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Abstract

Modern supply chains have shifted from hierarchical, one-dimensional supply chains and
increasingly operate in a global supply network. Supply Chain Coordination (SCC) fo-
cuses on optimising operations such as supply, manufacturing and distribution in the
supply network of an enterprise. The major concern in such networks is to achieve coor-
dination without compromising the autonomy of individual units or partner organisations.

This area provides ample opportunities for research.

Different modelling approaches based on operational and decision-making aspects of the
supply chain can be used to address SCC issues. An integrated model (IM) is one which
combines the constraints and objectives of different decision making units (DMUs) into
a single, huge optimisation model. Integration allows the supply chain to solve all its
sub-components (DMUs) simultaneously and hence, it can guarantee feasibility across
DMUs compared to solving the DMUs separately. However, such models, being large and
complex, are computationally difficult to solve. The solution, if any, need not be optimal
for all DMUs. Often, the independent players in the system are reluctant to share all
their competitive information in public. If the players are not willing to share complete
information, then an attempt at an IM is extremely difficult. Therefore, the development

of alternative approaches for SCC becomes increasingly necessary.

In this thesis, new approaches for SCC are proposed using decomposed and decentralised
decision making models based on Lagrangian relaxation (LR) and column generation (CG)
methods. This is motivated by a real-world coal mining example, which is generalised to
a multi-resource constrained scheduling problem. The transition of solution approaches
from integrated approaches to decomposed approaches and then to decentralised ones is
presented. The industry seeks a coordination approach that can deliver quality solutions in
a reasonable amount of time without compromising their autonomy and their confidential
and competent information. Therefore, decentralised decision-making will be the driving

force in the future for supply chain coordination.

A two-party coordinated production-planning and resource-scheduling problem involving
a set of independent producers (multiple mines) and a shared resource manager (rail

operator) is considered. The decisions in this SC are decomposed by relaxing the resource
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sharing constraints which link the DMUs. Decomposition approaches based on LR and CG
are then developed. Several strengthening methods and stabilisation techniques have been
implemented to improve the LR and the CG algorithms. The decomposition approaches
are compared with the integrated approach to benchmark the performance of distributed

decision making.

Decentralised approaches are developed by further reducing the information-sharing
and eliminating the central coordinator in the decomposed approaches. The role of
information-sharing in a decentralised approach and how to quantify the usefulness of
an information, are also addressed in this thesis. For the two-party case of the coal
supply chain, two vital pieces of information are identified—the production capacity
(at mines) and the resource capacity (at rail operator). The decentralised scheme
proposed, based on LR, guarantees convergence and is found to outperform IM in terms
of obtaining solutions in reasonable time. The wvalue of information is also quantified

using experimental results.

The study is further expanded to a three-party case by including the second resource
manager (the terminal in the coal supply chain). The three-party decentralised model
was solved using a modified CG algorithm. A decentralised method called secure-sum has
been implemented in this algorithm to compute the lower bound in all iterations. This al-
gorithm is also strengthened with column management and other techniques. The compu-
tational results highlight the impact of an additional player and the value of information-
sharing. The results show that the decentralised model could achieve better or equivalent
solutions compared to that from the integrated model with significantly less information

and interactions.

In summary, the thesis proposes a scalable and robust, decentralised framework of
decision-making for a generic multi-party supply chain, which is a better alternative
to the integrated approach. It requires only minimal information sharing between the
players and guarantees convergence by means of the underlying decomposition algorithm.
The approach can be used even as the level of coordination (information-sharing)
improves. The proof of the concept has been demonstrated using a large and complex

multi-party coal supply chain.
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Chapter 1

Introduction

Supply Chain Coordination (SCC) is a challenging and rapidly developing area in Supply
Chain Management (SCM) due to the increasing pressure on businesses to remain com-
petitive in the global marketplace. SCC focuses on optimising operations such as supply,
manufacturing and distribution in the supply network of an enterprise. The major concern
in such supply networks is achieving coordination without compromising the autonomy
of individual units or partner organisations. Maximising profit, reducing costs and in-
ventories, asset utilisation and responsiveness are other key issues of concern [65]. For
more than 20 years the area has provided, and continues to do so, ample opportunities for
research [97, 144]. Early SCC approaches focused on optimising operations of chemical,
pharmaceutical and petroleum manufacturing facilities. However, the application of SCC
methods has now been extended to many other areas such as consumer products and the

services sector as well.

In a global modern enterprise, companies are focusing more on their core business, and
therefore partnerships in supply chain (SC) are becoming increasingly important to the
success of large supply chains. These partnerships are across several tiers, depending
on how vital and crucial these are to the success of a SC. Moreover, supply chains are
becoming global as raw materials are procured and parts are produced where they are
best and cheapest [4]. As a result, supply chains are becoming much more distributed and
supply chain partners are becoming more autonomous. The result is that a modern supply
chain is global—one in which manufacturing operations are often carried out in a region
that is different from the one in which sub-assemblies or full-assemblies are carried out; it
is also a chain in which logistics play an important role [115]. Therefore, modern supply
chains have shifted from a hierarchical, one-dimensional supply chain and increasingly
operate in a global supply network [21, 40, 4]. Further, the partners may have important

relationships in many parallel chains at the same time (see Singh et al. [124]).

Market forces have, therefore, dictated that well-integrated but distributed processes

deliver better results in terms of higher profits than fully-controlled and owned



CHAPTER 1. INTRODUCTION

operations [64, 83]. However, the challenge is that, while decentralisation of the process
and ownership may lead to a higher profit, it is not necessary that the management of
such operations will become any easier or even straightforward. At the same time, a
sequential structure of processes within the control of a single supply chain has given
way to a network structure with many players/actors that offer multiple products or
services [88]. Thus, a manufacturer may contract multiple raw material suppliers in order
to maintain a steady production; and at the same time, the raw material supplier may
have supply contracts with multiple manufacturers in order to maintain their material
flow. As a result, the need for integration and coordination has increased [81, 124].
A coordination mechanism enables and increases coordination amongst supply chain
partners who may be working, in parallel, in several different—and perhaps even
conflicting—supply chains [7]. Bahinipati et al. [13] describe supply chain coordination
as any situation where upstream and downstream firms are engaged in some form of

long-term cooperation or agreement.

Until the 1980°-s, researchers focused on optimising individual decision-making units
(DMUs), independently. For example, in a manufacturing enterprise, procurement, pro-
duction, and distribution systems are considered as DMUs with their decisions taken
independently. Later, research moved on to studying how the different units could be
integrated or coordinated in a decision-making sense. Many articles were published
on different coordination schemes such as production-distribution, production-inventory,
production-procurement and distribution-inventory [7, 15, 54, 58, 64]. Sometimes the
DMUs are managed by different players and each player may have sub decision-making
units. In this thesis, we are interested in developing coordination schemes for such inde-

pendent players in a supply chain.

Different modelling approaches, based on the problem structure and interdependencies
between the DMUs, can be used to address supply chain coordination problems. An in-
tegrated model is one which combines the constraints and objectives of different DMUs
into a single, big optimisation system. Integration allows the enterprise to solve all its
DMUs simultaneously and hence, it can guarantee feasibility across DMUs compared
to solving them separately. However, such solutions need not be optimal for all DMUs
in the supply chain. Often, the independent players in the system are reluctant to co-
operate by sharing all their competitive information completely in public. Hence, an
attempt at an integrated model is extremely difficult, especially if the players are not
willing to share all of the information. Even if it is possible, the integration makes the
model complex and large. Therefore, the integrated model is not viable in solving large
problem instances within a reasonable amount of computational time. Using decom-

position techniques, each DMU’s decisions can be distributed and linked with common



1.1. OVERALL RESEARCH PROBLEM AND MOTIVATION

shared resources. In Mabert and Venkataramanan’s [97] words, “the inclusion of depen-
dency linkages in supply chain decision-making, represents the cornerstone of an effective
management for firms in the 21 century, and the process of linking decisions across the
stages in a coordinated manner is by no means an easy task; it is one of the greatest
challenges faced by managers today and of the future”. Therefore, the development of

alternative approaches for SCC became increasingly necessary.

In a decentralised model, DMUs operate separately and decisions—that potentially affect
other units—are shared between them. A decentralised model solves the overall problem
by distributing and coordinating the decisions of each of the DMUs. The quality of the
coordination depends directly on the information that is shared between the units (or
the ‘players’ in the system) as information sharing is one of the key factors in designing
a successful coordination system [40, 34]. The methods to capture the information and
provide feedback to the various players, and the medium through which the information
is shared are also becoming increasingly pertinent to the successful operation of these
decentralised supply chains. Therefore, delays in information availability (and processing)
and the information distortion need to be significantly reduced. However, the new modes
of operation come with an overload of information security and privacy [155] which needs

to be taken into account when developing new frameworks.

As a result of the advancements in technology and virtualisation, there is a shift in SCMs
towards using decentralised models [105, 46] instead of the traditional centralised model
for decision-making. Some of these decentralised models may even be easily solvable using
existing technology. In a decentralised supply chain, coordination allows the partners to
negotiate and work together (collaboratively) for the overall benefit of the supply chain,

and this leads partners to arrive at some consensuses.

In this thesis, we propose new approaches for SCC using decomposed and decentralised
decision-making models, based on the Lagrangian relaxation and column generation meth-
ods. These models can be employed appropriately based on information availability and
the levels of interaction between the DMUs. Through detailed computational experi-
ments, we show that the proposed models outperform the integrated model in almost all
cases with significantly less information sharing and with no centralised controls. This
implies that the decentralised approaches are advantageous and appropriate to solve large

and intricate industrial problems.

1.1 Overall research problem and motivation

Our research is motivated by a scheduling problem from Australian coal supply chains.

Australia is one of the leading coal exporters in the world. According to ABARES [1],
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Australia produced 446.17 and 471.09 million tonnes of coal in the year 2008-09 and
2009-10, respectively. Almost 60% of the coal produced in Australia is exported to other
countries. In 2011, total world coal production increased by 6.6% compared to the pre-
vious year and reached at 7678 million tonnes. The average annual growth rate of world

coal production since 1999 was 4.4%*.

A coal supply chain consists of many independent DMUs such as mines, ports, rail oper-
ators, terminal and track owners. In Australia, the old mining areas were close to ports,
and transport facilities were well established. However, a surge in the demand for coal
spurred its discovery and production in remote locations. As the demand increased, the
transportation network also improved to include dedicated train tracks. Today, due to the
increased volumes, coal is mainly transported through rail (a small percentage is trans-
ported by road too). Coal transport trains are among the longest in the world. Many of
them have as many as six locomotives and 148 wagons, amounting to a total length of
more than two kilometres and carrying about 8500 tonnes of coal’. However, small-sized
trains (approx. 2800 tonnes capacity) are also used for everyday trips to meet the periodic

demand of domestic customers such as power plants and heavy industries?.

These train movements are facilitated by high-speed loading and unloading facilities and
large storage capacities at the mines and ports (terminals). The intermediate coal storage
is called as stockpile. The size of a storage field varies from a few thousand tonnes to many
megatonnes. Around 10 train trips are required to make a stockpile. Generally, two or
three such stockpiles are required to complete one shipload. Typically the trains are
operated in a ‘freight’” dedicated track network. This network is single line for most part,
with a few crossing loops for freight trains to overtake or pass. Therefore, train scheduling
in such a network, on its own right, is a challenging problem. Several giant machines such
as stackers and reclaimers are required to load or unload the coal at the mines and
terminals. The unavailability of these machines, when it occurs, unnecessarily delays and
creates inefficiencies. Many other scheduling complexities such as maintenance schedules
of equipment, terminal stockpile capacities and other similar constraints are also present
in the supply chain. Due to the high cost of infrastructure and investments required for
capital equipment, the rail network and the storage capacity cannot be increased at will.
Instead, existing facilities need to be utilised optimally. Long-term contracts also exist
between various players in the supply chain, to ensure that everything is fair. However,
short-term operational scheduling problems are also regularly required to be solved to

ensure that long-term contracts are satisfied.

*http://www.worldcoal.org/resources/coal-statistics/ visited on 18-Jan-2014
Thttp://www.australiancoal.com.au/facts-a-figures.html visited on 18-Jan-2014
thttp://www.pacificnational.com.au/services/coal.asp visited on 18-Jan-2014
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Formally the supply chain process can be described as follows. The coal shipping terminal
receives orders from ships with an expected arrival date. A ship’s order is made up of
many parcels of coal. So, the terminal splits these ship orders and passes them to the
mines—along with suitable due dates—in these smaller quantities (parcels). Every mine
incurs an inventory cost at the mines, a stocking cost if the coal reaches the terminal
before the due date, and a demurrage cost for any late deliveries which necessitate the
ship’s late departure. The individual mines typically plan for and request trains of a
particular class at appropriate times (so as to minimise their inventory holding and other
costs). A single rail operator acts as a common resource manager that links the mines
to the terminal. The rail operator provides the trains to transport the coal from the
various mines to the terminal. The terminal also acts as a common resource and links all
the mines. A mine is generally not concerned about the specific train that is allocated
to it. The rail operator does not bother about the orders received at the terminal and
at the mines. Similarly, the only decision that is important to the terminal is on-time
procurement of coal from the mines, and its shipping. Nevertheless, the decisions of the

mines, the rail operator and the terminal are, as is quite obvious, interlinked.

It is possible to formulate and solve the integrated whole-of-supply chain problem as a
single decision-making problem that includes all the sub-units of the supply chain. Most
scheduling problems are NP-hard (see [93, 29]). Therefore, an integrated scheduling model,
which includes all DMUs, would be intractable. In general, the non-availability of shared
resources like trains, creates major bottlenecks in coal production-distribution logistics.
Efficient use of these shared resources benefits all players. The problem considered in this
thesis is a large and complex multi-resource constrained scheduling problem. Resource
constrained scheduling problems (RCSP) are a special class of problems in which the
players are required to share scarce resources such as trains, tracks and terminal facilities.
Unlike the traditional RCSP, in our problem, the resource manager has more than one

way of meeting the requirements.

1.1.1 Problem statement

As we have seen from the discussion in previous sections, integrated approaches are not
always viable for large and complex supply chain coordination problems. Motivated by the
multi-resource constrained scheduling problems, we study alternative approaches for SCC
using decomposed and decentralised decision-making models. The important features
of SCC such as information-sharing and negotiation are also analysed. The aim of this
research is (7) to provide a better understanding of decomposed and decentralised decision-
making in supply chains and (i) to develop an implementable decentralised decision-

making approach for a multi-party supply chain.
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1.2 Challenges

In Section 1.1, we described a coal industry example and interlinks in its supply net-
work. It is often difficult to capture a sophisticated real life industrial problem as-is into
an optimisation framework. Sometimes we may make some assumptions or relax a few
constraints to obtain a simpler problem. As we have seen, there are many internal and
external factors and dynamics influencing the supply chain. The real challenge is in under-
standing coordination in such situations and converting them into suitable mathematical

programming problems.

A competitive enterprise requires agility and flexibility in order to cope with rapid changes
in both internal and external environments. To adapt to these environments, an enterprise
may integrate all decision-making units into a single system or implement an efficient
mechanism to share the decisions and information between the models in coordinated
systems. For example, Enterprise Resource Planning (ERP) and Enterprise Application
Integration (EAI) approaches were developed for the smooth and efficient integration
of enterprise operations. The interrelation between different DMUs should be analysed
more accurately and realistically, so that we do not lose any vital dependency. The models
found in literature may not be directly adaptable for such integration as there are many
direct and indirect challenges. For example, Grossmann [65] discusses some of the direct
challenges to enterprise-wide optimisation. We have consolidated the following challenges

from the literature and our own experiences.

1. Modelling challenge: Development of appropriate optimisation models for the
various components of the supply chain, particularly for nonlinear operations
through integration and coordination, is a rigorous problem. We have multiple
modelling choices available, from Linear Programming (LP), Mixed-Integer
Linear Programming (MILP), Model Predictive Control (MPC), to Real Time
Optimisation (RTO). Coordination of the optimisation models for planning
and scheduling over different time scales is another tedious challenge. For
example, in the airline industry, the hub location decisions are made for years,
fleet planning and route planning are made for months and tail assignment is
made for a week/day. Similarly, in a manufacturing SC, planning strategies are
made for months/years, while the effect of control decisions lasts for a short
time—seconds/minutes. The length of the planning horizon also plays a crucial

role in optimising a dynamic system.

Table 1.1 shows the challenges in integrated production, scheduling and control.
The complexity and the run-time are lesser when the models are relatively simpler
and deterministic. The complexity and modelling choices, and the time constraints

make control optimisation problems difficult.
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Table 1.1: Integrated planning, scheduling and control (Inspired by Grossmann [65])

DMU Planning Scheduling Control

Model LP/MILP MINLP RTO, MPC

Planning  Years/months Weeks/days Minutes/seconds

horizon

Focus Economics Feasibility Dynamic performance
mereases

Complexity N

Examples  Investment on production Procurement and Decisions on commu-

units, infrastructure, long distribution plans, nication networks
term contracts, and others machine scheduling

2. Algorithmic and computational challenge: Solutions to the various models

in terms of efficient algorithms—particularly for large scale integer programming,
global optimisation and stochastic programs—is a challenge for SCC. Modern com-
puter architectures such as grid/distributed computing, advanced networking and
the like, should be utilised to address this challenge. The new approaches discussed
in this thesis are computationally efficient. Details are provided in the respec-

tive chapters.

. Information sharing: As we observe from the industrial problems, a good amount
of information is shared between the DMUs of a supply chain. However, before
sharing of the information, it is important to address the following important ques-
tions: (i) What are the critical bits of information that can affect the final solution?
(72) How much of this information needs to be shared? (iii) How can we quantify the
usefulness of this information? (iv) Is there a mechanism for sharing information
and does this mechanism protect the privacy and security of the data? Quantify-
ing the value of the information is also a challenge in a decentralised coordination

model.

The success of coordination depends heavily on the way in which information is
shared between models. The players should have mutual faith and the responsibility
for sharing their critical information. Information delay, distortion, variability and

loss are also to be considered in information flow modelling.

. Negotiation and incentive sharing: Different DMUs or players in a supply chain
have to negotiate and decide on an incentive sharing scheme to achieve a better
coordination amongst them. Each player needs a positive incentive to coordinate,
with an aim to move towards global optimality, and to not make locally optimum

decisions. Success of the coordination will be undermined if players do not get any
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incentive. The incentives can be some percentage of the profit or an assurance of

continuity of business partnerships or the like.

5. Decentralisation: Multiple owners, plants or distribution centres located in mul-
tiple countries, with non-identical multiple objectives are another major concern
in SCC. It is very difficult to integrate all DMUs of multiple owners. The foreign
exchange, tax structure and raw material availability are some of the constraints.
The mathematical models become computationally unsolvable when the number
of plants, retail outlets, product items, and periods are large [109]. The complex-
ity of the integration process sometimes forces researchers to use heuristic or meta
heuristics approaches to solve the optimisation problem [24, 25]. These methods
converge to a sub-optimal solution faster than in an analytical procedure. The
growing computational power enables us to use these evolutionary algorithms to

find the solutions to large and complex problems.

6. Multiple objectives: There are many independent DMUs in any supply network.
Therefore, it is not easy to design a single performance measure to compare different
solutions. The different objectives of these DMUs can conflict or be similar or have
different scales and units. Hence, it is important to consider these multiple objectives
carefully. In general, a centralised approach expects to have a single supply chain
objective by taking a combination of these individual objectives. In a decentralised
approach, we have the additional freedom of giving importance to the individual
player’s objectives. Concerns about satisfaction and improvement of individual
DMUs compared to that of a supply network will exist. The overall optimality can
be defined with respect to the objective costs of the integrated model. However, as
we have mentioned earlier, the decentralised models may have multiple objectives.
In that case, we need to compare the optimality at the DMU level and the global
feasibility. Appropriate negotiation and the corresponding incentive scheme are

crucial in implementing a successful coordination.

Other issues such as stochastic variations in demand, price, supply and the like make a
decision model large and complex. On top of this, non-linearity increases the complex-
ity and the size of the decision-making model. We address some of these challenges in

our research.

1.3 Objectives of research

The overall objective of the research is to study decentralised decision-making approaches
for a multi-party supply chain. To achieve this, the following objectives are identified and

addressed in this thesis.
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1. Conduct extensive literature review of supply chain coordination and different mod-
elling approaches. Based on this, propose a classification and a framework for SCC

models.

2. Identify and formulate mathematical models of coordinated /integrated production-
planning and resource-scheduling decisions in a two-player supply chain (anchored

to a specific supply chain, namely, coal).

3. Develop decomposition approaches based on Lagrangian relaxation and column gen-
eration to solve the integrated problem. Explore various strengthening methods to

improve convergence of the decomposition methods.

4. Benchmark and analyse the performance of decomposition approaches in solving

large, realistic, randomly generated problem instances.

5. Identify the role of information-sharing in two-party SC and analyse the key compo-
nents in decentralised decision-making. Then, propose a framework for the decen-
tralised approach—which has limited access to the information and does not require
any central coordinator. Develop a decentralised approach for the two-party case

and quantify the impact of information sharing and decentralisation.

6. Identify and formulate mathematical models of production-planning and resource-
scheduling decisions in a decentralised three-player supply chain (anchored to a
specific supply chain, namely, coal). Develop a decentralised decision-making frame-
work, and quantify the impact of having an additional player and information shar-

ing.

7. Propose a generic framework and guidelines to develop and to implement decom-

posed and decentralised decision-making in multi-player supply chains.

1.4 Summary of the thesis

This chapter presents an overall idea and motivation for the research problem. The
importance and practices of supply chain coordination are summarised in this chapter.
Chapter 2 presents a few supply chain coordination examples and an extensive literature
on supply chain coordination models, different mathematical approaches, decentralised
decision-making and information sharing. Chapter 3 provides a classification based on the
decision-making and operational models of the supply chain. The issues with traditional
centralised models and the need for decentralised models are also presented in this chapter.
An example from the coal supply chain has been developed to explain different modelling

approaches. The classification of coordination models and different modelling approaches
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mentioned in brief in this chapter are bridged logically in the remaining chapters. It gives

a coherent view of this thesis.

We start with a two-party case where we have a set of independent producers and a
common resource manager. Chapter 4 introduces the integrated production-planning
and resource-scheduling problem, the decision makers and their decisions. Decomposi-
tion approaches are explored to solve the integrated problem by splitting it into solvable
sub-problems. Chapter 4 explains an iterative scheme developed, based on Lagrangian
relazation (LR). Mathematical models, an LR-based algorithm, improvements and results
are presented in this chapter. In Chapter 5, the same integrated problem is decomposed
with Dantzig-Wolfe decomposition and solved with column generation techniques. Some
stabilisation methods and ideas for improvement are also presented. This model is later
benchmarked with the LR model and the integrated model.

We have further reduced the information sharing between the DMUs and the role of a
central coordinator and developed a decentralised approach of the two-party case, and
presented it in Chapter 6. This chapter includes an in depth discussion on information
sharing and the value of the information. Even though the CG algorithm performs better
than the LR, we could not use it for the two-party decentralised case because there was
no decentralised approach, such as secure-sum, to compute the value of a column without
sharing the actual values. Hence, we have used an LR-based algorithm for this two-party
case. Computational results comparing the impact of decentralisation and the value of

two sections of information are also presented in this chapter.

