly general
set of rules which requires further consideration to establish better protocols concerning
how to modify the settings of the robust planner based on simulator results. The second
aspect is to integrate this entire tool to be used inside the maintenance system of the
supply chain model to see if it does improve the results being produced by the system.
The use in such models requires a carefully considered trade-off to be complicated enough

to be realistic, and thus useful.
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Appendix A Imperial College London

Appendix A

Examples of collected data and last column shows the code for respective rotable items.

Definition of the code see appendix B.

Rotable id Mean Standard Median Mode Standard Sample  Kurtosis Skewne Range Minimum Maximum Total item Coefficientof =~ Code
Error Deviation Variance ss varianc
- - - - - - - - - - - - - (CV=o/u) ~ -
179000-201 29,122 1,92867 29 33 12,35 152,5098 2,81962219 0,8479 66 6 72 1194 42,41 HA
5500B1ABF23A 34,2619 1,77447 36,5 M 11,50 132,2468  0,1360893 -0,558 52 1 53 1439 33,56 HA
DR23631T 30,6829 1,81069 30 35 11,59 134,422 0,18741808 0,2596 50 6 56 1258 37,79 HA
FW12379 31,5128 3,03463 23 22 18,951284 359,1511 1,02150216 0,8335 86 2 88 1229 60,14 HA
118203-002 8,66667 7,17248 2 #N/A  12,423097 154,3333  #DIV/O! 1,7194 22 1 23 26 143,34 LB
118207-001 3,66667 2,66667 1 1 4,6188022 21,33333  #DIV/0! 1,7321 8 1 9 11 125,97 LB
118207-002 3 2 1 1 3,4641016 12 #DIV/O! 1,7321 6 1 7 9 115,47 LB
2-1510 4,125 0,79153 3 1 4,4775425 20,04839 3,0811145 1,9728 16 1 17 132 108,55 LB
2156-604A 1,875 0,74252 1 1 21001701 4,410714 7,32023144 2,6853 6 1 7 15 112,01 LB
5006397R 5,85714 2,27228 4 1 6,011893 36,14286 0,83850396 1,3165 16 1 17 41 102,64 LB
802300-14 1,88889 0,65499 1 1 1,964971 3,861111 7,75727373 2,7391 6 1 7 17 104,03 LB
RDAV4002-10  4,66667 3,66667 1 1 6,350853 40,33333 #DIV/0! 1,7321 11 1 12 14 136,09 LB
RDAV9831-01 2,55556  1,19153 1 1 3,5746018 12,77778 8,52970564 2,8961 1" 1 12 23 139,88 LB
00033048 1,66667 0,66667 1 1 1,1547005 1,333333  #DIV/0! 1,7321 2 1 3 5 69,28 LC
40885 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
66946 1,25 0,16366 1 1 0,46291 0,214286 0 1,4402 1 1 2 10 37,03 LC
105150 1,66667 0,66667 1 1 1,1547005 1,333333  #DIV/0! 1,7321 2 1 3 5 69,28 LC
105151 1,66667 0,66667 1 1 1,1547005 1,333333  #DIV/0! 1,7321 2 1 3 5 69,28 LC
262299 1,57143 0,29738 1 1 0,7867958 0,619048 0,27337278 1,1145 2 1 3 1" 50,07 LC
341525 1,42857 0,17271 1 1 0,6462062 0,417582 0,95101989 1,3032 2 1 3 20 45,23 LC
430101 3,57895 0,328 3 3 20219282 4,088193 1,33525316 1,0489 9 1 10 136 56,50 LC
430107 2,89655 0,35214 2 2 1,8963278 3,596059 0,55391785 1,1716 7 1 8 84 65,47 LC
446189 2,14286 0,40406 2 2 1,069045 1,142857 0,2625 0,7717 3 1 4 15 49,89 LC
472567 1,5 0,5 1,5 #N/A  0,7071068 0,5 #DIV/O!  #DIV/O! 1 1 2 3 47,14 LC
569672 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 3 0,00 LC
622532 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
622533 1 0 1 1 0 0  #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
731376 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 3 0,00 LC
731966 1 0 1 1 0 0  #DIV/O!  #DIV/O! 0 1 1 3 0,00 LC
790274 1,08333 0,08333 1 1 0,2886751 0,083333 12 3,4641 1 1 2 13 26,65 LC
792209 1 0 1 1 0 0  #DIV/O!  #DIV/O! 0 1 1 4 0,00 LC
887087 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 4 0,00 LC