The two-party decomposed and decentralised approaches were complex enough to explain
the intricacy of distributed decision-making. However, to propose a work flow for the
multi-party case, we extended the two-party decentralised approach for a three-party case
which has an additional shared resource. Chapter 7 presents the three-party decentralised
approach based on the CG framework. Based on different levels of information sharing,
the solution algorithm can be customised. Chapter 7 concludes with a discussion on
generalising the solution approaches to a multi-party case in which we have many more
common resources. Chapter 9 concludes the thesis by listing the major contributions and

proposing a few ideas for extension.

The thesis presents a transition of solution approaches from integrated to decomposed and
then to decentralised ones. The industry seeks a coordination approach that can deliver
quality solutions in a reasonable amount of time without compromising the autonomy
and confidential information of the individual DMUs. In the coordination problem under
consideration has a set of independent decision makers are linked with a few shared re-

sources, it is intuitive to link the decomposed approaches with well known mathematical

10
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decomposition techniques (Benders, LR, CG etc). We have used LR and CG to illustrate
our approaches. The proposed approach is not merely a solution technique, it enables in-
dependent decision making by the partners and a collaboration between them. Therefore,
we envisage that decentralised decision-making will be a prime enabler of supply chain

coordination in the future.

11
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Chapter 2

Literature Review

Although the methods that have been developed in this thesis are validated within the
context of coal supply chains, similar coordination problems are also seen in other supply
chains. Some such examples are listed below to explain the sequence and complexity
of the decision-making process, which motivated the research in this thesis to improve

coordination in decentralised supply chains.

2.1 Supply chain coordination examples

2.1.1 Manufacturing industry

In any manufacturing industry, procurement, production, marketing and sales, distribu-
tion and finance are the key components. Each of these decision-making units (DMUs)
are involved in strategic, tactical and operational level decisions (classified based on the
expected duration of impact). The decisions taken by DMUs at various levels affect and

are affected by the decisions of one or more of the other DMUs.

Figure 2.1 shows a manufacturing supply network, where the producer has to procure
raw materials from the suppliers, process and send it to the retailers. There are logistics
operators connecting these DMUs. The forward arrow shows the material flow from the
suppliers to the retailers. The information flow is from the right to the left. All of these

DMUs have to be coordinated to achieve overall and individual benefits.

In a typical manufacturing supply chain (SC), the marketing and sales unit comes up
with the consolidated forecasted demand for various products for multiple periods over
a time horizon. They also determine the price of products, promotional schemes, and
their impact on future sales to determine the forecasted demand. The objective can be
to maximise revenue. Using the forecast as the input, the production unit determines the

production plan, considering the bill-of-materials (BoM), machine capacity, and process

13
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Information flow
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Figure 2.1: A manufacturing supply chain (Source: Venkateswaran [145])

plans. The production plan provides the quantity of products and production schedule.
The objective is to minimise the inventory and production costs. Now, based on the
raw material requirements plan, the procurement unit decides on the quantity of the
materials to be purchased from the suppliers at different time points. The procurement
unit also takes into account other costs such as the raw material holding costs, transport

and purchase costs. The objective is typically to minimise the costs.

In general, multi-stages and multi-sites problems are represented as supply chain networks.
Figure 2.2 shows the process of making a thin film transistor-liquid crystal display (TFT-
LCD) presented in [94]. The suppliers of glass, colour filter, polariser, integrated circuit
(IC), printed circuit board (PCB) and different assembly units and others, are the parts of
this supply chain. The arrow shows the flow of materials. Any other super market chains,
such as Wall-mart or McDonalds, can be represented in a similar way. They collect the

raw materials, process, transport, and store, and then distribute to the retailer centres.
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Figure 2.2: An example of multi-stages and multi-sites supply chain (Adapted from [94])
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The automobile manufacturing chain can also be represented as a network of actions
(see Figure 2.3). Most of the supply chain networks are not uni-directional. Sometimes,
old or used products are called back due to errors or the recycling policy. Here, we can
see the need for internal and external coordination between the DMUs. Sometimes, they
might compete with each other, like the wholesale distributors in the Figure 2.3. The
arrow shows the material flow. This is an example to show that individual DMUs (for
example, plant) can have multiple sub-units. However, we focus only on coordination at

supply chain level.

Material flow

_______________________________________________ >
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\ Model-1
. Body Assembly Customers
Engine

Whole Sale
Distributors-1

Model-2
Customers
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Accessories

Whole Sale
Distributors-2
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Model-3

Interior
Customers
Whole Sale
Distributors-m
Tyres
Finishing Model-n
Customers
Glass/lights
Plant Callback/Recycling Customers
Information flow
o ¢ ¢ — . — — — — — — — ) — — —

Figure 2.3: An automobile supply chain with a callback option

Steinriicke [128] also presented a similar coordination problem in an aluminium sup-
ply chain network. The stages in aluminium production involves (i) bauxite mining,
(17) preparation of aluminium oxide from bauxite, (iii) smelting, and (iv) casting. The au-
thors modelled it as a multi-stage production-shipping and distribution-scheduling prob-

lem with a time-continuous representation.

2.1.2 Petroleum industry

The petroleum industry supply chain is large, complex, and highly dynamic. It includes

a well-head, trading of crude, refinery optimisation, transfer of products, terminal opera-
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tions, local distributions and the like (see Figure 2.4). In such chains, optimisation tends

to have very large financial payout [65].

Wellhead  Trading Transferof  Refinery  Schedule Transferof Terminal
Crude  Optimization Products  Products  Loading

Figure 2.4: A supply network in the petroleum industry (Source: Grossmann [65])

Refinery optimisation Refinery operations are the core of the petroleum industry. Re-
finery tends to have long-term/short-term contracts with crude suppliers from many
sources. The optimisation at this level is very dynamic and complex. Along with
the complexity of refining, there also exists a great degree of freedom in refinery
operations. Multiple products can be produced from raw crude oil, such as, naph-
tha, gasoline, kerosene, lubricating oils amongst others by the process of distillation.
Even for a single product, for example, fuel, refineries can produce many varieties
by adding sub components to boost customer satisfaction and thus the profit. This
makes it a multi-objective optimisation problem. Possible objectives of the refin-
ery are minimising crude cost, optimising the overall product mix and dispatch,
minimising quality give away, optimising utilisation of the assets, optimising unit
operations, maintaining the highest standards of safety, catalyst life and activity,
and the like.

Scheduling decisions have a larger role in this industry. It starts from the scheduling of
well-head operations and ends at the operations of distribution outlets. Scheduling
decisions are very import in interlinking different sub-units. Due to multiple players

and continuous operations, scheduling is not so easy in this network.

Trading of raw material and final products also contributes to the profitability of this
supply chain. Raw material availability, market demand and other global issues

affect trading operations.

Logistics is also an important aspect of the petroleum industry. The movement of crude
from well-heads to refineries and then to distributors involves bulk cargo movement
using ships, transfer through large pipes, trains and tankers. The volume and variety
of products increase the complexity of the routing problem. Some of the logistics

decisions impact on the long-term investment to develop required infrastructure.

In this SC, well-head and other infrastructure development decisions have a very long

impact horizon. However, short-term decisions associated with the pump, such as pricing
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and supply, are dynamic and dependent on external factors. Multiple ownership and huge
investments required in each step escalate the impact of optimisation in each of these
activities. This is an example of a diverging supply chain, which requires coordination at

each stage to handle the inventory efficiently and to improve profitability.

2.1.3 Coal industry

Coal supply chains also can be explained in this manner—similar to Petroleum SC. A
coal supply chain has multiple players such as mines, rail operators, terminals. The
terminals/ports act as ‘collection centres’ which receive the coal from different mines.
The coal is usually transported by rail with a small percentage being transported by road.
Each ‘player’ in the supply chain has some control over certain parts of the chain. For
example, mines have control over the amount of coal that will be mined, rail operators can
decide how many trains need to be sent and to which mine, the track authority provides
tracks to run trains on and the port operators control operations within the port, that is,
which ship needs to be loaded and when. Some of the key information such as properties

of the track, coach and the like are shared between the players.

The Hunter Valley Coal Chain is one of the major coal supply chains in Australia and
largest coal supply chain in the world in terms of throughput. They handle very large
volumes of coal every day. It has a complex network with 35 coal mines, 31 load points,
44 trains (2200 trips per year), 9 ship berths, spread over 380km*. An elaborate and
in-depth description of a Hunter Valley coal supply chain is available in [125]. Figure 2.5

shows a schematic diagram of a complex coal supply network.
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Figure 2.5: A schematic of a coal supply network (Source: Singh et al. [125])

*https://www.hveee.com.au/AboutUs visited on 18-Jan-2014
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2.1.4 Airline industry

The decisions in the manufacturing and petroleum supply chains are dependent on the flow
of materials from the supplier to the customers. However, in some other supply chains,
especially in the services sector, we can see the flow of services governed by many decision-
making units. For example, the airline industry has a very active and dependent supply
chain, including sub-components like route planning, aircrew scheduling, fleet planning,
hub location and others. Figure 2.6 illustrates the hierarchical decision making and their
interdependencies in an airline supply chain. The individual decisions may have different

time lines and objectives. The services sector is highly dynamic and sensitive. Unlike the

| Hublocation J
Month Fleet Planni -4
| Flee fnnmg } | Route Planning J
| Pricing }—4
l L—{ Crew Rostering J
| Marketing }—*i
i k—{ Scheduling J
| Tail Assignment }————J

Figure 2.6: DMUs and their planning horizon in the airline industry (Adapted from [108])

manufacturing industry, a small increase in the price margin may result in huge financial

returns. Some of the important sub-units are listed below:

Hub location problem is considered as a classic optimisation problem. A hub is a large
airport which acts as a transfer point in between the journey. The complexity and
different solution approaches make this problem very interesting to the research
community. The economics of using a smaller number of high capacity aircraft
against a larger number of low capacity aircraft is the core of the hub location
problem. A decision concerned with hub location is a strategic decision taken for
a longer planning horizon. Maximisation of revenue, minimisation of operational

costs and customer satisfaction are also considered in this DMU.
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Fleet planning is a critical step in airline scheduling to decide which aircraft to be
operated between different locations. The general objective of this DMU is to max-
imise revenue with respect to the capacity, demand, and other constraints. Aircraft
procurement and maintenance routing are directly dependent on this. Decisions

horizon is typically in months.

Maintenance routing is necessary to schedule periodic maintenance of aircraft. The
location of the maintenance centre, availability of resources and government/other
agencies and safety requirements are the major constraints considered in this DMU.
The most popular objective is to minimise the overall cost while improving safety

measures. Here also, the decisions are taken for months.

Crew pairing is the process of assigning crew to a specific trip. The aircraft type,
passenger pattern, services offered, schedule and others, are the constraints of this
DMU. It is mostly planned on a monthly basis to minimise the crew cost, subject

to maintaining customer service levels and other labour norms.

Pricing and marketing strategies in the aviation industry inspired to develop many
optimisation models, which use dynamic pricing and competitive marketing. The
airline revenue management model is very complex and sensitive. Due to market
competition, service providers are forced to offer an attractive price range without
heavy profit margins. The objective is to maximise the overall revenue keeping
in mind the constraints on continuity in business, customer satisfaction, quality of

services, and other regulations.

Integrating all airline scheduling problems into a single problem and solving, is very
complex and computationally intractable [95]. Therefore, the common tendency is to
update the existing schedules sequentially based on the feedback from other DMUs.
Papadakos [108] highlights the origin and history of semi-integrated models used in air-
line scheduling. The aim of these models was to achieve better quality results, with the

ultimate goal being to integrate all the stages.

2.1.5 Wine industry

The wine supply chain is complex and fragmented with more distant suppliers and diverse
customers. In most of the cases, different DMUs are owned/ operated by different players,
who might be involved in multiple supply chains. The major DMUs of the wine supply
chain are the grape grower, the wine producer, carriers, harvester operations, and retail-

ers. The coordination based on financial dependency is very strong in the wine supply
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chain. The storage and transport facilities need more investments and planning to process

perishable, raw grapes. Figure 2.7 is a pictorial representation of a wine supply chain.
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Figure 2.7: A pictorial representation of a wine supply chain (Source: GS1 [67])
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Growers are responsible for the selection and production. Sometimes, vineyards are
also operated under lease/partnership. Growers are involved in long term contracts
between wineries and land owners. The decision-making at this level is dependent
on relatively lengthy production cycles (three to five years), the complexity of final

products and the risk of seasonal variability and demand.

Harvesters mainly offer their service to vineyards in harvesting, using specialised equip-
ment and processes, till the grape is ready to be sent to wineries. Harvesters are
third party partners who work for multiple vineyards. Therefore, their scheduling
problem depends on route, the area, the winery schedule, and other priorities. An-
other important constraint is that the same type of grapes needs to be harvested
in the same period, so that they can be processed together. Larger vineyards may

require multiple units of harvesting operators.

Wineries The wine producer is responsible for receiving the grapes and for the produc-
tion, manufacturing and/or blending of wine products. Their production problem
depends on the quantity and quality of the raw grape and market demands. Winer-
ies and Growers must be coordinated for effective production and utilisation of their

products and services.

Carriers play a key role between the three players mentioned above. They also offer
service to multiple and competing players. Other partners’ schedule, demand-supply
flow and others, influence the carriers’ operations. The carriers have a tight time

frame for pick-up and delivery, before deterioration of grapes occurs.

To understand the complexity, Singh et al. [124] explain an instance of the wine supply
chain where the raw materials supply was: over 150000 tonnes of grapes; 35 grape varieties;
over 30 distinct areas; more than 500 growers; around 100 unique wines; and over 3000
harvest units and 100 carriers and others. The ‘uncertainties’ in various stages of the

supply chain play major roles in the undesirable behaviour of supply chain dynamics [129].

The supply network in the previous examples, the auto-mobile manufacturing, the
petroleum, and the coal supply chains are somewhat deterministic because their planning
horizon is longer. However, airline and wine supply chains are highly volatile as they
have to make some decisions for a shorter planning horizon, repeatedly. In some sense,
the DMUs of an airline supply chain are in-house, mostly under a common management.
The DMUs of a coal/petroleum/wine supply chains are generally of the multi-owner type
due to their huge capital investment and geographical constraints. Irrespective of the
structure, the length of the planning horizon, and other factors, coordination is necessary

in these supply chains to improve the performance of their overall and individual DMUs.

21



CHAPTER 2. LITERATURE REVIEW

2.2 Background literature

In the previous section, many industrial examples are presented to understand sup-
ply chain coordination (SCC) problems. In most of the supply chain, DMUs are dis-
tributed and connected through some mechanism. Therefore, decentralised decision mak-
ing (DDM) approaches are preferred over the integrated approach to address SCC prob-

lems. This section presents a summary of relevant literature to develop DDM approaches.

Integration/coordination models were first applied in manufacturing supply chains. Their
successful implementation inspired many other industries to adopt these concepts into
those sectors too. There are many review articles available specifically covering production
distribution coordination models [146, 138, 24, 105]. Some of the relevant literature related

with this thesis are grouped and given below in four sub-sections.

2.2.1 Supply chain coordination

Supply chain coordination has been studied through many mechanisms such as contracts
and quick response-vendor managed inventory [31, 126, 70, 141, 113, 130]. The chapter
written by Cachon [31] on supply chain contracts has been cited more than a thousand
times in reputed refereed journals. It explains six types of contracts—whole sale pric-
ing, buyback, revenue sharing, quantity flexibility, sales rebate and quantity discount
contracts. Toktas-Palut and Ulengin [141] compared supply chain contracts between
suppliers and manufacturer by examining subsidy, transfer pricing and cost sharing. In
general, contract based coordination models are solved in parallel as functions of contract
parameters. These parameters are computed in such a manner to achieve global or Pareto
optimality. Rodriguez-Rodriguez et al. [112] explored a negotiation model applied on a
real business situation to identify and tackle the bottlenecks in a multiple vendor-retailer
supply chain. Chen and Chen [35] analysed the effect of centralisation versus decentral-
isation in a two-echelon supply chain using joint replenishment. The authors conclude
that in terms of cost reduction, a centralized, coordinated replenishment policy is pre-
ferred over decentralized replenishment policy. [11] considered a similar replenishment
problem in the pharmaceutical supply chain. Arshinder et al. [7] review the perspectives
empirical studies and research directions of supply chain coordination (SCC). Since there
is no unique globally accepted definition for SCC, it can be interpreted as a collaborative
working framework for joint planning, development, information and revenue sharing, or
a win/win arrangement that is likely to provide improved business success to all parties.
Stadtler [127] provides a framework and an overview of the state-of-the-art techniques for

collaborative planning. The authors have reviewed ten papers published between 1995 and
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2007, which mainly use exact solutions, decomposition methods, economic order quantity
(EOQ) concepts, contracts and multi-agent models to enable collaboration in the sup-
ply chain. Some of the main characteristics of collaborative models were identified and

discussed in this chapter.

Bahinipati et al. [13] summarise the literature base and development of supply chain
management through various coordination mechanisms and contracts. The review is
mostly focused on buyer-supplier coordination models under different scenarios. The role

and problems of supply chain coordination are summarised as follows.

e Objectives of coordination

Aligning all supply chain decisions to satisfy global system objectives and to

the advantage of every supply chain player

— Improving economic efficiency (profit or utility utilisation) in a decentralised
setting and to bring them closer to those of a centralised setting

— Unification of different decisions of the enterprises and multiple players

— To make sure that the individual player optimises its decisions or appropriate
incentive is provided to accept a sub-optimal solution.

— Reduce the modelling and computational complexity in solving large supply

chain problems

o Effects of lack of coordination

Double marginalisation results in a bullwhip effect

Ineffective utilisation of resources which will leads to lower revenue and profit

Local optimisation produces overall sub-optimal solutions. Sometimes, local

optimisation might end up in a conflicting or gaming situations.

Information inaccuracy or a wrong forecast of input parameters will result in

a incorrect decision making.
e Possible reasons of coordination problems

— Decentralised decision-making due to diversity in the supply network and dis-
tributed DMUs

— Interdependency among players can only be addressed through coordination.

— Multiple objectives, some of them might conflict or be similar.

— Competition between supply networks force the DMUs to coordinate to im-
prove their performance and as well as the overall performance

— Partial information-sharing leads to some gaps in the estimate of input param-

eters and system behaviour.
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Hugos [78] describes some important factors affecting coordination in the context of man-
aging the bullwhip effect. The author has provided an overview on the necessity of global
data synchronisation and an evaluation method, ‘collaborative planning, forecasting, and
replenishment’ (CPFR). The rapid development of information technology and the global
market turns collaboration into one of the most critical factors for global companies.
Hence, the collaboration between different functional units in a supply chain is decisive
in (a) responding to rapid changes in customer needs and (b) increasing the efficiency of
the whole supply chain [81]. The author has used an agent-based collaboration approach
and discussed incomplete information-sharing. In this model, only the cost parameters
are private information, all constraints are public. The global objective of the model is to
meet the customer-demand with minimum cost. Shen et al. [118] explain the applications
of Agent technology in SC integration, SC collaboration and other fields. The author has
provided a comprehensive review of these applications. Also discussed are some key issues
in implementing agent-based manufacturing systems such as agent encapsulation, agent
organisation agent coordination and negotiation, system dynamics, learning, optimisation
security and privacy, tools and standards and future directions. Monostori et al. [103] de-
fine a computational agent as an autonomous, intelligent, interactive and adaptive tool
designed to meet a particular purpose. Multi-agent systems are very useful in a decen-
tralised or a distributed supply chain, where incomplete sources of information are only
available. The scope of agents and the multi-agent system in 3C’s—Coordination, Collab-
oration and Cooperation—are emphasised here. Chiu and Lin [38] presented the concepts
of collaborative agents and artificial neural networks in collaborative SC planning. The
author makes use of the SC network for their analysis. Forget et al. [57] highlight the
necessity of a coordinated supply chain and the role of agents and challenges the con-
ventional straight forward method in highly dynamical situations. Simulation is used
to compare the performances of multi-behaviour planning agents, explained with a case
study. A special issue on ‘Operations Research and Accounting in Supply Chain Coordina-
tion” of OR Spectrum [9] includes articles on the principal-agent problems, risk-incentive

trade-offs and dynamic contracting problem in continuous time.

2.2.2 Mathematical models

Integration/coordination models were first applied in manufacturing supply chains. Their
successful implementation inspired many other industries to adopt these concepts into
those sectors too. Many review articles are available, specifically covering coordinated
production-distribution models (see, for example, [146, 138, 24, 105]). An invited re-
view on mathematical programming models for supply chain production and transport

planning [105] classifies models based on performance and novelty measures. The au-
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thors pointed out some of the gaps that exist in the literature, such as simultaneously
optimising transport and production planning, supply chain collaboration, comparison
of centralised and decentralised planning and the necessity of recent solution approaches
such as multi-objective programming, fuzzy programming, heuristics and meta heuris-
tics hybrid models. Maravelias and Sung [99] review some of the modelling approaches
and solution strategies used in integrated production planning and scheduling. This pa-
per highlights the latest trends and advances in this area. The authors discussed three
solution approaches—hierarchical, iterative and full-space—to solve the integrated pro-
duction scheduling problems. Steadily increasing computational power and improving
decomposition methods bring many more opportunities. However, the authors assumed
that the models are built when complete information is available or when all the models
are controlled by a single decision-maker. Manne [98] used linear programming to solve a
multi-item scheduling problem in the petroleum industry, approximately. The author has
used many simplifying assumptions to create an integrated model. Lasdon and Terjung
[89] proposed an alternative approach using the column generation approach and solved
it effectively. Gnoni et al. [62] considered a multi-site, multi-product and multi-period
lot sizing and scheduling problem from automotive industry and solved it using a hybrid

modelling which combines MILP model and a simulation model.

Dempe [50] introduced the concept of bi-level programming. In this approach, decisions
are made hierarchically in two levels, without any direct dependency. The multi-level
programming concepts are getting popular in solving supply chain problems [131]. Anan-
dalingam [6] proposes a mathematical programming model of decentralized multi-level
systems. In this system, decisions at various levels are taken as Leader-Follower game.
Abdelaziz and Mejri [2] discuss a decentralised bi-level model for shared inventory man-
agement. Bracken and McGill [27] introduces hierarchical optimisation as a generalisation
of mathematical programming, where a series of optimisation problems are solved in a
predetermined sequence. In this, independent decision-makers are looked at separately
and in a hierarchical manner. It helps to reduce the size of the problem and the complexity
of the integrated model. The application of decomposed hierarchical optimisation tech-
niques extends to job-shop scheduling problems [28, 156], resource constrained scheduling
problems [72, 85], and manufacturing problems [48, 53, 139, 151]. Pochet and Wolsey [111]
discuss different production planning models and MIP formulations. The authors suggest

many practical reformulation techniques and polyhedral results to strengthen the model.

Table 2.1 lists some of the coordination models from the literature and summarise their
properties. It is not an exhaustive list. However, it is provided to show the wide coverage

and different decision-making models for the supply chain coordination.
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2.2.3 Decomposition methods

Integrated models are often solved using decomposition techniques such as Lagrangian
relaxation, column generation and Benders decomposition. The books by Bertsekas [20],
Wolsey and Nemhauser [150] and Conejo et al. [43] can be referred to for a quick theoretical
foundation of different decomposition techniques. Most of these decomposition algorithms
make use of the primal-dual relationship in computing the multipliers. The vast literature

available on this topic highlights its advantages and practical applications.

Bender’s decomposition [19] and Dantzig-Wolfe decomposition [45] were proposed in the
early 1960’s. Both these methods have similar iterative structure and cut generation
format. Over iterations, Benders’ decomposition adds new constraints while the Dantzig-
Wolfe decomposition adds columns. A popularly used technique, Lagrangian relaxation,
is developed based on the decomposition of dual prices. LR and its applications drew the
attention of researchers in the 1970’s and 80’s (see [60, 61, 55]) itself. At present, there
are many variants, generalisation and improvements developed on these decomposition
methods [132, 43, 51, 79, 96, 90]. Bassett et al. [16] studied large scale scheduling prob-
lems from the chemical-processing industry. The author has proposed a time-, resource-
and task-unit based decomposition strategies to solve the problem efficiently. Osman and
Demirli [107] considered a safety stock placement problem of multi-stage supply chains.
The authors found that a centralised policy solved with Bender’s decomposition has bet-
ter performance over a decentralised policy. We have used some of these concepts in
later chapters. Relevant details and corresponding literature are provided, wherever it is

necessary, along with the implementation.

Decomposition approaches could handle the complexity of planning and scheduling
problems (see [147]). Decomposed optimisation techniques have been extended to
job-shop scheduling problems (see [28], [156]), resource constrained scheduling problems
(RCSP) (see [72], [85]) and manufacturing problems (see [151], [53], [139]). Column
generation (CG) methods have been incorporated along with the DWD to successfully
solve many problems such as the cutting-stock problem, vehicle routing problem, crew
scheduling problem, p-median problem, and graph colouring problem (see [23], [96],
[143]). Choi and Tcha [39] proposed a CG approach to address a heterogeneous-fleet
vehicle routing problem. Capone et al. [32] compare two variants of CG schemes
developed for a resource allocation problem in wireless mesh networks. Given the
inherent complexity of distributed decision-making problems, decomposition methods

can be employed to solve these problems.
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2.2.4 Decentralised decision-making

There are many articles comparing the decentralised and centralised modelling approaches
[114, 116, 141, 117, 3, 107]. It is intuitive that a centralised model produces better results
than those obtained from decentralised approaches. Centralised models are built on many
assumptions [130]. Most of the articles comparing these two modelling approaches ignore
the impact of the underlying assumptions and their practical difficulties, when it comes
to implementing either of the approaches. From the literature and our own experience,
we conclude that the major assumptions of centralised modelling are: (i) complete in-
formation sharing is available between the DMUs, (i) it is possible to develop a single
mathematical programming model and that the model is solvable, (ii7) the complexity
and size of the model is manageable/tractable, (iv) multiple objectives of different DMUs
can be combined to make a global objective, and (v) the loss borne by a single DMU (so
as to improve the overall supply chain’s objective will be acceptable to all other DMUs.
In reality, each of these assumptions are practically impossible to enforce. Therefore, it
is necessary to explore the decentralised optimisation of SCs. Decentralised approaches
may not provide globally optimal solutions, but will offer solutions that are close to the
optimal which can be generated in a reasonable amount of time. Moreover, these solutions

that are obtained through a decentralised approach may be more acceptable to each of

the DMUs.

Belavina and Girotra [18] discuss the benefits of decentralised decision-making. In this
article, coordination is achieved through price contracts. The discussion is mainly about
the price and the quantity of the material transferred in an N-tier supply chain. Arshinder
et al. [8] provide an extensive review of supply chain coordination. The authors discuss
different coordination mechanisms, conflicts and classifications. Their view on popular

features are summarised in Table 2.2.

Table 2.2: A summary of different coordination mechanisms and their features

coordination mechanisms coordination problems performance measures

e information-sharing e mismatch in goals e inventory level /cost

e contracts e mismatch in timing e overall costs/profits

e joint decision-making e independent cost calculation e service level

e joint cost consideration e conflict in batch size e operational performance
e integrating role e increase of cost and inventory e cycle/lead time,

lateness/earliness

Buyback contracts and other quantity discounts are very useful in producer-retailer sup-
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ply chains. However, in a producer-distributor supply chain, the producer needs to use
some of the resources managed by the distributor/resource manager; it is irreversible.
Another major difference is that the core decision to be made in production is regarding
the quantity, and in distribution it is regarding resource utilisation. Both of these are
measured and costed differently. Hence, coordination in producer-distributor SC is more

challenging than that in a producer-retailer supply chain.

2.2.5 Information sharing

The technology has changed over the years to consider everything related with the SC
as an information (for example, decisions, parameters, constrains). Due to the growing
awareness and concerns on information access, supply chains have to consider information
as a building block in designing better coordination [153, 47, 59]. Ganesh et al. [59] states
“Information sharing is viewed as one of the key elements for successful supply chain
management and coordination”. The authors discussed the value of information-sharing
in a multi-level, multi-product supply chain. A regression model, and theoretical insights
were presented to highlight the impact of product substitution on the value of information-

sharing.

We find a number of articles from the literature discussing different aspects of
information-sharing for different applications (see [70, 154, 34, 41, 113]).  For
example, Ganesh et al. [59] consider the value of information-sharing in a multi-level,
multi-product supply chain. Ha and Tong [70] analyse contracts and their influence on
the value of information-sharing in a manufacturer-retailer supply chain. The authors
modelled the problem as a two-stage information-sharing game, where investment
decisions are taken in the first stage and the order quantity is decided through
contracts in the second stage. The authors have discussed equilibrium concepts and
a dominant strategy of the game. Zhou and Benton-Jr. [154] investigated the role of
information-sharing and the supply chain practice using data from 125 North American
manufacturing firms. The authors state that both features have a significant impact on

a good supply chain.

Chu and Lee [41] and Chen et al. [34] discuss the role of information-sharing in supply
chains. Chu and Lee [41] considered a retailer-vendor supply chain and modelled the
coordination using a Bayesian game. Ryu et al. [113] studied a strategic supply chain co-
ordination scheme under a cloud computing environment. The authors developed methods
to bargain for contracts at an operational level and modified them to control some deci-
sions at the tactical level too. Taghipour and Frayret [130] discuss different coordination

techniques to achieve coordination in a decentralised SC. The authors have considered
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a distributed heuristic search, supported by a negotiation and an incentive structure to
ensure mutual benefits and adjustments in production planning. A comparison of the cen-
tralised approach and the proposed approach, based on the computational experiment,

shows that the negotiation-based model can produce close-to-optimal solutions.

Kovacs et al. [87] developed four different computational approaches, namely (i) decom-
position, (ii) integrated, (iii) coordinated and (iv) bilevel, to analyse a two-stage lot sizing
problem. The authors considered the impact of autonomy, information asymmetry and
conflicting objectives in the decision making. One of their key observation is that the clas-
sical integrated approach is limited to a single owner/full information sharing supply chain
and coordination approach may bring comparable savings for decentralised multi-party

supply chain.

Huang et al. [77] reviewed more than a hundred publications on the information-sharing
and its impact on supply chain dynamics. The author states that the information-sharing
is significant in reducing the bullwhip effect and the supply chain costs. Few guidelines
and classification on information and its influence are also provided. The article closes
by highlighting the necessity to carry forward the investigations at different levels and
pointing a few future directions. Hall and Saygin [71] analysed the effect of information-
sharing in a supply chain using simulation. They considered the effect of three factors
capacity tightness, resource reliability, and information-sharing on on-time delivery rate
and total costs. The authors concludes that the “it may be more feasible to introduce
additional flexibility instead of solely focusing on information-sharing capability as a co-

ordination tool”.

Quantifying the impact of information in a supply chain is non-trivial [91]. Some in-
formation may only have short term impact while some other piece of information may
have direct or indirect long term impacts [86]. The same information could yield dif-
ferent benefits in different supply chains. Davis et al. [47] quantified the value of in-
formation as the relative reduction in a specified performance measure between the no-
information-sharing and information-sharing cases. A similar relative measure is used in
Yu et al. [153], Ganesh et al. [59] also. Game theoretic concepts like Shapley Value and

core can also be explored further to quantify the value of information-sharing [106].

The medium through which information is shared between players has also changed signif-
icantly over the years. Traditionally much of the information that was shared was through
the medium of paper (with appropriate signatures to ensure delegated authorities share
the information that was required). More recently, information is shared through the
medium of fax, email, internet programs and telephone. Sometimes satellite communica-

tion devices have also been used for information-sharing [119]. The growth in the use of
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the internet has also allowed the supply chain to share information among players.

Table 2.3 highlights the relevance of the articles cited in this thesis with respect to the

key areas discussed above.

Table 2.3: Relevance of the literature to the key areas

Article SC Coordination|Math. models|Decomposition|Info. Sharing|Decentralised
Abdelaziz and Mejri [2] - v v - v
Abdul-Jalbar et al. [3] v - - v -
Amor et al. [5] - v - -

SNEEN

Anandalingam [6] -
Arshinder et al. 7]
Arya et al. [9]

Atamtiirk [10] -
Baboli et al. [11]
Bahiense et al. [12] -
Bahinipati et al. [13] v - - - _
Barahona and Anbil [14] -
Bard and Nananukul [15] -
Bassett et al. [16] -
Bastert et al. [17] -

ANEEN
ANEENEEN

| |

| |

| N

NN N
SSIRN

|

|

|

|

|
N

Belavina and Girotra [18] -
Benders [19] -
Borndorfer et al. [23] -
Boudia [24] v
Boudia and Prins [25] -
Bracken and McGill [27] -
Brandimarte and Calderini [28] -
Brucker et al. [30] -
Capone et al. [32] -
Chandra and Fisher [33] v
Chen et al. [34] -
Chen and Simchi-Levi [36] -
Chen and Chen [35] v v -
Chien [37] -
Chiu and Lin [38] v
Choi and Tcha [39] -
Chu and Lee [41] v - -
Clifton et al. [42] - - —
Cordeau et al. [44] -
Dantzig and Wolfe [45] -
Datta and Christopher [46]
Davis et al. [47]

Dehayem Nodem et al. [48] -
Delavar et al. [49] v
Dhaenens-Flipo [52] -
Ebadian et al. [53] -
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|
|
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Erenguc et al. [54] -
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Article SC Coordination|Math. models|Decomposition|Info. Sharing|Decentralised

Fisher [55] - v v - -
Fisher [56] - v v - -
Forget et al. [57]

SNERN

Fumero and Vercellis [58]
Ganesh et al. [59] - - - v -
Geoffrion and Graves [61] - v

Gnoni et al. [62] v v - - -
Goyal and Deshmukh [64] - v

Grossmann [65]
Grossmann and Biegler [66]
Guignard [68] -
Guyon et al. [69] -
Ha and Tong [70] - - -
Hall and Saygin [71] - - -
Hans et al. [72] -
Hagq et al. [73] -
Hartmann and Briskorn [74] -
Heydenreich et al. [75] -
Hohn [76] v - - - -
Huang et al. [77] - - - v -
Jung and Jeong [81] - - -
Kaminsky and Simchi-Levi [82] - - -
Kanyalkar and Adil [83] - v

Kazemi et al. [84] - v - - -
Kelly and Zyngier [85] - v

Kim [86]

Kovécs et al. [87]
Lambert and Cooper [88]
Lasdon and Terjung [89] v

Lee and Park [90] - v

Lei et al. [92] - v - - -
Lohatepanont and Barnhart [95] - v

Liibbecke and Desrosiers [96] - v

Mabert and Venkataramanan [97) v

Manne [98] v v - - -
Maravelias and Sung [99] v

Marler and Arora [100] - v - - -
Marston et al. [101] -
Mason [102] -
Monostori et al. [103] -
Moon et al. [104] -
Mula et al. [105] -
Osman and Demirli [107] -
Papadakos [108] -
Park [109] -
Pessoa et al. [110] -
Rodriguez-Rodriguez et al. [112] v
Ryu et al. [113]
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Article SC Coordination|Math. models|Decomposition|Info. Sharing|Decentralised

Sarmiento and Nagi [115] v
Selim et al. [116] v
Shah et al. [117] -
Shen et al. [118]

- v

ANEENEENEEN

SNERN

Simatupang and Sridharan [119]
Singh and Ernst [120] -
Singh and O’Keefe [121] -
Singh and Weiskircher [122] -
Singh and Weiskircher [123] -
Singh et al. [125] -
Stadtler [127] v
Steinrticke [128] -

NN

Swaminathan et al. [129] -
Taghipour and Frayret [130] v
Thomas et al. [134] -
Thomas et al. [137]

Thomas et al. [135] - -
Thomas et al. [136]

Thomas and Griffin [138] v -
Timm and Blecken [139] - v v - -
Toktas-Palut and Ulengin [141] v

Varma et al. [144] v - - - -
Vidal and Goetschalckx [146] v

Wang et al. [147] -
Wedelin [148] -
Wentges [149] -

NN

SNEEN
|
|

Wu and Ierapetritou [151] -
Wu et al. [152] - -
Yu et al. [153] - -
Zhou and Benton-Jr. [154] - -
Zissis and Lekkas [155] - -
Zribi et al. [156] - v v - -

As seen in Table 2.3, only Kovécs et al. [87] covers all key areas, except decentralisation.
The author has explored coordination in inventory control problems using decomposi-
tion techniques. The authors observe that full information sharing and a well developed
coordination approach can achieve significant benefits in a decentralised supply chain.
Nevertheless, the supply chain coordination problem considered in this thesis is very
large and complex with multiple players and has very little similarity with the two-stage

lot-sizing problem discussed in [87].

In our literature survey, we found only a small number of articles which discuss the decen-
tralisation, information sharing and supply chain coordination being considered together

in arriving at decisions in complex, multi-partner supply chains. This demonstrates a
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significant gap in the literature. We ascertain, therefore, that there is a need to analyse
the role and the impact that information sharing and coordination have in a decentralised,

multi-party supply chain.

2.2.6 Main gaps in the literature

Even though there are separate attempts to address decentralised decision making, supply
chain coordination and information sharing; to our best knowledge, the literature does
not cover all these aspects together. Application of mathematical decomposition for
decentralised decision making is also an under studied research area. The growth in
the use of the Internet and advancements in technology allowed us to use distributed
computing facilities. However, there are security and privacy concerns with the use of
distributed computing environments for information sharing and coordination. We could
not find any significant industrial case study comparing different modelling approaches or
any coordination mechanism which uses the value of information sharing. Considering all
these gaps, we developed a decentralised framework of decision-making for a multi-party

supply chain and demonstrated it using a coal supply chain.

2.3 Summary

This chapter demonstrates some examples of supply chain coordination. The decision
making units in each of these examples are interconnected. Based the properties of supply
network and its distributed DMUs, new decomposed and decentralised decision making
approaches are proposed to solve SCC problems. Background literature related the supply
chain coordination, modelling approaches, decomposition and information-sharing are also
summarised. In the next chapter, we propose a classification of coordination models and

methodology based on the available literature.
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Chapter 3

Supply Chain Coordination Models

In this chapter, we propose a new classification of supply chain coordination (SCC) models
for general supply chains. This thesis considers a multi-resource constrained scheduling
problem which involves a set of producers and a group of resource managers. We suggest
different modelling approaches to solve such kind of problems. A coal supply chain is
taken as example to illustrate the coordination problems with a single shared resource
and two shared resources and their solution approaches. The coordination problems which
have a similar structure are abstracted into a generic problem, and is presented with its

mathematical representation.

3.1 Classification of supply chain coordination models

It is sometimes necessary to adopt integrated approaches to arrive at coordinated opera-
tional decisions in supply chains. However, as supply chains become globally distributed
and where there is an external resource provider, who also provides resources to several
other competitors, coordinated operational decisions become harder to achieve through
a single decision model. The decision model of supply chains where the decisions are
taken by a single decision maker is referred to as centralised or integrated [76] decision
model. In such models, we have a single enterprise with many smaller decision-making
units (DMUs). The result is that it is possible to achieve integrated (or centralised)
decision-making reasonably easily. Note that integration is possible across multiple levels
(or, layers) of a supply chain. Here we only consider operational decision-making levels.
However, integrated (operational) decision-making is more difficult in today’s global enter-
prise models, which are more complex in their structure than traditional, single-enterprise,

organisational models.

Some parts of this chapter were presented in ICSEM-2011 [133]
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In today’s large distributed SCs, there are typically two main models of operations:

MOM multi-operator model: ~ There are many independent decision-making units

(DMUs), each owned and operated by a separate player.

SOM single-operator model: The large supply chain that contains a plethora of

independent—yet wholly owned—decision-making units.

In both MOM and SOM, we face the need for centralised and/or integrated decision-
making. Moreover, in MOM, the players/partners offer services to other competitors too.
Further, each of the players will need to (and want to) optimise their own processes to
maximise their own profits, subject to, naturally, satisfying their service level agreements
with each of the players that they offer a service to. Not all of the information that the
player has in its possession can (or will) be shared with all other supply chains that the
player provides a service to. Similarly, not all information that is available (to all the
competitors that the player provides services to), will be available to all players in such

supply networks.

Hence, under both MOM and SOM, there is a substantial need for newer optimisation
models that are able to provide good/satisfactory operational decisions and solutions to

all the players in the supply network.

Initial attempts at supply chain coordination in the literature mainly focused on single
operator models (SOMs). However, these models are becoming increasingly irrelevant in
today’s MOM operations. Thus, newer decision modelling approaches are needed for the

modern supply chain.

An example from the manufacturing industry may be considered, where there are units
(either under MOM or SOM) that undertake production, distribution, procurement and
inventory /warehousing operations. Such supply chains may consist of many levels, where
each level contains a decision-making unit (under MOM or SOM). There are a plethora
of research articles on integrated models, especially, in such manufacturing supply chains
(see, for example, [138, 146, 115, 13, 105]), where two/three-level coordination is of-

ten used.

However, the studies mentioned above include many assumptions and practical difficulties
that render them inapplicable in MOMs. For example, players operate independently of
the many supply chains that that may provide services to. Players/partners may operate
in vastly different geographies, and serve other independent entities as well. Further,
independent DMUs often deal with confidential competitive information that may not be

shared with the supply chains that they provide services to. Also, each decision-making
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unit attempts to optimise its own operation and hence, may not be able to share fully, all

the information with the many partner organisations.

The above complications are not necessarily present in SOMs where the parent entity
owns each of the smaller DMUs—whether they operate a two/three-level coordination
model or not. Hence, new studies are required to handle decision-making in integrated

models where players operate through service contracts to many large parent entities.

Even in SOMs where all competitive information is completely known and available, it
is not often practical or possible to form a single/large centralised model to solve the
variety of decision problems that arise. The scale of such problems is just too large for
optimal solutions to be derived easily. This problem is, of course, further exacerbated
in integrated models where, apart from the scale complexity we also face the issue of

decentralisation of data.

Therefore there is a need for decentralised decision models, particularly in MOMs (but
also in SOMs), in which there is a strong emphasis on coordination and collaboration.

We formally define two ways of integrated decision-making,

CDM centralised decision-making where decisions are made by a single model.

DDM decentralised decision-making where decisions are made by different models. It

can be termed as distributed decision-making also.

Figure 3.1 provides a representation of the decision-making models and the supply chain-
relationship environment that they may be used in.

Other External DMUs Other External DMUs

E
N %

T

.

P

R DMU- (n-1) DMU-n

|

s

E ﬂ

Enterprise

(a) Decentralised (b) Centralised

Figure 3.1: Decision making models

In decentralised supply chains, there are multiple operators with their own decision-

making units. These DMUs need not be identical or share similar objectives. Information-
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sharing and coordination are necessary in such supply chains to improve the overall per-
formance and to avoid unnecessary risks and buffers. Decentralised models have the

following key characteristics:

(i) many stakeholders and players who may be geographically distributed;
(i) players with conflicting objectives;

(iii) the presence of information asymmetry amongst players in the modelling and oper-

ational framework;

(iv) a negotiation mechanism that allows players to arrive at a decentralised solution

that is, in some sense, optimal for all players [7, 116, 114, 112, 130].

Table 3.1 is a representation of how the above decision models operate within the opera-
tional models (SOM or MOM) that supply chains may adopt. The table does not imply
that the availability of models corresponding to any combination is directly proportional
to scale. For example, MOM-DDM combination is frequently observed in modern sup-
ply chains. However, the mathematical models to handle this particular combination are
very less compared to the number of models available for the SOM-CDM combination.
The v'mark in Table 3.1 represents the chances of observing such combinations in reality.
MOM-DDM problems are very commonly seen in almost all industries. If there are mul-
tiple independent operators, then the centralised decision making is not possible and vice
versa (hence this is indicated by a ‘X’ in Table 3.1). Therefore, in this thesis, we propose

solution approaches for all combinations, except for MOM-CDM combination.

Table 3.1: Combinations of operational and decision models

Decision Making

Operational Centralised (CDM) Decentralised (DDM)
Single-operator (SOM) v v
Multi-operator (MOM) X vV

While decentralised decision-making models (DDMs) are applicable in both SOM as well
as MOM operational models, CDMs are usually impractical in multi-operator operational
models. This is because of issues of ownership, control and lack of perfect /full information.
It has been pointed out in [105] that a comparison of the performance and use of both
decision models is an under-explored area. The focus of our work, therefore, is strongly
on the DDMs and the factors which influence them.

A round-the-clock supply chain might prefer a close-to-optimal solution in a reasonable

time rather than an optimal solution after long hours. In most of the scheduling problems,
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the operator has to make the decision just before the planning horizon starts. In such
situations, it might not be feasible to run a bigger and complex model. In the next section,
we propose and develop an iterative-feedback solution approach to solve the integrated
problem, which uses partial information-sharing and exhibits manageable computational

complexity.

3.2 Modelling approaches

As we see in the literature, there are attempts to solve similar problems with many
modelling approaches. Based on the classification, we restrict our study in the following

three classes.

An integrated model is a single decision-making model which includes all the con-
straints and objectives of all DM Us. We assume here that these are known, although
this is often not the case in complex, multi-party supply chains. This can be mod-
elled using an optimisation program (say) and solved using commercial solvers. Due
to their size and complexity, integrated models are more difficult to handle when
compared to the smaller sub-problems that could be formed and considered for each

of the DMUs. Moreover, such a model requires complete information-sharing.

Decomposed models allow us to split the integrated model into easily-solvable sub-
problems. There are many popular decomposition techniques such as the Lagrangian
relaxation (LR) and the Column generation (CG). The traditional implementation
of these algorithms involves a central player/coordinator to update the bounds and

the multipliers.

Decentralised models are inspired from the decomposed models which do not have any
centralised player. The bounds are updated using decentralised methods. Com-
pared to the previous approaches, the decentralised model requires only minimal
information-sharing. The quality of solutions may not be good as compared to the

solutions from the decomposed models.

Solutions from all these methods should not be compared based on the cost. The level
of information needed for each model is not the same. The problem size and complexity
are also different. A global supply chain consists of many independent decision-making
units (DMUs) in different geographical locations and are ‘naturally’ decentralised in na-
ture. The integration of decisions, other than being unrealistic, also makes the model
too complex and large to solve efficiently. Therefore, it is important to study different
modelling approaches and solution methods. The concern and awareness regarding in-

formation privacy and integrity are also growing. Hence, the challenges in SCC such
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as information-sharing, data security, real time synchronisation and the like, also should
be addressed. Kovécs et al. [87] recommend the use of decentralised decision making and
a suitable coordination mechanism in a multi-party supply chain, with due consideration

to information sharing, conflicting objectives and autonomy of the partners.

In this thesis, the integrated model (IM) is used as a hypothetical best alternative to
benchmark the decomposed and decentralised approaches. Through the decomposed and
decentralised methods we aim to achieve reasonably better solutions compared to the
solutions from the “ideal” IM with minimal information sharing, and we compare their

solutions.