892480 1,5 0,26726 1 1 0,7559289 0,571429 0,875 1,3229 2 1 3 12 50,40 LC
898052 5,53846 0,62434 4 4 3,8990293 15,20243 1,80242845 1,2212 17 1 18 216 70,40 LC
5032-1-4 1,8 0,37417 2 2 0,83666 0,7 -0,6122449 0,5122 2 1 3 9 46,48 LC
7522-1-3 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 5 0,00 LC
"2670112 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 3 0,00 LC
"4322245 1,16667 0,11237 1 1 0,3892495 0,151515 2,64 2,0552 1 1 2 14 33,36 LC
"4322268 1,08333 0,08333 1 1 0,2886751 0,083333 12 3,4641 1 1 2 13 26,65 LC
"4333302 1,77778 0,27778 2 1 0,8333333 0,694444 -1,27542857 0,5006 2 1 3 16 46,88 LC
"4333325 1,07143 0,07143 1 1 0,2672612 0,071429 14 3,7417 1 1 2 15 24,94 LC
"7700915 1 0 1 1 0 0 #DIV/0!  #DIV/O! 0 1 1 3 0,00 LC
77820923 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
77829998 1,6 0,4 1 1 0,8944272 0.8 0,3125 1,2578 2 1 3 8 55,90 LC
730903852 2,04 0,1869 2 2 0,9345231 0,873333 -0,38891152 0,5817 3 1 4 51 45,81 LC
730903889 2,08333 0,20779 2 2 1,0179548 1,036232 -0,57809197 0,6308 3 1 4 50 48,86 LC
"033638500 1,38462 0,26647 1 1 09607689 0,923077 4,78472222 2,3852 3 1 4 18 69,39 LC
72011412 6,05 0,60016 55 4 3,7957466 14,40769 3,34215854 1,4222 19 1 20 242 62,74 LC
772038000 1,76 0,2104 1 1 1,0519823 1,106667 2,12258386 1,4576 4 1 5 44 59,77 LC
"72068100 2,2 0,26436 2 2 1,4479474 2,096552 4,58325089 2,1089 6 1 7 66 65,82 LC
772184002 1,35294 0,14706 1 1 0,6063391 0,367647 1,89933714 1,5965 2 1 3 23 44,82 LC
"72184110 1,41667 0,14865 1 1 0,5149287 0,265152 -2,26285714 0,3884 1 1 2 17 36,35 LC
"86937011 1 0 1 1 0 0  #DIV/0!  #DIV/O! 0 1 1 2 0,00 LC
"86937301 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
"86937302 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
"86938102 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
'87269253 3,5 0,5 4 4 1 1 4 -2 2 2 4 28,57 LC
'87269254 3 0,63246 4 4 1,4142136 2 -1,75 -0,884 3 1 4 47,14 LC
’87269353 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 4 0,00 LC
'87269354 1 0 1 1 0 0 #DIV/0!  #DIV/O! 0 1 1 4 0,00 LC
"87520005 1 0 1 1 0 0  #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
7163521538 2,21053  0,1815 2 2 1,1188289 1,251778 -0,41262517 0,6598 4 1 5 84 50,61 LC
00-5001-00 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 2 0,00 LC
00-5103-01 1,5 0,28868 1,5 1 0,5773503 0,333333 -6 0 1 1 2 6 38,49 LC
00-5105-01 10 2,50333 9,5 #N/A  6,1318839 37,6 2,31581032 1,2023 18 3 21 60 61,32 LC
0104244-001 1,25 0,25 1 1 0,5 0,25 4 2 1 1 2 5 40,00 LC
0104244-003 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 5 0,00 LC
0104244-004 1,09091 0,09091 1 1 0,3015113 0,090909 11 3,3166 1 1 2 12 27,64 LC
019-012-001 1 0 1 1 0 0 #DIV/O!  #DIV/O! 0 1 1 4 0,00 LC
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Definition of high, medium and low volume.

High
Mid
Low

Volume Total Item  Total Item

0
100
200
300
400
800

1100
1400
1600
2000

IITIIIZEZ=Zrr e

100
200
300
400
800
1100
1400
1600
2000

Frequency  Cumulative %

100
200
300
400
800
1100
1400
1600
2000
More

93,51%
97,72%
98,48%
98,83%
99,09%
99,34%
99,54%
99,75%
99,80%
100,00%

Definition of coefficient of variance i.e. narrow, mean or spread.

Catecory CcVv cv Frequency  Cumulative %
A 0 40 40 0 0,00%
A 40 60 60 8 0,41%
A 60 80 80 7 0,76%
A 80 100 100 33 2,43%
B 100 150 150 105 7,75%
B 150 200 200 89 12,27%
(o} 200 500 500 582 41,76%
(o} 500 1000 1000 542 69,23%
(o} 1000 More 607 100,00%
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