The combinations of models represented in Table 3.1 are solved using different modelling
techniques and solution approaches. This means that based on information availability
and the SC structure, we need to customise our approaches. We suggest the following

approaches to tackle different combinations of models in Table 3.1.

Table 3.2: Different modelling approaches for the models shown in Table 3.1

Decision Making

Operational Centralised (CDM)  Decentralised (DDM)

Single-operator (SOM)  Integrated approach  Decomposed approaches -
LR (Chapter 4) and CG (Chapter 5)

Multi-operator (MOM) Not applicable Decentralised approaches -
LR (Chapter 6) and CG (Chapter 7)

Figure 3.2 shows the flow of the thesis, which address the supply chain coordination
using different modelling approaches. It also shows the transition from the integrated
approach to the decentralised approaches using decomposition techniques. We have devel-
oped two decomposition approaches (see Chapter 4 and Chapter 5) and two decentralised

approaches (see Chapter 6 and Chapter 7) in this thesis.

3.3 Coordinated scheduling in coal supply chains

The modern coal supply chain is a prime example of an application area where coordina-
tion models are quite effective. From a situation in the past where a single operator would
normally own the entire coal supply chain, through a process of divesting in a non-core

business, today, different supply chains own different parts of the coal supply chain.
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CHAPTER 3. SUPPLY CHAIN COORDINATION MODELS

The main players in this supply chain are mines and mining units, ports, rail operators,
track owners and terminal. Coal normally ends up at the terminals or ports where it is
loaded onto ships that set sail to their destination markets. Coal, which is mined at the
various mines located at hinterlands, is usually transported by rail, (a small percentage

is transported by road too), subject to track and train availability.

Each player in the supply chain has some control over (only) certain parts of the sup-
ply chain. For example, mines have control over their production rates and production
capacities, which then determine the amount of coal that will be mined. Rail operators
decide how many trains will be sent to each mine. The track authority provides and
maintains the tracks that the trains use. The port operators control all operations within
the port. The terminal decides which ship to load—when and from which coal stockpile.
While some of the information (capacities, rates)—are known to all players in this supply
network, not all information is completely shared. The result is a complex network of
mines and port(s) connected by a network of track in which coal-movement logistics is

facilitated by a rail operator.

This results in a need for coordinated production planning and logistics scheduling for coal
SCs. Initially, we examine a coordination problem of multiple production units (mines)
and a common resource manager (a rail operator) motivated by the coal supply chain of
Australia. Later this is extended with one more resource manager (a terminal). The rail
operator and the terminal are common resources shared amongst all the mines. Note that,

the mines belong to different mining companies and operate independently of each other.

This problem is partially extended from the resource constraint scheduling problem pro-
posed in [120] and [123]. The authors looked at a special case of resource constrained
scheduling where there are multiple processors who want to execute jobs that each need
a certain amount of an additional resource. A limited amount of this resource is provided
by the central resource manager. Resource constrained scheduling problems have been
the subject of research for more than 40 years. One of the first publications that used the
term was the PhD thesis of Johnson [80]. A comprehensive survey of models and solution
methods can be found in [30]. By considering the rail operator and the terminal as com-
mon resources, our coordination problem can be viewed as a multi-resource constrained

scheduling problem.

Here, we consider only one terminal (port), one common rail operator and multiple mines,
noting that a subset of these mines may be owned by a single mining unit. Usually, each
mine (or mining unit) has long-term contracts with external buyers of coal. Based on
these contracts and based on an expected shipping schedule, the mines are able to enter

into shorter term contracts with the port/terminal based on the ships that are expected to
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3.3. COORDINATED SCHEDULING IN COAL SUPPLY CHAINS

arrive at the port within a planning period. The terminal computes the demand for each
mine, based on coal type, ship arrival dates and priorities and passes these on to mines
as a pair of due-dates and quantities. Therefore, within a planning period, based on the
number of shipments expected and based on the total parcels that are needed, the mines
may receive more than one set of requests (due-date and quantity) from the terminal.
Note here, that the terminal is an independent operator and supplies such requests to all
the mines that it services. Moreover, the mines do not know the set of requests that other

mines receive.

The rail operator is another independent service provider. They too have contractual
obligations with all the mines, to rail a certain amount of cargo within each planning
horizon. Based on the amount of cargo moved, each rail operator makes a certain profit.
The rail operator has a pool of trains which are categorised into different classes depending
on train capacity. The rail operator, who links all the mines, often acts a coordinator to

schedule the mines’ production.

The terminal knows the order quantity from the ship and the expected date of arrival.
On the basis of ship orders and past experience, the ship orders are split into smaller
mine-orders. The terminal is a resource manager like the rail operator which connects
all the mines. On the basis of actual coal delivery, the terminal is expected to prepare a

loading schedule for the ship.

Figure 3.3 depicts a typical coal supply chain. M1, M2, ... represent independent mining
units, which consist of multiple mines. For simplicity, hereafter, we use the word ‘mine’

to refer the corresponding mining unit. Each mine has no information about other mines

Rail operator

UIUEN

bbb
® G 06

Figure 3.3: Schematic diagram of a coal supply network

and has partial information about the rail operator. At the same time, the rail operator

does not know the details of each mine’s costs or production capacity.

When each mine carries out production planning at the beginning of the planning period,

it does not care about the specific trains that will arrive to take the mined coal away to the
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terminal—simply because such information cannot be determined at that time. However,
at the production planning stage, each mine considers a train class (or, capacity) that it
requires at various points in time in the planning horizon—this would be typically based
on the ‘requests’ received from the port operator. At this stage, the rail operator merely
announces/posts the different classes of trains that it will provide and the properties of
these classes (mainly, speed and haulage capacity). At this stage, there is no information
available on the actual number of trains of each class or the number of mines with whom
the rail operator has contracts with—this information is not shared. Similarly, each mine’s
production capacity, long-term shipping contracts, port-requests and production costs are

only known to the individual mines.

Each train (class) has specific properties such as journey time, loading time and load/ca-
pacity. The travelling time depends on the location of the mine and the train class. Each
train trip has four stages: (a) empty travel from garage to mine, (b) loading at the mine,
(¢) transit from mine to terminal with the full train-load of coal, and (d) unloading at the
terminal and return journey to the garage. Since this is a planning model, we do not, in
our approach, allow for waiting time or queuing time between stages or during any stage.
If a train is idle and un-utilised, it can only be because there is no job that requires the
train. If this is the case, we assume that the train stays idle at the garage. Initially, we
assume that the terminal has sufficient parking space and inventory holding space and so,

the focus will be on the mines and the rail operator.

Some of important assumptions taken in thesis are listed below.

1. It is assumed that all trains are fully loaded at the mines. Partial loading or mixing
loads from different mines are not permitted due to operational reasons. For exam-
ple, in Australia, mine sites can be almost 400kms* away from the ports. Distances
between mines and terminals are vast, coal trains are two to four kilometres long,
and the transport of material requires excessive labour and fuel costs. Therefore, in

practical instances, ‘partially-loaded’ trains are extremely rare.

2. Track and rail operator are one and the same. We assume that the track layout is

sufficient to allow overtaking and passing. Track maintenance is also not considered.

3. There is no break allowed in between the train journey. Once it starts from the
garage, it will go to a mine, loads, travel back to the terminal, unload and comes to

the garage.

4. Every order received at the mines has to be satisfied before the due-date of next

order. In other words, at most only one order can be delayed for any mine at any

*https://www.hvcee.com.au/AboutUs visited on 18-Jan-2014.
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time since the ships cannot be delayed too much.
5. The mines do not interact with each other.

6. The terminal receives a set of orders from the ship. Based on these ship-orders,
the terminal computes and conveys the production orders to the mines. Once these

orders are placed, alterations or cancellations are not allowed.
7. No stochasticity in the supply chain.

8. No fixed cost for any of the operators. The variable costs are considered in the

objectives.

9. The basic time unit is an hour and the planning horizon is typically a week. This
assumption is taken only for the random instances used for the computational ex-

periment.

10. We assume that the DMUs in the supply network are truthful. Whatever the in-
formation they share is true. In a decentralised environment, DMUs might not be
share the complete information. Even in that case, they will not broadcast any false

information.

We refer to a model involving a set of independent mines and a common rail operator as
a two-party model. If the terminal is also considered along with the mines and the rail
operator then it is referred as a three-party model. Equivalently, in a two-party model,
a set of independent producers are linked with a shared resource and in the three-party

case, these producers are linked with two shared resources.

We have tried to explore similar coordination problems in India. However, Indian Railway
is the only rail service operates in India. They do not have a dedicated network for freight
movement. They operate it along with their passenger segment. Hence the scenarios are
completely different in India and Australia. However, the proposed approaches can be
tested on a multiple producer-distributor supply chain in India or abroad. Due to time

limitation, we have not included in this thesis.

3.3.1 Two-party coal supply chains

Table 3.3 summarises the information-sharing between the mines and the rail operator in
a two-party model. There is no explicit information-sharing between the mines; however,

they can infer it through the common rail operator.
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Table 3.3: Information availability in a two-party coal supply chain

Information Individual Mine Rail operator
Production capacity Yes No
Holding and Demurrage costs Yes No
Demand at terminal Yes No
Train (class) capacity Yes Yes
Journey time Yes Yes
Number of trains No Yes
Number of mines No Yes
Running cost No Yes
Tardiness/Idle time costs No Yes

The production scheduling model for each mine will include constraints such as inventory
balancing, production capacity and demand request satisfaction. Backlogs are not per-
mitted at the mines. In other words, we assume that the full train quantity has to be
present and available at the mine prior to the loading of a train. It is assumed, therefore,
that a request for a train is made only when there is enough coal ready for railing at the

mine. Partial train-loads and incomplete orders are not allowed.

It is possible for the mines to over-produce. Such over-production is penalised through
inventory holding costs per unit of coal applied at the mine. Similarly, it is possible for
the mines to over-rail coal into the terminal in order to meet requests ahead of time.
Such over-railing is penalised through the application of inventory holding costs per unit
of coal at the terminal too. Finally, and most importantly perhaps, late delivery and late
satisfaction of a request at the terminal is penalised. Such late deliveries imply that a
ship is waiting in the terminal /port without sufficient coal being available. This attracts
a demurrage cost. Note that demurrage cost is a fixed cost that is applied for the whole
order, irrespective of the amount of coal that a shipment is short by. However, all other

holding costs are computed based on the quantity of coal.

It is conceivable that a centralised model may be applicable in such an environment. Such
a model would have multiple objectives such as minimising total costs for mines and/or
minimising the total tardiness (or idle time) of trains. Such models are invariably com-
plex and intractable because of the sheer scale of problems—in terms of variables and
constraints. The complexity of the integration process, sometimes forces researchers to
use heuristic or meta-heuristic approaches to solve the resulting centralised optimisation

problem (see [24, 25, 49, 74]). However, as explained before, given the variety and com-
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plexity of the operational scenario, we have to apply a coordinated modelling approach

in this case.

In such a coordinated modelling approach, each mine optimises its individual production
plan and creates a schedule of train classes at different times during the planning horizon.
These are referred to as jobs. Each job has a time at which it is ready for collection or
satisfaction by a train. This is known as its ready time. A mine may have several such
jobs over the duration of the planning horizon. The rail operator combines all of these
jobs from all the mines and then assigns specific trains to satisfy each job, on or after its

ready time.

This is a clearly coordinated process. Each mine carries out its production scheduling
on the basis of certain assumptions regarding the availability of train classes and without
regard to the job requests created by other mines with which it is in competition for the
same resource. The train operator combines these job requests and arrives at a railing
schedule in order to maximise its rolling stock utilisation, without regard to the due-date
for satisfaction at the port. The resulting job-schedule may be sub-optimal for one or

more mines because of unwanted holding or demurrage costs.

Through an iterative procedure, however, it is possible for us to get to a solution whereby
all players converge to a point where no further improvement is possible. While the final
solution is unlikely to be globally optimal, it might represent a Pareto optimal solution;
this is the goal of this decentralised and iterative procedure. Figure 3.4 depicts this

iterative process.

Our problem has two major components: (a) production scheduling at each of the mines
and, (b) a resource (train) scheduling for the rail operator. Each model’s input-output
variables and parameters are depicted in Figure 3.4. The first decision unit represents all
the mining units in this system. These can be solved in parallel. Production plans for
each mine and train requests are the outputs of this unit. All requests from the mines
are combined, at an intermediate stage—depicted by the symbol € in Figure 3.4, before
feeding it as an input to the rail operator decision unit. The weight of each job, which
reflects its importance, is also computed at this stage. A higher job weight reflects higher
importance. The rail operator finds an optimal schedule of jobs, which is feasible for each
of the mines with respect to their production constraints. The delay of a job is defined
as the difference between the actual completion time and due-date of that particular job.
Feedback parameters are train availability and delay in request satisfaction for each mine.
These are determined from the previous iteration’s train schedule at an intermediate step,
marked in Figure 3.4 by ).

The objective of each mine is to minimise the total cost of inventory holding, order placing
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Figure 3.4: Schematic diagram of a two-party coordination approach

and demurrage. At any iteration, every mine considers journey time, loading time, delay
in request satisfaction and train availability, in production planning. The rail operator’s

objective is to minimise the total weighted tardiness of all jobs (requests).

This inter-dependence results in two primary types of railing conflicts from the rail op-
erators’ point of view: excessive requests or under-utilisation. The latter case results in
loss of profits, which is not a desirable outcome for the rail operator. The former case
results either in an infeasible schedule or in delivery delays for the mines. In our approach
we do not allow an infeasible schedule. Hence, all railing conflicts are assumed to result
in delivery delays, which are undesirable from the point of view of the mines. Note that

some of these delivery delays might even result in demurrage penalties being levied.

If, for any mine, there are no delays, then, the schedule is considered to be satisfactory (and
perhaps even optimum) for the mine. However, if there is a delay in request satisfaction
of even one job, the mine has to re-adjust its set of requests and, simultaneously, its
production plan. This re-adjustment may mean that the mine requests for a different
class of train or a different time slot for the delayed job. Note that this adjustment is
necessitated by the fact that the mines do not know the requests of the other mines. Note
also that, at the time of specifying requests, mines only specify the train class and not a

specific train that they would like.
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Most of the times, the mines will prefer the most economical train class with respect to
capacity and turn-around time. Due to this, some train classes will be under utilised.
Hence, the rail operator also broadcasts the availability of such train classes to the mines.
Clearly, this is also a mechanism for the rail operator to overcome its under-utilisation
conflict. Hence, the mines may readjust their production and requests, to avoid the delay

with frequently requested train classes.

Figure 3.5 shows a general framework for the decomposed and decentralised approaches.
At the start of iteration-1, each mine assumes that the rail operator has sufficient number

of trains to meet their requests. In step S0, we initialise the feedback parameters to zero.

Assume all trains are
SO available for all mines.
Initialise feedback parameter

Feedback

Output:
Production Plan
Train Request

S1 Solve Individual Mine's
production planning problem

lTrain Request

Interlinking work
Done outside optimisation
models

Combine the solutions from
Mines and define Jobs

l Jobs

$3 Solve Rail Operator's
A Problem

S2

Train Schedule

Stopping
criteria
satisfied?

S4

Update feedback
S5 parameters.
Ex: Lagrangian multipliers

Feedback

Figure 3.5: Flowchart for coordinated planning and scheduling

Step S1 and S3 solve the decision models for the mines and the rail operator, respectively.
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The intermediate steps, S2 and S5 correspond to @ and ) in Figure 3.4 respectively.
Step S2, prepares a list of jobs, each with a ready time, due-date, and weight. As we
mentioned earlier, each mine receives and processes the information on train classes and
not specific trains. A particular train class is available only when at least one train in
that class is free or available. In step S5, feedback parameters are computed. It might

vary based on underlying decomposition techniques.

The output of S1, train requests, may not be feasible for the rail operator to satisfy
without any delay. However, if the feedback is provided to the mine, then it may be able
to adjust its production schedule to make requests for another free time period and/or
train class. If a mine readjusts a previously delayed request to an available time period
or train class, then the time period in which it was scheduled previously can be used for
other requests (either from the mine under consideration, or other mines). Note that,
feedback from the mines is on train class availabilities. Thus, in the following iteration,
it is likely that all mines might, simultaneously, adjust their schedules to take advantage
of the availabilities that were previously announced as part of the feedback. Meanwhile
the output of S3, train schedule, is feasible for all mines and optimal for the rail operator.
Each mine’s actual cost can be computed from the train schedule. As mentioned above,
the actual cost and the optimal cost (objective value) will not be same unless there is no

delay in request satisfaction.

3.3.2 Uniqueness of the problem

In this problem, each mine receives multiple orders from the terminal. Each order can be
met by a different combination of train classes. In each class, multiple choices are available.
There is no one-to-one correspondence between the orders and the train trips. Mostly,
more than one train trip is required to meet a particular order. At the same time, a train
load, especially the last trip for an order, can cater to more than one order. The due-date
of each job is dependent on the order’s due-date. However, the mapping between jobs and
orders is part of the decision to be made. This indefinite nature of the allocation rules
out the chances of modelling this problem as a batch scheduling/makespan minimisation
problem. If the order quantity is not a multiple of the train size, then the mines have to
either allow overstock at the terminal or pay demurrage. Since, there is penalty for
overstock and demurrage; the mines need to consider the earliness and tardiness of all jobs
simultaneously. On top of all these constraints, resource constraint makes this problem

interesting and challenging. Thus, the problem under consideration is unique in its nature.
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3.3.3 Three-party coal supply chains

The two-party models are extended to three-party models by including one more resource
manager. In the coal supply chain example, the three parties are the mines, the rail
operator and the terminal. The terminal handles the coal arrival from the mines, ship
arrival and ship loading. The coal arriving from the mines are stored in large stockpiles.
Based on the ship arrival and its orders, the terminal decides how to fill these stockpiles.
Then using stackers and reclaimers this coal is moved to required locations. The terminal

operations include the handling of these machines, stockpile capacities, and ships.

In this case also, the operations/models of mines and rail operator are similar to the two
party case. We assume that the terminal has information regarding the ship arrival at the
terminal and their order quantities. The date of arrival is the expected arrival date. The
terminal uses their experience and previous records to split it into orders for the mines
(producers). We expect that the splitting of ship-order to mine-order is done outside our
model. The major decisions combining the mines (producers), the rail operator (resource
manager) and the terminal are: (a) production plan, (b) resource allocation, (¢) resource
schedule and (d) loading schedule for the ship. Table 3.4 summarises the information-

sharing between the DMUs in a three-party coal supply chain.

Table 3.4: Information availability in a three-party coal supply chain

Information Individual Mine Rail operator Terminal
Production capacity Yes No No
Holding and demurrage costs Yes No No
Demand at terminal Yes No Yes
Train (class) capacity Yes Yes Yes
Journey time Yes Yes No
Number of trains No Yes No
Number of mines No Yes Yes
Tardiness, earliness and running cost No Yes No
Terminal capacity No No Yes
Ship arrival & orders No No Yes
Ship loading time No No Yes
Stockyard capacity No No Yes

Figure 3.6 shows a schematic diagram of the three-party coal supply chain and the inter
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connection between the DMUs. This diagram is useful in giving an broad feel of the ap-
proach. However, the actual implementation might deviate slightly based on the solution
techniques. In a decentralised framework, these DMUs can be solved with distributed
computing facilities. The rail operator is the single DMU directly interacts with the
terminal and the mines. The rail operator and the terminal have to make similar job-
scheduling decisions, but with different objectives. Hence, sometimes it might be logical
to combine some components of these DMUs.
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Figure 3.6: Schematic diagram of a three-party coal supply chain

The complexity of the model increases as one more resource manager is added to the two-
party model. From a decentralised view, major activities of the DMUs in a three-party

coal SC are listed as:

Terminal receives orders from the ship, split the ship-orders to mine-orders, and sent
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the mine-orders to the mines along with appropriate due-dates. The terminal also
has to schedule the unloading at the terminal and the loading to the ships. The

objective is to minimise inventory holding and under stock situations.

Mine receives the mine-orders from the terminal and places a request for the resources
to the rail operator. The objective is to minimise total cost of production, inventory

holding and the request placing.

Rail operator accepts the requests from the mines as jobs and schedules them subject to
the resource availability. Either, the rail operator can incorporate the restrictions of
the terminal in its job scheduling model, or the rail operator can send their schedule

to the terminal for further refinement.

The three-party coal supply chain can be generalised to a manufacturing supply chain
which has independent producers, a distributor and a warehouse. The problem structure
is identical in both supply chains. Hence, the solution approaches proposed for the three-

party coal SC can be extended to other SCs.

3.4 Generic problem description

The modelling approaches developed for the two-party and three-party coordination can
be extended to a multi-party case. Consider a model where a set of independent decision-
makers are sharing another set of common resources. From Figure 3.7, we can see that
producers are independent of each other. Similarly the resource managers are also inde-
pendent. Each resource acts as a link between the producers. Each decision maker (either
resource manager or producer) has their own constraints and decision model. Further,
assume that all these decision-makers require some portion of shared resources to com-
plete their activities. For example, electricity, transport facility, computational resources,
space, etc. can be considered as common resources. In other way, the constraints of each
decision maker have some influence on the utilisation of the shared resources, which, in
reality, is the independent decision of the resource managers. This forced dependency

makes the decision-makers to coordinate amongst themselves to achieve a better position.

Even though the problem is abstracted for a resource constrained scheduling problem
from the coal supply chain, it can be applied in similar resource-scheduling problems. For
example, a similar situation is also observed in wine supply chains [124]. Each grower
typically has contracts with many wineries. Each winery needs certain varieties and

may stipulate, from a production point of view, that these varieties are presented to the

95



CHAPTER 3. SUPPLY CHAIN COORDINATION MODELS

Production facility 1

Production facility 2

o =S c o v oD
T o - C o WU mo
o Y Cc O W m

Production facility {(n-1)

=
N
3

l

Production facility n

Figure 3.7: A pictorial representation of the generic problem

winery in a preferred sequence. The winery, therefore, needs to coordinate harvesting
and transport to minimise wastage, waiting time (and hence, reduce perishability) and
to maximise resource utilisation (of the crusher, fermenter, and the like) at the winery.
Singh et al. [124] gives a detailed analysis of the coordinated scheduling problems that
exist in the wine supply chains in Australia. Similarly, some of the coordination prob-
lems illustrated in Section 2.1 also can be formulated as RCSPs with a similar problem

structure.

3.4.1 Mathematical representation

The scheduling problem discussed in Section 3.3 can be abstracted to this generic frame-
work. A generic representation of this multi-resource constrained scheduling problem,
which includes a group of producers and a group of inter-linking resource managers, can
be defined as

[TM] min Z clwy + Z djx (3.1)
@ J

subject to Aiz; < b ) (Producer — 1) (3.2)
Rjx <e, (Resource manager — j) (3.3)

where x = [11, 29, ..., 2] .
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In (3.4), constraints (3.2) and (3.3) are represented in a matrix form.

~ N - _bl_
As -xl- ba
As T9 b3
. < (3.4)
A, : by,
Ripn Roy Rsp ... Rua : el
_xn_
_RLJ» Ry; Rsj; ... Rw- &l
where the variables A, B, ... are used only for representational purpose. It does not

directly link with any of the model discussed later.

As we can see that, the matrix has a diagonal structure except in a few last rows. The
diagonal entries represent the independent decisions of different DMUs in the supply

chain. The last rows represent the resource managers who link these independent DMUs.

In other words, if we relax constraint (3.3), then we can solve the following n independent

less complex subsystems.

For all 4, min <clTycZ + Z d;Txi> subject to A;x; < b;, where Z d;'-T:ci = djrx (3.5)

J

A two-party model has two groups of decision-makers. However, it has n producers, a
resource manager in it. Therefore, the actual number of independent DMUs in a two-
party model is (n + 1). At the same time, it has only one set of linking constraints
(in the form of (3.3)). In a three-party case, there are two common resources. For
example in the coal supply chain, the terminal and the rail operator act as resource
managers. This implies that, a three-party model has n + 2 DMUs and two sets of
linking constraints. Similarly, multi-party coordination models also can be characterised.
Therefore the problems considered in this supply chain are indeed multi-party resource

constrained scheduling problem.

The model presented in (3.1) to (3.3) integrates all the independent decision-makers, we

refer to it as the integrated model, in short, IM. The overall objective of the integrated
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model is to minimise total cost. Practical instances of such problems tend to be very large-
sized. Such problems are complex because complete information (on costs and capacities,
say) may not be available to a central honest broker that aims to solve the integrated
model for all decision-makers. Such information is often competitive and confidential to

each decision maker in the supply chain.

3.5 Conclusions

In this chapter, we have introduced coordination models and their importance. The mod-
els are classified based on their operational and decision-making aspects. Three major
modelling approaches, to tackle supply chain coordination, are introduced in this chap-
ter. The coordination problem in coal supply chains with a single shared resource and
multiple resources are discussed with adequate details. The DMUs, information sharing
between these DMUs and their interactions are also presented. A framework for dis-
tributed decision-making is proposed and the decision-flow in the process is explained

with schematic diagrams.

This chapter concludes by proposing a structure of a generic problem and its represen-
tation in a matrix form. This means that, any resource constrained scheduling problem,

with a similar representation, can be solved using the proposed solution approaches.

The next chapter discusses a decomposed modelling approach, based on LR, to solve
the integrated problem which involves multiple independent mines and a common rail

operator.
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Chapter 4

A Decomposed Approach Based on Lagrangian
Relaxation for Two-Party Coordination

The previous chapter explains different modelling approaches used in supply chain coor-
dination. In this chapter, we introduce an integrated planning and scheduling problem
motivated by a coal supply chain. In this problem, multiple independent producers need
to coordinate with a resource manager to improve their performance. A decomposed
solution approach is proposed by separating planning and scheduling decisions. The per-
formance of the algorithm is improved with some effective techniques and supported with
an heuristic algorithm to improve the upper bound. At last, the decomposed approach is

compared with the integrated approach on a large group of randomly-generated datasets.

Section 3.3.1 provides an overview of the two-party coal supply chain. Even though
we explain the two-party coal supply chain with n mines and a single rail operator, it
can be generalised to a manufacturing supply chain with n producers and a resource
manager. Therefore, we may use the nouns ‘mine’ and ‘producer’; ‘train’ and ‘resource’
or ‘rail operator’ and ‘resource manager’ interchangeably, based on the context. The
nouns ‘mine’ and ‘rail operator’ are used whenever the example of the coal supply chain

is referred to.

The integrated model includes all the constraints from the producers and the resource
manager. Practical instances of such problems tend to be very large-sized. Such problems
are complex because complete information (for example, on costs and capacities) may not
be available to a central honest broker that aims to solve the integrated model for all
decision-makers. Such information is often competitive in nature and restricted to the
knowledge of each decision maker in the supply chain. Thus, for such problems, we need
to move away from the use of a single integrated model that solves it; we propose a

decomposition approach based on the popular Lagrangian relaxation.

Some parts of this chapter have been published as an article in the International Journal of Production
Research [134]
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4.1 Background

Grossmann and Biegler [66] review some important MILP decomposition techniques—
Benders decomposition, Lagrangian relaxation (LR), cross-decomposition and bilevel
decomposition—to deal with large scale optimisation problems. Some of these methods
exploit the primal-dual relationship and others depend on the structure of the network.
The critical issue in such problems, as highlighted by Grossmann and Biegler [66], is to
identify the right decomposition strategy that balances computational gains with the cost
of the time and the resources invested. Moon et al. [104] proposed an approach based on
evolutionary search to solve a problem of integrated process planning and scheduling.
The model considered resource selection and minimisation of makespan. The authors
show the advantages of their integrated model over traditional models. Considering
these approaches undertaken in the past, we decompose the integrated problem into
many sub-problems by relaxing the linking constraint. The proposed iterative scheme is

further strengthened with the addition of a few other recent techniques from literature.

Considering the decentralised nature of supply chains, we prefer to decompose the primal
structure of the supply chain coordination problem. Cross-decomposition and Bender’s
decomposition exploit the dual structure of the problem. Therefore we use popular primal

decomposition based on Lagrangian relaxation and Column generation techniques.

Lagrangian relaxation is a well-known and widely-used method for the decomposition of
a large problem into many smaller, easily solvable problems. A detailed discussion on
the primal-dual relationship, feasibility gap and other aspects of the Lagrangian method
can be found in [150] and [56]. LR methods are strengthened with many heuristics and
approximations developed on the characteristics of the problem. Early applications of the
LR, and a systematic, theoretical description are also presented in [60]. Guignard [68]
reviewed some of the interesting aspects of LR and the Lagrangian function. The article

also discussed some schemes which can potentially improve the bounds obtained by LR.

Initially, the LR method assumed that the dual problem is differentiable. Later, it was ex-
tended to solve the non-differentiable dual problem and to compute a primal solution [12].
Barahona and Anbil [14] proposed an extension of the sub-gradient algorithm to update
the Lagrangian multipliers. In Bahiense et al.’s [12] words, “it produces primal as well as
dual vectors by estimating the volume below the faces that are active at an optimal dual
solution”. Hence, it is known as the Volume algorithm (VA). Singh and Ernst [120] had
used VA to strengthen an LR algorithm. VA helps the LR to converge quickly.

Wedelin [148] proposed an algorithm to accelerate the convergence of LR methods. Many
interpretations are available for this algorithm. Mason’s [102] interpretation and notations

are popularly used in the literature. The original algorithm was proposed for a class of
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large scale 0-1 programming problems, where the constraint matrix consists of ‘zero’ and
‘one’ entries. Bastert et al. [17] proposed a generalisation and other improvements to it.
This algorithm explores the dual-primal relationship and adds a minor perturbation to
the multipliers. It favours variables with smaller reduced-cost to come to feasible region.

At the same time, some other variables are discouraged to break the symmetry.

From the formulation given in Section 3.4, it can be observed that resource utilisation
constraint (3.3) is the only constraint linking different decision-makers. In the absence of
this constraint, the planning problem of individual producers can be separated. Therefore,
in Section 4.5, we propose a decomposed optimisation method based on the LR algorithm
to solve this problem. Section 4.5.1 explains the features of Lagrangian relaxation, such
as, application of VA and WA. Section 4.6 provides an heuristic model and algorithm
to compute better upper bounds for the LR scheme, and thus, to improve the speed of
convergence. Another motivation for using a decomposed algorithm was, as results in
Section 4.7 show, that in several instances CPLEX* (a commercial optimisation suite)
was not able to find a single feasible solution even in one hour of CPU time for the

above-mentioned model.

4.2 Decomposition approach

Motivated from the two-party coal supply chain presented in Section 3.3.1, let us consider
a generic production-distribution supply chain, where n producers are linked with a dis-
tributor. Many resource constrained scheduling problems—especially those that involve
multiple independent producers—are equivalent to the generic problem considered in Sec-
tion 3.4. The special structure of the constraint matrix in (3.4) allows us to decompose the
overall problem into one problem for each of the n producers if we ignore the resource class
availability constraint (3.3). This creates n easily solvable production planning problems,
provided we have one resource-scheduling problem linking the single resource manager

and the (many) producers. Thus, we decompose the problem into two parts:

Production planning Each decision maker plans their production based on their pri-
orities and their objective and places a set of requests to the resource manager for
a certain number of resources. In other words, each producer defines a set of jobs

with certain properties in order to meet their orders.

Resource scheduling After receiving the requests (jobs) from the producers, the re-

source manager prepares a schedule based on resource availability. A simple merge

*IBM ILOG CPLEX, url: http://www.ibm.com/software/integration,/ optimization/cplex-optimizer/
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of requests for the resource utilisation may not be globally feasible with respect to

the resource constraint. This problem is equivalent to a job scheduling problem.

1

Figure 4.1: A schematic diagram of integrated production-planning and resource-
scheduling

A feasible schedule needs to: (i) assign the right combination of resource-classes to pro-
ducers, and (i7) create a schedule of resource allocations for the resource manager. Each
train trip can be considered as a job. The orders that are given to the producers need
not have one-to-one correspondence with jobs. Usually, more than one job is required to
meet a complete order. It is also possible that one job might also satisfy two separate
orders. This special order-job relationship means that the problem cannot be modelled
as a batch-scheduling/makespan minimisation problem. The penalty for earliness and
tardiness implies that the resources should be scheduled close to the due-dates. However,
there are a finite number of trains in each class. Also, multiple producers make simulta-
neous requests for the same class of trains thereby making this problem difficult. What
we have is a scheduling problem with different classes of resources; this can be treated as

a multi-resource constrained scheduling problem.

There are two due-dates in this problem: (i) the due-date of an order associated with
a producer, and (ii) the due-date of a job, which is an internal due-date, between the
producer and the resource manager. Similarly, tardiness is also defined with respect to
the job as well as the order. The due-date/tardiness of a producer and the resource

manager are computed with respect to the order and the job, respectively.

In such problems many independent decision-makers (producers or service providers)
need to coordinate with a resource manager, that provides resources such as trucks,
trains, bandwidth or infrastructure to transport/transmit the product to destinations. In
such supply chains, producers make planning decisions and the resource manager makes
scheduling decisions that affect each of the independent producers. The problem is then

one of ensuring minimal schedule-conflict at maximal efficiency.
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4.3 Production planning model

We decompose the integrated problem formulated in (3.1) to (3.3) to solve the production
planning and resource-scheduling separately. Irrespective of the algorithm, the produc-
tion planning sub-problem has to be solved separately in all iterations. Therefore, first we
describe the production planning sub-problem. We may use the nouns ‘mine’ and ‘pro-
ducer’, ‘train’ and ‘resource’ or ‘rail operator’ and ‘resource manager’ interchangeably,
based on the context. We have developed all the models discussed in the thesis. The

article(s) which are used to derive a cut/constraint is cited whenever is required.

Let i € {1,2,..., 1}, t € {0,1,...,T}, u € {1,2,...,U} and w € {1,2,...,W} be the
indexes of producers, time periods, orders and train (resource) classes, respectively. Let P;
denote the production planning sub-problem of i*" mine. The solution space corresponding
to P; is denoted by S;.

Parameters

Al cost incurred for requesting a train (resource), of class w, at time ¢
C' tardiness /demurrage cost of an order at time ¢

O' overstock cost per unit quantity, at the terminal, at time ¢

H' inventory holding cost per unit quantity, at the mine, at time ¢

F, due date of order u

Q. u'" order quantity

D! cumulative demand at time ¢

P production capacity

Sy

inventory holding capacity at the mine
V,, capacity of the trains in class w
K,, number of trains in class w

forward travel time required for the trains in class w to reach a mine from the
terminal

Rl loading time required for the trains in class w
return travel time required for the trains in class w, from a mine to the terminal

L, = R. + R?, time required for loading and return travel to the terminal.

Decision variables
0t inventory level of the producer by the end of time ¢

ot amount produced in period ¢
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7' over-stock level of the product at the terminal by the end of time ¢

Yt binary variable, equals to 1 if any order is tardy at time ¢. Zero indicates no
order is tardy

n., total number of trains from class w requested on or before time ¢.

A delivery order u from the terminal can be seen as an ordered pair of due date (F,)
and quantity (Q,). Without loss of generality, we assume that F, < F,.; and u*® order
must be met before satisfying the demand for (u + 1) order. The cumulative demand
for a producer at time ¢ is defined as D' =) (u|Fust} Q.. For example, if producer ¢ has
three orders {(45,10500), (89,9300), (120, 11800)}, then the cumulative demand will be
defined as:

0 if 0 <t <45

10500  if45 <t <89
D' =

19800  if 89 <t <120

31600  if120<¢

\

Similarly, the demurrage cost, C*, will be defined as:

.

0 it0<t<45

oy 4 if 45 <t < 89
Cy if89§7§<1207
kC’g it 120 <t

where C, Csy, C3 are constant.

Objective: The overall objective, Z;, is to minimise the total system cost. This in-
cludes the cost of holding the inventory at the mines, the over-stock cost at the terminal,

demurrage cost and total cost of requesting trains.

min Z; = Y |0'H' + 70"+ ¢'C + ) (gl — nl )AL (4.1)
t w
Constraints: Equations (4.2) to (4.12) completely define the constraints of the model.
Total number of resources requested on or before time ¢ is non-decreasing.
nt, > ntt YV ow,t (4.2)
The amount produced at any time ¢ is not more than its production capacity.

ot<P VYVt (4.3)
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The inventory balancing constraint: Inventory at time ¢ can be computed by subtracting
the supply at time t from the sum of the previous inventory and the production at time ¢.

0'=0""+o" - Z(nfﬂ — iV, Vow,t (4.4)

w

The inventory at the end of the period ¢ cannot be more than the holding capacity of the
producer.

0'<B Vt (4.5)
If a resource of class w has to reach the terminal at time ¢, then it should reach the mine
at t — L,,. Hence, the cumulative supply at time ¢ can be expressed as ) L VA L

is more than the producer’s demand, then it has an overstock.

donltev, —Dh <t Vit (4.6)

(u—1)'" order must be delivered before the due-date of the u'" order, F,. This also implies
that, at any time ¢, only one order for a producer can be tardy at the most. In other

words, cumulative supply at time F,, should be not less than the demand at time F,,_;.

Z pie—Luy, > DFa-t v u (4.7)

If the cumulative supply at time ¢ is less than its demand then the mine needs to pay a

demurrage cost.

Y>1-1/D' XY gV, ViR (4.8)
All orders must be met by the end of the planning horizon.

> niVw > D" (4.9)
Only one train can load at the mine at a given time period.

Yol =y <1 Vi (4.10)

w

The total number of resources of class w, being utilised at any time ¢, cannot exceed the

total number of trains in that class.

(pitfe — pi-ley < K, Y w,t (4.11)

w

Boundary conditions and scope.

My =0 =0 =710 =y¢; =0;0",7", 0" > 0; ¢y, €{0,1}; n}, € Z*. (4.12)

Valid inequalities: The constraints mentioned above are necessary to represent the
model. A few more additional integer cuts and bounds have been generated and used to
tighten the Mixed Integer Programming (MIP) formulation. These valid inequalities are
redundant in the MIP formulation, but, active in the linear programming relaxation of
the MIP. Hence, an MIP solver should take less time to solve a problem that contains

these additional constraints.

The cumulative supply at time ¢ cannot be more than the total production. This
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means that:
d nVu<tP Vit

Due to holding costs at the mine and terminal, the producer does not want to supply
more than D”. Since (i) partial loading and order mixing are not permitted and (ii) DT
need not be a linear combination of train sizes, we need to allow a margin, V.., in the
final cumulative supply. Hence, > 1!, Vi, < DT + Viyax, where Vipax = max,{V,,}. From

these two relations, we define an upper bound X' for the cumulative supply.
> 0V < X'V t, where X' = min{tP, D" + Vi } (4.13)

Since the supply is bounded, overstock also has to be bounded.

r<X'-D' Vi (4.14)
If a producer overstocks at the terminal then it cannot incur demurrage.

<1 —-7/(X'=DY Vit (4.15)
Constraint (4.13) is similar to a Knapsack constraint and therefore can be further tight-
ened with the integer cuts proposed by Atamtiirk [10]. Let A, be the upper bound of n!,
which satisfies (4.13) after fixing all other variables to zero. The set C' C {1,2,..., N}
is a ‘cover’ if 37 (A, Vi, — X*) > 0. Then a stronger cut can be derived as

Z(Aw —n) > [X'/V] VitwhereV = [nax V and A, = | X*/V,]. (4.16)

wel
Similarly we can use an integer cut from constraint (4.8). Since both ¢ and 71 are integer

variables, this cut will help us to improve the relaxed solution.

(1= [D" Vi | D il ™ [Vao/ Vi ] YV, By < Fuy (4.17)

where D! = Z Q. and Vi, = min{V,, }.
(u] Fust} b
The demand changes only at the due-date of orders. Once the demand for an order was

met in an interval, it stays as ‘met’ till the due-date of the next order. This gives

P <Yttt YV, B, <t < Fu. (4.18)

The constraints (4.1)-(4.18) are applicable for individual producers. Hence, the decision
variables and the parameters corresponding to producer ¢ are used with a subscript of 7.
For example P;, H;, 1!, , are used in the context of the integrated problem. Since the train

is utilised across the mines, constraint (4.11) can be further tightened as:

Sl i) <Ky Vot (4.19)

)
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4.4 The integrated model

An integrated model (IM) for the two-party case, similar to the generic representation
discussed in Section 3.4, has a collection of all sub-problems with an additional linking

constraint. It can be expressed as:

[IM] min Y~ Zi(s;) (4.20)
subject to Zxﬁw(si) < K,, VYuw,t (4.21)

where s; corresponds to a schedule (column) of each producer from the solution pool
S;, which satisfies constraints (4.2) to (4.18). x%,(s;) represents the number of active
resources (trains) from the class w at time ¢ for the producer i. Constraint (4.22) and
constraint (4.19) represent the same resource constraint. The integrated model mentioned

above is referred to as IM.

4.5 Lagrangian relaxation

Singh and Ernst [120] had used a Lagrangian relaxation-based algorithm strengthened
with concepts of the Volume Algorithm [14]. The main advantage of the Volume algo-
rithm is that it stabilises the sub-gradient method used in traditional Lagrangian relax-
ation schemes. Instead of directly using the current violations, Volume algorithm uses a
convex combination with the previous violations. It helps the Lagrangian relaxation to

converge quickly.

The complicated and interlinking train resource constraint (4.19) is relaxed as it allows
us to decompose the integrated planning-scheduling problem for each of the independent

producers, with a modified train request cost. The relaxed problem becomes,

55>
t Z Z A (Z ("™ = i) - Kw) (4.23)

subject to (4.2) — (4.10), (4.12) — (4.18).

6L H] + 71O} + ¢iC! + Z Mhw = ')

where X (> 0) is the Lagrangian multiplier that corresponds to the resource constraint

at time t for the resource class w. Then the objective (4.1) for i*" producer can be
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updated as:
Zi(A) = miny (%Hf +TO0f +ICH Y (nf, — nf;l)flﬁw> (4.24)
t w
t+Ly—1
where Al = Al + Z g
u=t—RY,

Note that, even though the resource constraint (4.19) is relaxed, a disaggregated version
of the constraint can still be added in this relaxed formulation for individual producers
(see constraint (4.11)). This ensures that the requests placed by the individual producers

will be feasible with respect to the overall resource constraint.

Then the sub-problem of i*" producer can be stated as
min Z;(\) (4.24)
[P;] (4.25)
subject to (4.2) - (4.18).

In Algorithm 1, we present a modified version of the Lagrangian relaxation algorithm
presented in [120]. It is strengthened with the Volume Algorithm [14] and an heuristic
based on the Wedelin Algorithm [148].

The Lagrangian relaxation method based on sub-gradient optimisation exhibits slow con-
vergence, especially when it has a small step size [142]. Hence, the following features
were introduced to improve the convergence. In rest of the report, we refer to the Algo-
rithm 1 as LR.

4.5.1 Features of the decomposed algorithm

The Lagrangian multiplier (\) and the step (p) are critical parameters in Algorithm 1.
Therefore, it is very important for the algorithm to manage them without getting trapped
in the local optimum. Hence, we used the following techniques to control their variations

and role:

Volume algorithm: The parameter ., in the Volume algorithm controls the influence
of current violations in the Lagrangian algorithm and helps to minimise resource constraint
violations. When 7. = 1 the algorithm converts to the traditional Lagrangian relaxation
algorithm which only uses the violations in current iterations to update the multipliers.
On the other hand, a y,., value of 0.65 implies that a value of 65%, at the most, is given
to the violations in the current iteration and the remaining value is given to violations
over previous iterations. In every iteration, Volume algorithm picks the best v which

minimise the linear combination of violations in current and previous iterations. The
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Algorithm 1 (LR) A decomposed algorithm based on Lagrangian relaxation

1: Initialise k =0,p=0.1,LB* =0, UB* =00, gap = oo, rGap = — oo, v =10,
A= (A =0, > = AO TL = 3600,
S=(S)=0, /* History of violations */
G=2¢ /* Solution pool */
C; =0, /* Lower bound improvement counter */
eTime = 0. /* Elapsed time of the algorithm */

2: while (eTime < TL) A (gap > 0.001) do

3:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24:

25:
26:

27:
28:
29:

Solve individual producer’s production-planning problem P;, given in (4.25).
Let {n,} V i,w,t be the solution from P;.
Find the violations for each resource class w at time t,
@, = Ky — 5 (™ = iy,
Set the lower bound, LB® =Y. Z,(A®) — >~ (Kw : Aﬁ,ﬁ”).
Compute UB® using the Algorithm 3 (See Section 4.6).
UB* = min{UB*,UB®}
if (LB* < LBW) then
M=\ kB LB* = LB®; p=min{1.3p,2}; C;=0
else
p=09;, C,=C+1
if (p <0.01) A (TL —eTime > 300) A (rGap # gap) then
AE) = \*: rGap = gap
if (p < 0.005) A (T'L — eTime > 300) then

p=2
if (C; > 10) then
v=4, C;=0.

if (v >0) then
Ymax = 0.9; v=v—1
else
Ymax = 0.65
for (each resource class w) do
Let v* be the solution that minimises ||y®,, + (1 —7)SL]|.

;

1 itk=0

max 10 if ’}/* <0
Set v = /

Yimax if 7" > Ymax

~* otherwise

Update St = @, + (1 — )5S,
The Lagrangian multipliers are adjusted as
St
ARHD _ ax {0, AR _ p(UB* — LB*)W}
Use Wedelin based Algorithm 2 (see Section 4.5.1[}1) to update the multipliers.
gap = (UB* — LB*)/UB"*
k=k+1
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original article describing the Volume Algorithm [14] does not provide clear direction for

the selection of this parameter. The value Yp.x = 0.65 is suggested in [120].

Steps (16)-(25) of Algorithm 1 implement the Volume algorithm. The increase in Ypax,
mentioned in step (19) helps the algorithm to recover from a local optima by increasing
the influence of violations in the current iteration. Once Y.y is increased to 0.9, the
same value is used for the next four iterations and then reset to 0.65. The value of 0.9 for

Ymax Was selected based on preliminary experiments with different values ranging from
0.2 to 1.0.

Wedelin algorithm: We present Algorithm 2 inspired by the Wedelin Algorithm [148]
to update the Lagrangian multipliers. Originally, a Lagrangian multiplier is defined for
each resource class w at time t. To apply the customisation for each producer, we define
AL, as the Lagrangian multiplier used for producer i’s sub-problem. The output, !, of
Algorithm 2 is used instead of A% in constraint (4.24).

Algorithm 2 A procedure based on Wedelin’s algorithm to update the \’s
Input: w,t, ®! N K, C;, {0d,,...,7L} YV i. /* The optimal solution from P; */

Output: \,
0
1: Compute X}, = (i, =0l ") Vit.

/* XL, tells whether a resource of class w is servicing for producer i at time t */
2: Compute the perturbation interval [a,b] based on the lower bound improvement

counter, C;. Where
(

0.1,0.2] if 10 < C) < 20
0.2,0.5] if 20 < C; < 30
[a,b] =
0.5, 1.0] if 30 < ¢
| [0.0,0.0] otherwise
3: Initialise AL, = AL, for all producer i
4 if (@, >0) vV (51 <0) V (a=b=0) then
5. return /* No modifications to the Lagrangian multipliers. */
6: Compute the perturbation € = 0.01(a — (b — a) @, /K,,)
7. for (each producer i) do
8 if (x%,' > 0) then
9: g=(1-¢) /* Favour producer i */
10:  else
11: B=(1+¢) /* Discourage producer i */
122 t'=t
13:  while (x%, > 0) do
14: MNoo=BA =1+ 1
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Resetting multipliers: It is possible for the Lagrangian algorithm to get stuck in a
particular direction without any improvement in the lower bound. The algorithm tries to
find a different and possibly better direction by reducing the step size. It is also possible
that even step size reduction may not improve the bound. If this is the case, we reset the
lambda (A*)) to the best available lambda (\*) and assist it to search in a known descent
direction (see steps 12 and 13 of Algorithm 1).

Resetting step size: In some cases, the step size may be too small to escape from
the influence of the local optima. Therefore, we reset the step size to its maximum
value if there are atleast 300 seconds of cpu time remaining for the Algorithm 1 (see
steps 14 and 15).

4.6 Upper bound computation

Among other factors, the convergence of the Lagrangian Algorithm (1) mentioned above
depends on the quality of the upper bound found in various iterations. The sub-problems
from each of the iterations suggest a feasible production schedule and the expected re-
source combinations for individual producers. It is unlikely that a simple amalgamation
of the individual producers’ solutions ‘as-is’ will produce a globally feasible schedule. In
this section, we, therefore, propose an MILP-based procedure to compute an upper bound
using the information on production and resource combinations for individual producers.
Note that the solution from producers’ sub-problem is already feasible with respect to all
but the resource constraint (4.19). Therefore, the aim of the MILP presented below is to
find an optimal schedule which satisfies the resource constraint (4.19) with values of some
of the decision variables from individual producers’ sub-problems as fixed. Clearly, this
gives an upper bound for the integrated model described in Section 4.4. Specifically, the

MILP formulation considers the following values of decision variables from each producer

as input,
e Production schedule, v = {02, 0}, ..., 0l'}
e Train class combinations, 1) = {7}y Thyys - - - i }

e Order demurrage, \ = {lﬁ?, Ail, - 71/3;[}

Since the number of trips with trains in a class for a producer is fixed, we can a prior:
calculate the number of round-trips to this producer from the terminal. We will call each
of these trips a job. A job j can be represented as a pair (M;, T};), where M, is the producer
and T} is the resource class associated with the job. Other properties of job j such as

travel time, quantity delivered, processing time and loading time are inherited from the
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resource class, T;. For example, the amount of coal delivered by a job j is V; = Vr,, and
loading time of a job L; = Ly,. We also define the set J* = {j|M; = i} as the set of all
jobs associated with producer i. We refer to this job-based model as UBM in the rest of
the text. MILP formulation of UBM is presented below:

Define, X! = >";,_, 7! is the cumulative production at the producer i at time ¢; and 2 is
a binary variable equal to 1 if the resource for job j arrives at the terminal by time ¢. 0,

otherwise.

The overall objective of this model is to minimise the total system cost. This includes
the cost of inventory at the mines and the terminal, demurrage cost and total cost of
requesting trains over all the producers. The objective of UBM and IM (4.1) are identical.

The objective function is

[UBM]  min ZZ OLH! + 70!+ YICl+ > (2 — 2171 Al (4.26)
JjeET?

subject to the constraints:

The inventory holding at mine ¢ at time ¢ is defined as,

0f = Xt — Y Y vt (4.27)
jeJ?

Cumulative supply cannot be more than the production.
St <X Vit (4.28)
JjeJ?

An additional tightening integer cut can be derived from the previous constraint (4.28).

t+r; |V X7 :

Z. z [Vmij < [me Vit (4.29)
JeT’

where Vi, = minge 7y Vj.
(4.30)
If the cumulative supply by a producer ¢ at time ¢ is more than its demand then the
producer has an over-stock. This constraint is equivalent to constraint (4.6) of the IM.
> AV,—-Dl Vit (4.31)
JET?
If the cumulative supply by a producer i at time t is less than its demand then the

producer needs to pay demurrage cost.

Yi>1- > VDl Vit (4.32)
jeJt
Similar to (4.17), additional tightening integer cuts are derived from constraint (4.32).
D! Vj :
(1—4) [KW < ; 2 [ijw Vi, u, Fy << Fiun (4.33)
‘] k2
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Constraints (4.15) and (4.18) are also can be strengthened similarly.

An order must be satisfied before the due-date of the next order.

> V> DT Vi (4.34)

JET?
Once the job is completed it stays as completed.

t t—1 .

z; > 2 Vgt (4.35)
All jobs must be completed before the end of the horizon.

Z=1 Vj (4.36)
Not more than one train can load at any mine.

SET STy <1 v (4.37)

JET?

The total number of trains of a class w running at any time ¢ cannot exceed its maximum

availability.
0 .
Yo (Y ) < K, Vgt (4.38)

J
JTy=w

If, for any two jobs j; and jo, M;, = M;, and T}, =T;

’»» then the two jobs will introduce

symmetrical solutions in the model. We, therefore, introduce the following constraint to

break this symmetry.

Z;Q S ;"Lh_l’jz \v4 t,jl < j2 (439)
Note that constraint (4.39) will not affect the optimal solution. Indeed, if in the optimal

solution for some t, 2t > /1 F e , then, given that the two jobs have the same train class

» g2 J1
and mine, we can easily relabel j; as j, and vice versa, without affecting the solution.
Let J' C J* such that

S <p <1V

jeJ’ JjeJ’
where V = maxgec i\ g3 Vj. It implies that the total quantity delivered by the jobs in J’
is not sufficient to meet the demand of D! at time t. Therefore, to avoid the demurrage,
at least one job should be done from the set J*\ J’. Thus,

o odtyl=1 Vit (4.40)

JETNT'

Due to the symmetry-breaking constraint (4.39), constraint (4.40) can be further tight-
ened. Let J” C J'\ J', such that it contains exactly one job from each train class in
J*\ J' and among all the jobs of the same train class in J*\ J’, J" contains the job

with the smallest index. More formally, 7" must satisfy the two following conditions:
1) For any two jobs ji,j» € J", T;, # T}, whenever j; # j,
2) For every j € 7'\ J', 3 j1 € J" such that j; < j and T;, = T}
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Then the constraint (4.40) can be tightened as

doA4yl>1 Vit (4.41)

jeg"
For example, consider J¢ = {1,2,3,4,5} where T} = Ty, = wy, T3 = Ty = T5 = wy,
Vi, = 3000, V,, = 5000 and J’ = {3} defined for a demand of 6000 at t. Then, con-
straint (4.40) gives

21+ 20+ 2+ 25 + 0L > 1 (4.42)
The symmetry breaking constraint (4.39) enforces 1 to complete before 2 and 4 to complete
before 5 and J” = {1,4}. Hence, with respect to constraint (4.41), constraint (4.42) can
be tightened as

2+ 2+l > 1
If an order is tardy in a sub-problem then it will be definitely tardy in the integrated

problem.

Wi=1 Vit if ¢i=1 (4.43)
Boundary conditions and scope,

0 =0,7) =09 =0,2) =0,z 9! € {0,1},6!, 7] >0 (4.44)

The Algorithm 3 computes the upper bound for the integrated model in Algorithm 1.
As the production schedule for every producer in UBM is fixed, it is possible that in the

Algorithm 3 An algorithm to compute the upper bound
Input: k,G, (0,7,1)) /* Solution set */
Output: UB®

. if (0,7,7) € G then

1

2:  return /* This solution was previously evaluated */

3: else

s G={wnd)}ug

5. if (k =0) then

6:  If needed, adjust the horizon T to accommodate all train trips to get a feasible
solution.

Solve UBM described in Section 4.6 with a time limit of 120 seconds.

8: Evaluate the solution of UBM from previous step via the IM model. Let UB®) be
the objective value from this evaluation.

=

optimal solution of UBM, producers’ production can be delayed to further reduce any
inventory holding cost at the production unit. Therefore, at the end of this algorithm,
we evaluate this solution using IM. We also improve the run-time of the algorithm by
keeping the history, G, of previous solution sets and avoid re-evaluation of a pre-existing

solution set.
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In the initial iterations, the gap between the optimal solution from the integrated model
and the solution obtained from this model may be large. However, the LR scheme ad-
justs its production towards the optimal production schedule very quickly and hence the

computed upper bound will become better.

4.7 Computational experiments

The decomposed optimisation model LR was compared with the integrated model IM via
computational experiments on 240 randomly-generated instances. This section shows the

properties of data instances, experimental settings and results.

4.7.1 Data generation

The randomly-generated instances were bundled in eight series with 30 instances per
series. Each series represents a scenario with 5,6,7,8,9,10,12 or 15 mines (producers).

These series have the following common properties.

e The production capacity (F;) of all producers is taken as 400 tonnes per period,

where one period is an hour.
e The inventory capacity (B;) at the mine is 20000 tonnes.

e Objective coefficients: Hf = 1, F! = 3,C! = 50000, A%, = 100 for producer i and

resource class w.

e For series with 5 and 6 producers, the resource (train) classes used are 3000, 5400
and 7200 tonnes. For every other series, a resource class of 8400 tonnes is used

additionally.
e The loading hours (RL) for resource classes w = 3000, 5400, 7200 and 8400 is 1, 2,

3, and 4, respectively.

The above mentioned properties are common to all data series and the data instances. All
instances in a series will have the same number of producers (I), trains (K,,) and train
classes (V). Moreover, the forward (RY) and return travel times (R?) for trains in a class

w are also constant. Table 4.1 summarises the main properties of each data series.

In addition, the following properties are generated randomly in every data instances,
e the number of orders, N; ~ U(1,4)
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Table 4.1: Properties of the data series

I 5 6 7 8 9 10 12 15
N 3 3 4 4 4 4 4 4
T 150 150 150 200 200 200 200 200
Ko 2,1,1)[1,2,1][3,2, 1, 1] [1,2,2, 1] [3,2, 1, 1] [3,2, 1, 2] [3, 2, 2, 1] [3, 2, 3, 2]

=y

Y =R2[56,7]156,1715,6,7, 715,57 715,57, 715,6,7, 7 15,5, 7, 7] [5, 5, 6, 6]

e the order quantity, ;. ~ 5000 + 100U (0, 100)

e the order due-dates, Fj, ~ Fj,_; + 10+ U(0,T/N;)

where U(a, b) represents the uniform integer random number generated between a and b.
The above settings result in an average of 2.5 orders per producer, an average of 10000
tonnes per order and about five trips per train. The experimental data and scripts are
made available to the public through github. The url is https://github.com/annuct/
phd/.

The order quantity and due-dates play a critical role in the complexity of the problem.
Through uniformly-generated random inputs, we make sure that a broad spectrum of
problem instances are covered for a series. Moreover different series present ample oppor-

tunities to study the scheme’s performances with respect to the number of partners.

4.7.2 Experimental settings

IBM ILOG CPLEX' is a commercial tool for solving optimisation problems. It has the
functionality to handle linear programming (LP), network flow, quadratic programming
(QP), quadratically constrained programming (QCP) and mixed-integer programming
(MIP) problems. CPLEX provides an additional facility to access its Application pro-
gramming interface (API) through concert technology. Concert technology provides a set
of C++, Java, and .NET class libraries offering an API that includes modelling facilities
to allow the programmer to embed CPLEX optimisers in respective applications. We

have developed a Java application to use CPLEX with concert technology.

All computational experiments were done with CPLEX 12.1 on a 64-bit server machine?.
In IM, CPLEX was terminated either at 0.1% of relative gap or with a CPU time limit of

one hour, whichever came first. For a fair comparison, the same termination criteria were

fIBM ILOG CPLEX, url: http://www.ibm.com/software/integration/optimization/cplex-optimizer/
tConfiguration: 64-bit, 16 core, 2.93 GHz Intel Xeon(R) X7350 processor
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Formulate the

> Solve IM

integrated model (IM)
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Figure 4.2: An outline of the experimental setup and tools used

also used for the LR method. In LR, UBM was terminated after 120 seconds or with a

zero percentage relative gap.

The following CPLEX parameters were fixed for our experiments.
1. lloCplex. DoubleParam.EpGap = 0.01, acceptable relative objective gap
2. lloCplex. Double Param. TiLim = 3600, maximum CPU runtime in seconds

3. IloCplex.IntParam. MIPEmphasis = 4, emphasise finding hidden feasible solutions.

4.7.3 Performance measures

As the optimal objective value depends on randomly-generated demand and due-dates, it
is not possible to compare the solution approaches by its objective function’s face value.
Therefore, the relative performance of the presented solution approaches is compared by

Student’s t-test. For lower bound comparison, the relative performance ratio is defined as

(LBLr — LBry)

LBR(LR,IM) = .
( ’ ) maX(LBLR,LB[M)

(4.45)
A positive lower bound ratio (LBR) means that LR is better as it has a higher lower
bound. Similarly, for the upper bound ratio (UBR) is defined as

(UBLr —UBru)
min(UBLR, UB[M) .

UBR(LR,IM) = (4.46)

Here, a negative UBR means that LR is better as it has a lower upper bound.

In addition to these performance ratios, we compare LR and IM with their relative gap
and runtime. In the following section, we have presented the overall results, series-wise
results and group-wise results using confidence intervals, cumulative frequency plots, box

plots (quantile plots) and summary tables.
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4.7.4 Experimental results

Since over all the instances, the average order per producer and the average trips per
train are about the same, results in this section will show that an increase in the number
of producers alone makes this problem challenging. Indeed, as the number of producers
increases, the system will have more overlapping due-dates and will be forced to make
more numbers of trips in the same planning horizon. This makes it increasingly difficult
for IM to optimally allocate train resources. The complexity explosion is also reflected in

the results, since, in more than 40% of instances, IM failed to find even a feasible solution.

Figure 4.3 and Figure 4.4 show the estimated mean and 95% confidence interval from the
Student’s ¢-test for the performance ratios. Interval boundaries and the mean are marked

with thick ‘red’ cross lines.
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Figure 4.3: 95% confidence interval for the LBR (LR, IM)

Figure 4.3 and Figure 4.4 clearly demonstrate the dominance of LR scheme over IM and

results can be summarised as follows:

1. The lower bounds obtained by the LR scheme were always at least 5% better than
the lower bounds found by IM. The difference was much more significant in instances
with a larger number of producers. For example, in instances with 10, 12 and 15
producers, the quality of the lower bounds found by LR was at least 20% better
than that of IM.
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Figure 4.4: 95% confidence interval for the UBR (LR, IM)

2. The upper bound obtained by IM is only slightly better than the upper bound
obtained from LR for the series with five producers. In this case, the difference is

only marginal since a 95% confidence interval for the ratio is [0.0007,0.0293].

3. For instances with six or more producers, LR always found better upper bounds
than IM. This difference was much more significant as the number of producers

increased.

Figure 4.5 shows the overall cumulative frequency plot for both the ratios. Few interesting
points, where the ratio hits at 5%, 10%, 90% and 95% are also marked. The LBR is
positive in 95% of instances. This implies that the lower bound computed using LR is
higher than the lower bound computed using IM. The UBR is less than 0.03 in 90%
instances. Thus, the upper bound obtained from LR is either better or close to the bound
obtained by IM. There are instances where the improvement in the upper bound is more

than 35% and the improvement in the lower bound is more than 30%.

In every series, the lower bound ratio is computed from 30 observations. However, less
than 11 observations were available for the upper bound ratio in the series with 9, 10,
12 and 15 producers. Therefore, based on IM’s performance and to undertake a more

detailed analysis of the results, we further classify the data instances into four groups.
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Figure 4.5: Cumulative frequency plot for LBR and UBR
Group Description
Easy Final gap obtained by the IM is less than 10%
Medium Final gap obtained by the IM is between 10% and 20%
Hard If the IM finds a feasible solution and the final gap is greater than 20%
Very Hard IM could not find a feasible solution.

0.4

Table 4.2 summarise distribution of the instances and their properties in each group.

The table clearly indicates that as the number of producers increases it becomes increas-

ingly difficult for IM to find any feasible solution or to converge to a solution within a

reasonable gap.

Table 4.2: Properties of the data groups

# producers (I) 5 6 7 8 9 10 12 15

Group Number of data instances Total §Orders §Trips
Easy 4 5 5 - - - - - 24 10 18
Medium 7T 8 6 5H 2 1 1 -~ 30 14 26
Hard 9 17 17 13 8 7 3 1 75 16 30
Very Hard - - 2 12 20 22 26 29 111 22 41
Total 30 30 30 30 30 30 30 30 240

§= Average number of, # = number of
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The 95% confidence interval from Student’s ¢-test for different groups is presented in Fig-

ure 4.6. Once again, the gap between IM and LR has visibly increased and demonstrates
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=
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: :
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I —_— NA
\ \ 1 0.2 I I 1
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(a) Lower bound (b) Upper bound

Figure 4.6: 95% confidence interval for the relative difference for different groups

the advantage of decomposed optimisation scheme proposed in this chapter. The results

show that:

1. The average improvement of LR over IM in the lower bound is 2, 12, 19 and 22%
for the groups easy, medium, hard and very hard, respectively.

2. Only in ‘easy’ instances could IM find upper bounds better than the LR method;
the difference was, however, only marginal.

3. The upper bound found by LR is on an average better by 12.5% in the ‘hard’
group—which includes almost 1/3 of instances.

4. In the ‘very hard’ group, IM could not find any feasible solution. Therefore, the
upper bound ratio is not available. However, the LR scheme could find feasible

solutions with a median gap of less than 10% in 1800 seconds (Figure 4.7(d)).

Simply comparing the final results does not completely convey the performance of both

methods. Therefore, we also compare the gap obtained from LR and IM at four different
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time periods. The gap is defined as (UB — LB)/UB. Table 4.3 presents the median gap
computed for each series. Figure 4.7 shows the median, 1/4 and 3/4 quartile of gap at
900, 1800, 2700 and 3600 seconds. The solid box represents the gap obtained from LR
and the other box is for IM. The mean gap is marked with a black dot and outliers with
a red ‘plus’ (4) symbol. In Table 4.3 and Figure 4.7(d), the gap of IM is taken as 1 (or

100%) in the absence of any feasible solution.

Table 4.3: Median of the relative gap in percentage
Integrated model (IM) Decomposed model (LR)

Time in seconds Time in seconds

# Producers 900 1800 2700 3600 900 1800 2700 3600
) 18.03 13.65 11.94 10.51 9.75 6.21 546 4.54

6 34.28 26.05 23.47 22.10 12.61 10.14 7.51 6.92

7 55.50 28.48 25.93 22.85 6.99 447 3.11 2.61

8 87.02 74.04 59.95 38.97 6.89 532 4.01 2.99

9 100 100 100 100 7.94 583 494 3.44

10 100 100 100 100 7.36  4.27 2.79 1.83

12 100 100 100 100 15.54 10.07 9.07 7.98

15 100 100 100 100 9.38 4.96 3.78 3.03
Basy 9.90 5.10 296 2.28 210 1.21 0.90 0.73
Medium 25.57 18.96 17.09 15.66 6.68 3.44 248 2.21
Hard 70.68 49.44 35.41 28.11 10.00 7.28 6.46 5.21
Very Hard 100 100 100 100 10.73  7.09 599 5.18
Overall 87.25 74.50 61.64 41.05 8.92 6.25 5.15 4.02

The following observations can be made from Figure 4.7 and Table 4.3:
1. The gap of LR is consistently better in all groups and series at all time periods. LR
has less than 17% gap in 229 out of 240 instances.

2. For the series with more than nine producers, IM is intractable because the median
gap is 100%.

3. For the series with 9, 10, 12 and 15 producers, LR’s median gap is 3.44%, 1.83%,
7.98% and 3.03%, respectively. It shows the strength of LR in instances with a large

number of producers.

4. LR gets feasible solutions very quickly. In 900 seconds, the median gap obtained

from the LR is less than 7% in easy and medium groups and 11% in hard and very
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Figure 4.7: Relative gap at different time points for different groups

hard groups.

5. During the period of 1800 to 3600 seconds, the reduction in the gap of LR is very
minimal (on an average, 1% per 900 seconds). As part of ongoing research, stronger
constraints, which will act as cuts, will be explored in order to improve the conver-

gence of LR.

6. In Table 4.3, as the number of producers increases, the gap obtained from IM
increases non-linearly. At the same time, LR shows stable behaviour, irrespective of
this increase. This clearly demonstrates the strength of the decomposed algorithm

over integrated models.
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To summarise, LR has better lower bound in 99%, upper bound in 90% and gap in 98%
of instances. In our scheme, the production plan and train combination computed for
the lower bound, guides the upper bound. However, IM is benefited from independent
branching carried out by the CPLEX solver for the lower bound and upper bound. The
guided upper bound computation helps LR to bring down the gap very quickly. The
median gap from 240 instances of IM is 41% and that of LR is 4%. In short, the above
computational experiment confirms the effectiveness of the LR scheme to give solutions

very quickly especially if the number of producers increases.

4.8 Conclusions

In this chapter, an integrated planning-scheduling problem motivated by the
coal-supply chain in Australia is considered. The integrated production-planning and
resource-scheduling problem is formulated. We propose a decomposition scheme to
split the production planning and resource-scheduling decisions based on Lagrangian
relaxation. = Mathematical programming models for the sub-problems, additional
constraints to improve the LP relaxation, Lagrangian function and the decomposed
algorithm are also discussed in this chapter. The proposed algorithm is improved with
the Volume algorithm and the Wedelin algorithm. The strength of the algorithm is
demonstrated by comparing its performance with an MILP, via extensive computational
experiments. The results show that the decomposed algorithm found significantly better

lower and upper bounds than MILP.

This chapter shows that the LR-based decomposition is a powerful computational tech-
nique to solve the integrated problems which have a diagonal structure (see Section 3.4).
The integrated models require all the DMUs to share complete information and make deci-
sions simultaneously, by solving a single MILP. Therefore, the decomposed models cannot
be directly applied on a decentralised supply network. In such situations, decomposed
models are preferable and easy to execute. In this approach, individual decision-making
units have the flexibility to make the decisions separately and the feedback is given through
the Lagrangian multipliers. In the sense of information visibility and controls, both of

these models are single-operator models.

At present, two major decisions, production planning and resource-scheduling, are con-
sidered in this model. This study can be extended by including other DMUs. The
convergence of the distributed scheme will be further strengthened by improvements to
Lagrangian relaxation, Volume algorithm and Wedelin algorithm. This algorithm can be
extended by considering partial information sharing and multiple objectives for differ-
ent DMUs.
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4.8. CONCLUSIONS

Even though the LR algorithm performed better than the integrated model, the speed
of convergence is low in larger problems. The convergence of the LR algorithm is slower
since it does not have any history of solutions computed in any iteration other than the
current one. Therefore, other decomposition algorithms such as column generation and

Bender’s decomposition can be attempted on the same framework.
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Chapter 5

A Decomposed Approach Based on Column
Generation for Two-Party Coordination

The previous chapter (and [134]) presents a decomposition algorithm based on Lagrangian
relaxation (LR). It highlights the advantages of a decomposed decision-making approach
over an integrated one. Even though the LR algorithm performed better than the inte-
grated model, it had a slow convergence rate for larger problems. Hence, column genera-
tion (CG) algorithms are explored to solve the integrated problem. The main advantage
of CG over LR is that while LR uses only one set of previous history, CG records all
feasible columns from every iterations to construct globally feasible columns. Hence, CG
converges faster than LR. A combination of multiple stabilisation methods is explored to
improve the performance of the CG algorithm. We discuss and customise a few techniques

that improve the computational efficiency of the traditional CG algorithm.

In this chapter, we develop an approach using a customised column generation (CG)
scheme, to solve an integrated production planning and resource scheduling problem. In
the production planning stage, each producer defines a partial allocation of resources.
This means that resource allocation and its scheduling can be carried out sequentially.
Thus, the original problem is decomposed into smaller solvable sub-problems to solve
production planning and resource scheduling separately. A feasible production plan and
corresponding resource allocation are considered together as a column and are stored in
the solution pool. The master problem will then pick the best columns, from the solution
pool, which minimise the overall cost—subject to the resource availability constraint.
This method is computationally efficient compared to the Lagrangian relaxation method

because it stores and manages multiple solutions at the same time.

Section 5.1 provides a summary of related work. Section 5.2 explains decomposition and
the details of the column generation algorithm. In order to compute globally feasible
solutions, two heuristics algorithms are added in Section 5.3. In Section 5.4, the basic

CG implementation is strengthened with a few additional techniques. Section 5.5 gives

Some parts of this chapter have been published as an article in the European Journal of Operational
Research [137]
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an overview of the datasets and performance measures. Section 5.6 summarises detailed

results and comparisons of different modelling approaches.

5.1 Related work

Decomposition is an established idea to solve a large problem by splitting it into solvable
sub-problems. It is ideal for the problems which has a group of independent decision

blocks connected with a few linking constraints.

Dantzig and Wolfe [45] introduced an efficient decomposition algorithm for a special class
of problems. Today, Dantzig-Wolfe decomposition (DWD) is a widely-applied solution
approach in solving large optimisation problems. In a good number of research arti-
cles, CG-DWD is preferred as the solution technique. All of these show that the CG
scheme is effective in solving large problems. Wentges [149] introduced a weighted DWD
and presented some results on the convergence of this scheme under certain conditions.
Pessoa et al. [110] discuss a stronger convergence of this algorithm. The major issues con-
cerned with DWD are slow convergence and stabilisation of dual prices. Amor et al. [5]
and Vanderbeck and Wolsey [143] analyse some of the latest (dual price) stabilisation
techniques. Please read Desrosiers and Liibbecke [51] for an introduction to CG and its
key features. Pochet and Wolsey [111] discuss different production planning models and
MILP formulations. They suggest many practical reformulation techniques and polyhe-

dral results to strengthen the model and solve it effectively.

5.2 Column generation scheme

The Dantzig-Wolfe decomposition (DWD) allows us to express all points in the feasible
region of a linear program as a linear combination of extreme points and extreme rays.
For large problems, it is impossible to identify all extreme points/rays. Therefore, in
DWD, we start with one point and expand the collection of vertices iteratively. This
chapter presents a customised column generation (CG) scheme to solve the two-party

coordination problem, discussed in Chapter 4.

A CG algorithm has two components: master problem (MP) and sub-problems. The
master problem (MP) is the train scheduling problem which does not have any production
considerations. The production planning problem, described in Section 4.3, is considered
in the sub-problems. The solutions (schedules) of each producer form the columns of the
MP, from which a globally feasible solution is obtained. However, this MP can be very

large. Therefore, we consider a restricted MP which has a smaller subset of the columns.
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The sub-problems iteratively generate new columns for the MP using the dual prices from
the restricted MP. The different solutions to the MP imply different allocations of trains

to the mines.

5.2.1 Master problem

The master problem selects the best column for each producer which does not violate
the resource availability constraint and minimises total system cost. Index ¢ denotes

a column.

Define,

Vie = Value (cost) of column ¢ of i® producer. For each column ¢, there exists a

solution in §;. Hence, V. can be computed with the objective function (4.1).

Xt.., = Number of servicing trains of class w for the i*" producer with respect to

column c at time t.
Zi 1s a binary variable, = 1 if the column ¢ of producer 7 is used, 0 otherwise.

The parameters V. an x%, are precomputed for each column. x;. is the only decision

variable of the MP. Then, the master problem is

[MP] Vup = min Z Vieic (5.1)
subject to i Tie =1 ) (5.2)

Zczxfcwxic < K, Vow,t (5.3)

:c:e {0,1} (5.4)

The objective (5.1) minimises the total value of selected columns. Constraint (5.2) ensures
that exactly one column will be selected for each producer. All the selected columns
must satisfy the linking constraint (5.3). Each of the columns satisfies the corresponding
producer’s constraints. Therefore, the optimal solution to the master problem will be
optimal for the system and feasible for all producers and the resource manager. In the

relaxed master problem (RM P) which relax the integer constraint (5.4) is

[RMP] Virp =min » _ View (5.1)
subject to  (5.2),(5.3) and
0< @ < 1. (5.5)
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At an iteration k, the number of columns will be finite and restricted to a subset of all
the feasible columns. The restricted relaxed master problem at iteration £ is represented
as RM P*.

5.2.2 A decomposed algorithm based on the column generation

The column generation algorithm solves the relaxed master problem iteratively. Initially,
it starts with a finite set of feasible columns and then, it iteratively adds more columns.
The penalty for violating the resource constraint is communicated to the sub-problems

through the dual prices computed from the master problem.

Let Af, be the dual price of resource constraint for a class w at time ¢, then the sub-
problems are solved with the modified LR objective function (4.24). Algorithm 4 il-
lustrates a basic decomposed approach that is developed based on traditional iterative

column generation schemes and DWD.

Algorithm 4 A basic column generation algorithm
1: Initialise LB* = 0,UB* = 00,k = 0,TL = 3600secs, € = 107>, eT"ime=elapsed time.
2: Initialise solution pool S” with a feasible solution (column).
3: while (eTime < TL) do
4:  Solve the RM P* with solution pool S* and the corresponding dual variables be A(*).,
For each producer i, solve P; given in (4.25) with \(*),
Compute LB® = 3, Z;(A®) — 37 (Kw - ASf’).
Update solution pool with all new columns.
if (LB* > LB*) then
Set LB* = LB
10:  Call the heuristics presented in Section 5.3 to generate globally feasible columns.

11:  Remove columns which are non-basic and do not contribute to the optimal solution of
RM P for ten continuous iterations.
12: if ((VRMP(Sk) — LB*)/VRMP(Sk) <€) then

13: Evaluate the integer version of the master problem to identify the best-known upper
bound U B* and corresponding integer solution.

14: break /* Prices are stable®/

15:  k=k+1

16: Report LB*,UB* and gap = (UB* — LB*)/UB*.

The objective of the CG algorithm is to compute a better lower bound for the relaxed
master problem. The lower bound from the IM and the CG will be the same if the integer
relaxation of the problem was being solved. However, in this case, it is an MILP problem;
therefore, the quality of the bound also depends on the cuts and how deep the branch
and bound search is able to reach. The valid inequalities (4.12) to (4.18) are introduced
to tighten the MILP formulation of P;. It helps us to achieve better bounds.
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In every iteration k, LB* is less than or equal to Vgap. Once both values are equal, sub-
problems will not add any new columns to the solution pool. Therefore, the algorithm
will not guarantee good integer solutions. Section 5.3 illustrates heuristic procedures to
achieve a better upper bound by generating more numbers of globally feasible columns
from the solutions of the RM P*.

5.3 Heuristics to generate feasible columns

The sub-problem P; given in (4.25) create columns for the i*® producer. It is unlikely that
a simple amalgamation of these columns ‘as-is’ will produce a globally feasible solution.
At the same time, the rate of convergence of this algorithm is dependent on quality of
globally feasible solutions we have in the solution pool. Therefore, in this section, we

propose two heuristics procedures to generate globally feasible columns.

(I) The Job scheduling model, where the rail operator attempts to derive a feasible

solution to the problem with inputs from all the producers,

(IT) The Leader-follower mechanism, where each producer attempts to make a better

schedule after fixing certain columns (partial schedules) for all the other producers.

In these heuristics, importance is given to global feasibility rather than to cost minimi-
sation. Heuristic (I) and Heuristic (II) receive inputs from the solutions of the RM P,
which consists of many partial schedules for each producer. Since these heuristics are

customised to generate globally feasible columns, it improves the upper bound U B*.

5.3.1 Job scheduling model

A combination of the solutions from the sub-problems need not satisfy the resource con-
straint (5.3) of the master problem. Therefore, the rail operator uses the available infor-
mation from the sub-problem solution and attempts to prepare a globally feasible schedule
which minimises deviation from expected schedules. The rail operator, upon receiving the
requests from the producers, is aware of the resource class combination and due-dates.
Hence, the rail operator defines the train trips (jobs) required by each class at this stage.
Each job has three stages: (i) forward journey from the terminal to the mine; (i7) loading;
and (i4i) return journey with full load to the terminal and unloading at the terminal. We

define the additional variables required for the job scheduling model:
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Parameters
j  index of job
M

; mine associated with job j

T; train class associated with job j

RJQ forward travel time required for the job j
1 . . . . .

R; loading time required for the job j

R]2- return travel time required for the job j

L.

i = R]l + R?, time required for loading and return travel for the job j

F; due date of job j

VVjT tardiness weights of the job j, which reflect the importance of the job. Higher
weight implies higher importance

W]-E earliness weights of the job j
C% weighted tardiness of job j at time ¢, C} = W[ max{t — F},0} for all j, ¢
G weighted earliness of job j at time ¢, G = W max{F; — ¢,0} for all j,¢

K, number of trains with class w

Decision Variables
1 if the job j is completed on or before time ¢

0 otherwise.

Each job j can be represented as a pair of the producer, M;, and the corresponding
resource class, T}, that is, job(j) = (M;,Tj). The properties such as Rf, L; are inherited
from the corresponding resource class. In other words, L; = Ly, and so on. Suppose a
producer makes a request for a train from the class w at time ', then nl, — nt~! = 1.
Therefore, the corresponding job is expected to arrive at time ¢'. Hence, its due date is

P}:t/—l-LJ

The weights W”, W and costs C?, G} are decided by the resource manager. In this
section, the properties such as due-date, earliness, tardiness and weight are discussed
only with respect to the jobs. These properties differ from similar ones in the orders

received from the terminal by the mines.

Objective: The objective of this job scheduling model is to minimise the total weighted
tardiness and earliness. This guides the model to schedule the jobs as close to their due-

dates as possible. If the earliness cost is greater than the tardiness cost, jobs will be
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advanced only if it is required to maintain feasibility.

minZp =Y > [CH(zh — 27 + Gz — 2] (5.6)
j >0

Constraints: Equations (5.7)-(5.13) denote the constraints of the model.

The cumulative supply from any producer should be less than its total possible production.

o gthvi<in Vit (5.7)
JIMj=i
At any time, there should not be more than one job for loading at any production location.
. R2 ,
Z (Z;JFLJ - z;+ )<1 Vit (5.8)
jIMj=i

Once a job is completed, it stays as completed.
2> Vgt (5.9)
All jobs must be completed at the end of the planning horizon.
Z=1 VjeJ (5.10)
The number of trains in any class is limited. This is equivalent to constraints (3.3), (4.19)
and (5.3).
0 1 2
Z (z;JerJrRﬁRj —2) <K, Yuwt (5.11)
J|ITj=w
Every producer must satisfy (u — 1) order before the due-date of the u'® order.
> v > Dl Vi, u (5.12)
JIMj=i
Scope and boundary conditions.

2 =0; z;€{0,1} Vit (5.13)

In general, this model will give us a feasible solution by advancing or delaying jobs,
unless the due-dates are very close, and hence, constraint (5.12) is violated. Once the job
schedules are computed, the corresponding columns for each producer and their values

can be computed easily.

5.3.2 Leader-Follower mechanism

As stated earlier, the resource constraint (5.3) is the only link between the producers.
If we know the complete (or partial) schedule of all the other producers, then each pro-
ducer can have a better understanding of the resource availability. Hence, a particular

producer can customise their schedule to obtain a globally feasible solution. In this case,
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constraint (4.11) can be modified as

(" =it S KL, Vot (5.14)
where, K! = K, — (Trains reserved by other producers at time ¢). Solving the sub-

problem with constraint (5.14) will restrict the solution space and will increase the possi-
bility of getting globally feasible columns. To achieve this, columns are randomly selected
from the solution pool of the RM P* for a few producers thus solving the job scheduling
for others. Hence, it will be restricted to a small neighbourhood of feasible solutions of
the RM P. Adding these extra columns back to the pool will improve the U B*.

Figure 5.1 shows the pictorial representation of CG Algorithm 4. The sub-problem and
the RMP are used to compute the limits on the lower bound. Finding better upper
bound is equivalent to computing better globally feasible solutions. Here we have three
alternatives: (i) Master problem, (iz) Job scheduling model and (iii) Leader-Follower
mechanism. The RMP computes the dual-prices of the resource utilisation constraints

and provides feedback to the producers on their column generation.

Upper bound

Master problem

1 1
1 1
1 1
. ! :

1
: Lower bound ! X (Integer) :
: 1 : 1
1 |Production planning| Columns Master problem =COIumns' : 1
1 (Mine) (LP version) ! : Rail operator :
, I : model .
I \ : . :
: Dual-prices | : 1
""""""""""""""""""""""" ! 1 UB Heuristic !
: (Mine) '
1 1

Figure 5.1: Column generation framework

5.3.3 Integer solutions

We may get good integer solutions directly from the heuristics described in Section 5.3.
Another option is to solve the integer version of the MP, in which, the model tries to find
optimal columns from the available pool. There is no guarantee that the optimal integer
solution will be one among the optimal solutions of the RMP; some non-basic columns of
the RMP can also be in the optimal integer solution. To maintain a reasonable problem

size, the CG algorithm removes a few non-contributing columns from the solution pool
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(see step 11 of Algorithm 4). Hence, there is a chance of missing some good candidates
for the optimal integer solution. To avoid this problem, we can have two versions of the
solution pool &: one for the RMP and one for the integer MP. Unless there are some
memory restrictions, all columns from any iteration can be stored. However, solving the
integer MP with all columns is not advisable because of the size of the solution pool.
Once the prices are stable, new columns will not be added to the solution pool. In this
case, we can filter the columns for the integer MP based on the current bounds, such that,

they are within a neighbourhood of the relaxed solution.

A basic column generation Algorithm 4 was implemented and tested on several randomly
generated datasets. More details of the datasets and results are presented in Section 5.5.
Even though CG has shown significant progress compared to the centralised model, there
are multiple strengthening methods that can and must be explored. Section 5.4 explains

some of them.

5.4 Strengthening techniques for the CG algorithm

The literature and computational experiments suggest that the traditional CG algorithm
can be improved significantly. In this section, we discuss two stabilisation methods and

an improvement technique to strengthen the algorithm.

5.4.1 Stabilisation

The major drawbacks of the basic CG scheme, as mentioned by Amor et al. [5], are
(a) slow convergence and (b) high oscillation of dual-prices. Many stabilisation meth-
ods are proposed in the literature to overcome these problems. The reader can refer
to Liibbecke and Desrosiers [96], Amor et al. [5] and Vanderbeck and Wolsey [143] for
recent reviews. The stabilisation of the dual price is centred on what is referred to as
stability centre. In any iteration, the stability centre is the current best-known dual-price.
Hence, we try to get dual prices close to the current stability centre. The concept of sta-
bility centre will minimise very high deviations in dual prices and will eventually improve
the quality of the solution. In our proposed scheme, we use the weighted Dantzig-Wolfe
decomposition method discussed in [51] and [110], along with a two-piece stability term
motivated from [5]. The weighted scheme stabilises the dual prices at the sub-problem
level. The stability term added to the objective helps to stabilise the master problem. By
introducing both methods, we aim to minimise the instability of the scheme and achieve

the optimal state in a fewer number of iterations.
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Let A be the stability centre. To stabilise the dual price, we penalise the difference between
new dual prices A and A. Fenchel’s conjugate of D(\ — \) is added to the objective of the
RMP as a stability term (see [5]). Therefore, the RMP can be updated as:

Vryvp = min Z VieTic — A -y + D*(y) (5.15)

i,c

subject to
d wmie=1 Vi (5.16)
Z XbewTic — Y < Ky YV w,t (dual variables \) (5.17)
0<wi <1, 0<y, (5.18)

where, y = (y%)) corresponds to the additional resource provided for the class w at time

t and the stability term is defined as,

(

v M, if0<v<u,
D*(y) = g(yl), where g(v) = My + My(v —p) if v > p, (5.19)
w,t
0 otherwise.

\

and My, M, are constants such that M; < M.

To understand the role of the stability function, preliminary experiments were conducted

where the CG scheme was executed with four different stability functions.

Case-1: u = 0.5, My = LB*k/20, My = M5/10

Case-2 : u=1,My = LB*k/20, M; = M,/10

Case-3 : u =0, M, = LB*k/20 (Single piece)

Case-4 : u = 0.5, My = LB*k/20, My = M5/20
where k is the iteration number. The preliminary experiments were conducted on 20 data
sets from each data series (See Section 4.7.1 on details about the data set generation).

Figure 5.2 shows a comparison of the upper bound obtained from these four cases, nor-
malised with the minimum UB. On the z-axis, the upper bound is taken after dividing
it with the best-known value from these four methods. On the y-axis, the cumulative

frequency is marked. It can be observed from Figure 5.2 that the trends are quite similar
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Figure 5.2: Upper bound comparison with different stability functions

for all four cases, with case-1 having some relative advantage. Therefore, case-1 is chosen

for further improvements to the CG scheme.

5.4.2 Multiple columns

In general, finding all possible solutions of each sub-problem is very difficult. The tradi-
tional CG algorithm considers only one optimal solution from a sub-problem. However,
Huisman et al. [79] suggest that faster convergence may be achieved by adding more
columns. The MP complexity and the additional time and computational resource re-
quired are the bottlenecks in using this option directly. A commercial solver, CPLEX 12.1,
is used to perform the computational experiments. Instead of storing a single solution
from each iteration, multiple solutions can be recorded. Step 7 of Algorithm 4 can be
modified to record all the solutions reported by the CPLEX solver. CPLEX has the ability
to generate more solutions, although at the cost of significant time and memory in each
of the sub-problems and the MP. Hence, the advantage of iterative improvement is lost.
Therefore, all computational experiments were performed with the settings mentioned in
Section 4.7.2. Step 11 removes a few non-contributing columns and maintains the size of
the MP.
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5.4.3 Improved CG algorithm

The basic CG algorithm is strengthened with stabilisation techniques and the improve-
ment features discussed in Section 5.4.2. An improved version of it is presented in Algo-

rithm 5. In Algorithm 5, we apply stabilisation in two stages:

Algorithm 5 An improved CG algorithm (CG)
1: Initialise A = 0, LB* = 0,UB* = 00,k = 0, = 0.5, Time Limit T'L = 3600, ¢ = 107°,
1= 0.5, eTime = elapsed time in seconds.
2: Initialise the solution pool S® with a feasible solution.
3: while (eTime < TL) do
4. Solve the RM P* given in (5.15)—(5.18), with solution pool 8* and the correspond-
ing dual variables be \(*).

5. Set My = (k/20)LB* and M; = M,/10.0.

6:  Set A =aA® 4+ (1 —a)X.

7. For each i, solve P; with A.

8 Compute LB® =3 Z,(A\®) - %" <Kw : Aiﬁ“).
9:  Update solution pool with all the new columns.
10: if (LB* > LB*) then

11: Set LB* = LB*.

12: A=A /* Update the stability centre*/

13:  Call the heuristics presented in Section 5.3 to create globally feasible columns.

14:  Remove columns which are non-basic and do not contribute to the optimal solution
of the RMP for 10 consecutive iterations.

15: if ((VRMP(Sk) — LB*)/VRMP(Sk) < 6) then

16: Evaluate the integer version of the MP to identify the best-known upper bound
UB* and integer solution.

17: break /*Since the bounds are close enough, there is scope to improve the dual
prices™/

18 k=k+1

19: Report LB*,UB* and gap = (UB* — LB*)/UB*.

(i) Stabilisation at a sub-problem level is implemented by using a linear combination

of previous and current dual prices (see step 6) and

(ii) Stabilisation at the master problem level is provided by adding a stabilisation term
to the objective of the MP (see Section 5.4.1).

Apart from stabilisation techniques, we implemented a feature to store and use multiple
solutions (columns) at each iteration (see step 9 of Algorithm 5). Column management,

which was discussed in Section 5.3.3, is implemented in step 11 of Algorithm 5. With these
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two factors in consideration, Table 5.1 describes four different versions of Algorithm 5. The

abbreviations ‘SS” and ‘MS’ represent a single solution and multiple solutions, respectively.

Table 5.1: Different CG algorithms and their properties

Version  Stabilisation  Solution(s) Tag RMP references
1 No Single CG — Non-stabilised SS  (5.1)-(5.3) and (5.5)
2 Yes Single CG — Stabilised SS (5.15)-(5.18)
3 No Multiple ~ CG — Non-stabilised MS ~ (5.1)-(5.3) and (5.5)
4 Yes Multiple  CG — Stabilised MS (5.15)-(5.18)

5.5 Computational experiments

In this section we compare the column generation algorithm with the integrated model
over a set of realistic problem instances. For convenience, the iterative column generation

Algorithm 5 is represented as ‘CG’.

This integrated model is a collection of all sub-problems with an additional linking

constraint. It can be expressed as,

[IM] min {Z Zi(8;) ' fow(si) < Ky, Yw, t; s; €8, Vi} (5.20)

where s; corresponds to a schedule (column) of each producer from the solution pool S;,
which satisfies constraints (4.2) to (4.18) for all 4. x%,(s;) represents the number of active
resources (trains) from the class w at time t for the producer i. The above integrated
model is referred to as ‘IM’. The IM is implemented and solved using CPLEX 12.1.

In Section 4.7, we had used 240 randomly generated instances used for a comparison
between LR and the IM. The same datasets are used for the results presented in this
section. The IM and CG schemes were terminated when the optimal solution was found
or when a CPU time limit of one hour was reached. An additional 0.1% tolerance was
permitted in the final optimality gap for the IM and 0.005% for the lower bounds in CG
(see step 15 of Algorithm 5). However, sub-problems and job scheduling models were
terminated at optimality. The lower bound of CG corresponds to the objective value of
the RMP and the upper bound is computed from the integer MP. Therefore, we allow a

2% optimality gap in CG. Similar termination criteria are used for the LR scheme.

As mentioned in Section 4.7.3, the optimal objective value of the problem depends on
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randomly generated demand and due-dates. Therefore, it is not easy to capture the
impact of the solution approaches on different datasets by comparing objective function
face values. Therefore, a normalised performance measure is developed based on the
Student’s ¢-test. Similar to (4.45) and (4.46), the relative performance ratio for comparing

the lower bounds and upper bounds obtained from CG and the IM are defined as

LBcg — LBy
LB IM) = d 21
RGN = T hoe LB ™ (5:21)
Bee — UB
UBR (CG, IM) = UbBcs M (5.22)

min(UBcg, UB[M) ‘

A positive LB ratio (LBR) means that CG is better, as it has a higher lower bound.
Similarly for the upper bound, a positive UB ratio (UBR) means that the IM is better.
In some cases UBR cannot be computed since the IM was not able to compute a single
feasible solution within the time limit. However, the lower bound computation is very
quick, and hence, LBR is available for all problem instances. Estimated mean and 95%

confidence interval (CI) for the same ratios are computed using the Student’s ¢-test.

5.6 Results and discussions

The results are summarised in two sections. Section 5.6.1 shows the impact of stabilisation
of CG algorithms and we choose the best one for further analysis. In Section 5.6.2, we
compare the results from the best CG algorithm with the results from the IM and the LR

algorithm discussed in the previous chapter.

5.6.1 Impact of stabilisation and improvements

The following results compare the four different versions of the CG algorithm given in
Table 5.1. Figure 5.3 and Table 5.2 compare the relative gap and execution time of

different CG versions computed on 240 problem instances.

We analyse the impact of two features: (i) multiple-solutions (MS) and (i) stabilisation.
MS algorithms have smaller relative gaps than their SS equivalent versions. For example,
in 91.3% of data instances, the non-stabilised SS scheme has less than 10% relative gap.
However, the equivalent MS scheme has 95.8% of data instances with less than 10%
relative gap. Similarly 95.4% is improved to 96.7% in the stabilised version. Having
multiple solutions helps to improve the upper bound (integer solution). Sometimes, in
SS, the CG-based algorithm may converge to a common lower bound with a worse integer

solution. In the long run both approaches may yield the same solution. However, in a
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Figure 5.3: Comparison of the relative gaps obtained from different CG algorithms

Table 5.2: CPU run time comparison of different versions
Model Non-stabilised Stabilised

Single-solution = Multiple-solution Single-solution = Multiple-solution

# Producers Mean Median Mean Median Mean Median Mean Median

5 1819 1783 2022 1704 2231 2839 1795 1433
6 2339 2481 2407 2535 2569 3318 2033 1875
7 1844 1698 1045 1044 1840 1750 1228 1251
8 2227 2603 1612 1291 2347 2955 1808 1518
9 2286 2699 1513 1274 2738 3470 1806 1490
10 2335 3145 1877 1530 2460 2551 2122 1832
12 3154 3582 2604 3229 3273 3602 2843 3303
15 2796 3362 2314 2360 2935 3539 2838 3137

given time limit, the stabilised versions have smaller gaps. The relative gap computed
by any CG algorithm is significantly better than the gap obtained by the IM. When we
compare the mean and median execution time, a stabilised MS is relatively better than
any of the other models. In Table 5.2, the clustering around time limit, T'L = 3600

seconds is due to one of the termination criteria on the maximum CPU run time.

The best approach from among the four versions is the multiple solutions version with

the stabilised column generation scheme. A reduction of one-to-five percentage in relative
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gap is observed by the application of stabilisation techniques in the 240 datasets. These
problem sets have only 150/200 time periods and three to four orders per production unit.

Therefore, the advantage will be significantly higher in large problems.

Decomposition algorithm based on LR

Chapter 4 (and [134]) proposed a distributed solution approach based on Lagrangian
relaxation to solve this problem. Algorithm 1 was strengthened with the Wedelin Algo-
rithm [148] and the Volume Algorithm [14]. This iterative algorithm is referred to as ‘LR’
in the rest of the chapter. The same datasets and termination criteria were used to test

LR and CG algorithms.

5.6.2 Comparison of the decomposed models and the
integrated model

From the above runs, we identify that the stabilised multiple solutions method is the best
among all CG versions. For convenience this version, from now on, will be referred to as
‘stabilised CG’, or in short, CG from now on, unless otherwise stated. Some of the results
and part of the discussions comparing LR with the IM are presented in the previous
chapter (see Section 4.7.4). This section emphasises the new results and comparisons
with the CG scheme.

Figure 5.4 and Figure 5.5 compare LBR and UBR calculated with the stabilised CG, LR
and the IM, using equations (4.45), (4.46), (5.21) and (5.22). The CI boundaries and the

mean are marked with thick lines. The observations are summarised below:

1. The UBR and LBR increase as the number of producers increases. The trend is
identical in both, LR and CG, schemes. The highest LBR is observed for the series
with eight producers in both cases. The highest UBR is obtained for the series with
twelve producers in both cases.

2. On an average, LBR for CG is higher than that of LR by 1-2%. However, the UBR
varies up to 8% since CG get better upper bounds than LR.

3. The lower bounds obtained by CG are always at least 6% better than the lower
bounds found by the IM. The difference was much more significant in instances
with more than seven producers; the quality of lower bounds found by CG was at
least 20% better.

4. For a series with five or six producers, the IM, LR and CG, were able to converge
to a solution that is close to the optimal in the given time. Hence, the UBR is close

to zero for these series.
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Figure 5.5: 95% confidence interval for the relative difference in the upper bound

5. The CI for the UBR with twelve producers is relatively large. In 26 out of 30
instances; the IM could not find the solution. Therefore, the CI has been computed
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from the remaining four valuesthe possible reason for the larger interval.

The UBR and LBR increases as the number of producers increases. Figure 5.4 and Fig-
ure 5.5 show that the distributed algorithm, specially CG algorithm, is a computationally
preferable solution approach than the IM.

Table 5.3: Comparison of the mean LBR and UBR

# Producers — 5 6 7 8 9 10 12 15

g(LR, IM) 0.08002 0.14533 0.14448 0.22862 0.20223 0.21553 0.21671 0.21723
= CG, IM) 0.09361 0.16364 0.15273  0.24237 0.21289 0.22873  0.23734  0.22846

(
g(LR, IM) 0.01502 -0.01124 -0.04828 -0.11903 -0.10914 -0.29863 -0.54168 -0.33725
=

CG, IM) 0.01505 -0.02333 -0.06203 -0.13051 -0.12948 -0.31871 -0.62244 -0.33859

Table 5.3 compares the mean LBR, UBR from the two decomposed approaches. Figure 5.6
shows the cumulative frequency plot for the ratios. The trends for both decomposed
models are same. As we can see from Table 5.3 and Figure 5.6, the LBR from CG is
always higher than that from LR. This implies that the CG scheme is able to get a
tighter lower bound than that of LR. The same is true for the upper bound too. For the
instances with greater than seven producers, the mean LBR is greater than 20% and the
mean UBR is greater than 10% for both distributed algorithms. It indicates the advantage
of the distributed model over the integrated model.

1.0
— LBR(LR,IM) (0.04, 0.9 .06, 0. .29, 0. 0.31, 0.95)
v (0.0L. 0.90) 03, 0. 27, 0. 0.29, 0.90)
o.sl| — LBRICG,IM)
— UBR(CG,IM) (0.00, 0.74)

0.6

Frequency

0.4

0.2

(-0.36,

0.4z 03 0.2 0.1 0.0 01 0.2 03 0.4
Relative Ratio

Figure 5.6: Cumulative frequency plot for LBR and UBR

Figure 5.7 exhibits the mean and median of the relative ratios computed for each data

series and each data groups (see Section 4.7.4 and Table 4.2). From this figure, we can
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see that, as the number of players increases the complexity of the problem also increases.
The improvement in the LBR shows a steady behaviour and the average is approximately
20%. However, the benefit in the upper bound computation is heavily depends on the
problem complexity (see the UBR of 10 and 12 mine series and the UBR of the ‘hard’
group). Since IM could not find any single solution for the ‘very hard’ problems, UBR

value cannot be computed for this group.
Figure 5.8 shows the histogram of the relative gap observed for the IM, LR and CG on

240 data sets. Some key observations are,

1. CG outperforms LR and the IM in all cases with significant differences. The number

of cases versus the relative gap for all the approaches is summarised below:

Relative Gap % CcG LR IM
<2 155/240 80/240 15/240
<5 216/240  134/240  17/240
< 10 232/240 198/240 24/240

2. When CG achieves a gap of less than 5% in 89% of the cases, the IM could not
find a single solution in 111 (46%) of the cases. Hence, the IM will be ineffective in

larger problems.

3. CG reaches 99% cumulative frequency with a relative gap of less than 20% and LR

achieves the same with a relative gap of less than 30%.

4. Figure 5.8 shows that the CG scheme converges faster than the LR scheme.

Table 5.4 compares the CPU run time of IM, LR and CG. It is evident that CG has a
clear advantage over LR and the IM in terms of run time. The clustering around the time
limit, T'L = 3600 seconds is due to one of the termination criteria of fixing the maximum

CPU run time to one hour.

5.7 Conclusions

In this chapter, we study a resource constrained scheduling problem (RCSP) with multiple
producers and a single linking constraint. The integrated problem is decomposed and
solved with column generation (CG) techniques and compared with a similar Lagrangian
relaxation (LR) approach discussed in Chapter 4. The decomposed approach has many

advantages over the integrated modelling approach in terms of the quality of solutions
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Table 5.4: CPU run time comparison of IM, LR and CG
IM LR CG
# Producers Min Max Mean Median Min Max Mean Median =~ Min Max Mean Median

9 41 TL 2911 TL 950 TL 3444 TL 21 TL 1795 1433
6 1666 TL 3498 TL 2978 TL TL TL 202 TL 2033 1875
7 369 TL 3383 TL TL TL TL TL 114 3541 1228 1251
8 TL TL TL TL 357 TL 3424 TL 307 TL 1808 1518
9 TL TL TL TL 2058 TL 3572 TL 249 TL 1806 1490
10 TL TL TL TL 2867 TL TL TL 284 TL 2122 1832
12 TL TL TL TL TL TL TL TL 691 TL 2843 3303
15 TL TL TL TL TL TL TL TL 697 TL 2838 3137

Time limit, TL = 3600 seconds

and computational time. Computational experiments show that the CG outperforms LR
and the IM. Although the methods that have been developed in this chapter are tested

within the context of a coal supply chain, it can be extended to other general RCSPs in

contexts such as airline, wine, automobile manufacturing and the services industry.

Two major decisions are considered in our approach: production planning and resource

scheduling. The upper bound of the distributed model can be further strengthened by the
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proposed heuristics. Different stability functions can also be explored to further strengthen
the performance of CG. In future research, we plan to develop new algorithms for cases

with partial information-sharing and also for cases where there are multiple objectives.

In a truly decentralised decision-making there should be a ‘negotiation mechanism’ sup-
ported with an incentive scheme. In that sense, ours is not a truly decentralised decision-
making framework. In our approach, the negotiation protocol is only partially imple-
mented using the CG algorithm, which is (in a sense), ‘controlled’ by the ‘honest broker’
rail operator. We made this assumption simply so that we could converge to a solution,
which is in fact a very difficult real-world problem. Further research will need to include
proper negotiation mechanisms and ensure that the rail operator is no longer a ‘de facto

honest broker’.
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Chapter 6

A Decentralised Approach for Two-Party
Coordination

Chapters 4 and 5 discuss decomposition approaches for the two-party case. The de-
composition models can be viewed as single-operator decentralised models, where the
single-operator uses centralised information to update the bounds and the multipliers. As
an alternative, we look at a truly decentralised decision-making approach which comprises
of (i) multiple stakeholders, (i7) information asymmetry, (iii) conflict in objectives, and

(1v) a negotiation protocol.

The problem under consideration has information asymmetries, conflict in the objectives
among the partners. The decomposed framework proposed in the previous chapters can be
upgraded to a decentralised framework by introducing an honest broker. A decentralised
framework would also have a negotiation scheme. The honest broker who manages the
negotiation decides whether a decision is a wrong or right and manages the compensatory
schemes for bad solutions that any one producer receives. In our models, the rail operator

acts as an honest broker and addresses the negotiation partially.

Decentralised decision-makers are influenced and guided by the individual players/owners.
The objective of the individual players might conflict/be different from that of the other
players in the supply chain. This might lead to inefficient operations from the supply
chain point of view. If there are multiple producers/resource managers, then it is difficult
to align the objectives and priorities of all decision-makers to form a single objective.
Pareto optimal solutions are more suitable in the handling of such multi-objective prob-
lems. This means that the supply chain’s best solution will be the one which cannot be
improved without worsening at least one player’s performance. There are different issues
in incorporating coordination in a decentralised supply chain: an expectation mismatch

between the DMUs and conflicting objectives are some of them.

Certain portions of this chapter are ready to be submitted to the International Journal of Production
Economics [135]
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Information-sharing is one of the key factors in designing a successful coordination mech-
anism [40, 34, 153, 47, 87]. The methods to capture the information and provide feedback
to the various players, and the medium through /by which such information is shared are
also becoming increasingly pertinent to the successful operation of these decentralised
supply chains. In any supply chain, different types of information are shared at various
levels through diverse DMUs. Associating a quantifiable value with this multi-dimensional
information is not easy. Our aim is to conceptualise the value of information and pro-
vide a definition for it and then to study the impact of it in designing a coordination
mechanism for a decentralised supply chain. Even if the DMUs are willing to share the
information, mechanisms are needed to filter out false information. This can be achieved
only if the player does not get any benefit by provided false information. In our anal-
ysis, we also assume that the DMUs are truthful and willing cooperate, with minimal

information sharing.

Section 6.1 outlines decentralised supply chain coordination and Section 6.2 explains the
main components of the coordination. Section 6.3 defines the value of the information

and Section 6.5 presents the computational experiments and their results.

6.1 Decentralised supply chain coordination (DSCC)

Chapter 3 (or [133]) classified decentralised models broadly into two levels: (i) operational
level and (ii) decision-making level. A supply chain can be operated by a single or mul-
tiple operators. The decisions of a single-operator supply chain can be taken either with
a centralised decision-making model or with a decentralised decision-making model. How-
ever, multi-operator supply chains cannot be solved with a centralised decision-making
model. Single-operator decentralised models are often solved with decomposition or other
similar techniques. Under a single operator, lack of information-sharing and the presence
of a conflicting objective may not be present. Decomposed approaches can be extended to
decentralised approaches by reducing the information sharing and minimising the role of a
central coordinator. Information-sharing plays a key role in successful supply chain coor-
dination [153, 47, 59, 41, 34] A detailed literature review on the supply chain coordination
and information sharing is presented in Section 2.2.1 and Section 2.2.5, respectively. In
this chapter, we focus on multi-operator supply chain problems which are solved using

decentralised approaches.

The focus of this chapter is to explain the role of information-sharing in decentralised
supply chain coordination (DSCC). Quantifying the usefulness of information is also il-
lustrated. Understanding the different components and features of DSCC allows us to
design better coordination procedures for decentralised SCs. We explain DSCC with an

example from a coal supply chain.
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6.1.1 A coal supply chain example

Let us consider a coal supply chain example, in which we have two groups of DMUs.
One group is for mines/producers and the second for a rail operator/resource manager.
Figure 6.1 is a schematic diagram of a two-party model. The first group of decision-makers
has multiple sub decision-makers internally, corresponding to individual mines. Each is

independent of the other, but they all have identical structures and operations.

o)

Producers Resource manager

Figure 6.1: Schematic diagram of a two-party supply chain

Only two independent decisions have to be made in this supply chain: (1) resource allo-
cation of trains to the producers and (2) scheduling of requested resources/trains. Many
other dependent decision variables such as the production plan, the overstock status, the
inventory level and the like, can be computed using these independent decision variables.
An elaborate discussion on this supply chain and the mathematical models for each of

the DMUs are presented in Chapter 4. An overview of this is provided below:

Production Planning

The producer receives the orders from the terminal and prepares their production plan
subject to production constraints, resource class properties and their objective costs. The
mathematical model for production planning is presented in Section 4.3. The objective of
this model is to minimise the total production cost. The production plan can be prepared
by considering (or not) the resource information. If it is prepared without considering
the properties of the resource-class (this means, resource availability is assumed to be
infinite), then the decisions might be far away from a globally realisable or feasible so-
lution. If we plan the production along with appropriate resource utilisation, then we

can compute all other dependent variables with respect to this. In a typical situation,
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resource allocation and resource scheduling create a bigger bottleneck than the produc-
tion constraints. Production planning, without knowing resource-class properties, might

increase the inventory stocked at different places.

Resource Scheduling

In a completely independent situation, the resource manager expects the producer to
report the inventory level. Then, the resource manager is expected to make decisions on
the resource-class allocation and its scheduling. As we mentioned earlier, if we completely
separate resource-class allocation from the producer, it might be very difficult to bridge

the gap between the decisions of the producer and the resource manager.

Figure 6.2 illustrates the interrelation between the producer and the resource manager.
The resource constraint connects different producers with the resource manager. The
detailed mathematical models for production planning and resource/job scheduling are

presented in Section 4.3 and Section 5.3.1, respectively.

R Demand, due-dates
7| from terminal

i Parameters Objective
H y
Production capacity Mine
S i Train class capacity o :
8 : > Inventory management Minimise total cost |
b Demurrage costs Demand staisfaction :
A Holding costs Understock, overstock are penalised
Production Plan
Train Requests
v Jobs
Rail Operator
Number of trains S
~ »| Schedule the train to complete the jobs | Minimise total :
® Number of Mines Start the job only after its ready time weighted tardiness |
S Weights of jobs One assignment to one train at a time
(]
()]
'8

Complete Schedule

Figure 6.2: Schematic diagram of a two-party coordination model

In the two-party decomposed models discussed in the previous chapters, the rail operator’s
objective was not considered explicitly. However, here, the rail operator has a direct

contribution to the objective of the integrated model. Let &, be the running cost of a

112



6.2. MAIN COMPONENTS OF DSCC

train of class w at time ¢. Then the total running cost (with respect to the resource

requests, 1) would be

>0 _ffu > (ni™ - nf;R;_R?ﬂ (6.1)

(2

Or the running cost can be expressed in terms of the jobs (j) as,

ZZ _ffu Z (Z§+R?+R§-+R? _ z§>] (6.2)

Then objective (5.6) can be updated as

minZp = Y [(CL+G)(h— 2] +) Z [55' 2 (z;+R;?+R;+R? _ Z;)] (6.3)

j >0 i

The objective of the integrated model (4.4) can also be updated accordingly.

6.2 Main components of DSCC

This section discusses four main components of DSCC. Coordination among the DMUs

in a decentralised supply chain can be studied by characterising these components.

6.2.1 Decisions makers and decisions

In a supply chain, there are multiple DMUs and multiple decisions. Some decisions are
explicitly related and some others are implicitly related to each other. Coordination helps
us to avoid redefining similar variables in different DMUs. In a well-defined DSCC, the
decisions and the decision-makers should be grouped appropriately. This means that the
coordination mechanism must help the decision variables to use the information from

other DMUs to compute their decisions.

Based on the different ways of assigning the decisions to decision-makers, different coor-
dination mechanisms can be developed. Common decisions can be made by any of the
common DMUs. For example, in a producer-distributor supply chain, production plan,
resource (distributing facility /vehicle) allocation and resource scheduling are the major
decisions to be taken. Resource allocation is a decision of the resource manager, which
depends heavily on the producer’s plan and orders. It can be done by the resource man-
ager as well as the producer. If the producer can propose a complete or partial resource
allocation, it will generate a globally-feasible (close-to-optimal) solutions for the supply
chain. Similarly, if the DMUs can share the common decisions, then coordination between
the DMUs will be strong. Through common decision variables, a DMU is able to give

some feedback or influence other DMUs in a favourable way.
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6.2.2 Information-sharing

The coordination efforts are directly linked with the level of information-sharing. Without
information-sharing, it is impossible to consider the preferences/feedback from the other
part of the supply chain. In a win-win situation, DMUs might be willing to share a
fraction of their private information in order to improve their own performance. When
a DMU wants to coordinate with the other DMUs, it needs sufficient information to
ensure global feasibility. For example, if the resource manager plans to advance some
of its vehicle schedules, then it is necessary to know the production capacities to avoid
overall infeasibility. On the other hand, the producer can make better plans if resource

availability and other properties are known to them.

The level of information-sharing can vary from supply chain to supply chain. The pro-
ducer can share the production plan, inventory level, order-quantity, due-dates, resource
allocation, and objective costs. The resource manager’s critical information is resource
class properties, resource availability, and objective costs. If there is no information-
sharing, the coordination will be tough. It might require many iterations to even find a

globally-feasible solution.

False reporting is another issue in information-sharing. It will be difficult to find out
whether a DMU reports its true features or false ones to have better utility. The concept
of mechanism design is useful in addressing such situations (see [75], [22]). We have
not considered false reporting in this thesis. We assume that DMUs report only true
information. The medium or the way in which information is shared is not addressed
here. Our focus is the quality of the information shared and the assigning of a value
to it. Different DSCC models are compared by the value of the information and other

performance measures.

6.2.3 Multiple objectives

Many independent DMUs exist in a decentralised supply chain. In some cases, their
different objectives can conflict or be similar or have different scales and units. So, it
is important to consider these multiple objectives carefully. In general, a centralised
approach expects to have a single supply chain objective by taking a combination of these
individual objectives. In a decentralised approach, we have additional freedom to give

importance to the individual player’s objective.

In the coal example, producers assume that the objectives are the same or different—
minimise the sum of the inventory holding cost, demurrage and order placing costs, min-

imise late/early deliveries, on-time order satisfaction, and maximise profit. At the same
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time, the resource manager may have objectives—minimise total tardiness/earliness of
the requests (jobs), minimise makespan, minimise running cost, maximise utilisation and

the like.

There are multiple performance functions or utility functions in a DSCC to define global
optimality. Hence, the concept of Pareto optimality describes the equilibrium in DSCC.
The performance of DMUs cannot be improved from a Pareto optimal solution without
deteriorating the performance of some other DMU. There can be more than one Pareto
optimal solution. Another popular approach is to use a weighted sum approach to make
a single objective from all these separate objective functions. Marler and Arora [100]
claim that the weighted sum method is extensively used for multi-objective problems.
There are some interesting connections between the weighted sum method and Pareto
optimality. If all of the weights are positive then minimum of the weighted sum is always
Pareto optimal [63]. Marler and Arora [100] provide a comprehensive discussion on the
weight selection and how to maximise the effectiveness of the weighted sum method. The
authors conclude their discussion by pointing out a few scenarios in which the weighted

sum method may not be adequate.

6.2.4 Coordination mechanism

Different coordination mechanisms can be designed based on the level of information-
sharing and decisions grouping. It can be iterative or sequential or with/without feedback.
The integrated model is executed only once. However, the algorithms based on LR and
CG are iterative. The feedback on the linking constraints is given through the multipliers
and they are updated over these iterations. In a production-distributor supply chain,
many coordination mechanisms are possible. The following is not an exhaustive list.
However, a few mechanisms are listed here to convey a broad idea of the variety of that

is available or possible:

1. Solve the production planning model and report the requests for resources. Then
the resource manager can adjust a few requests to make a globally-feasible schedule.

This is a non-iterative two-step process.

2. The producers report their inventory level and the resource manager is required to
work out the resource allocation and scheduling. This can be done iteratively/non-

iteratively.

3. The producers request certain resource allocation and the resource manager sched-

ules these requests and sends a feedback to the producer. It is an iterative process.
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4. The resource manager allots the resources to a producer one after the other. In this

setup, the interaction between the producers is almost nil.

5. The resource manager allots the resources using an MILP model for all the producers
simultaneously. In this case, it is assumed that producers are willing to share some

information with other producers.

These models can be refined by customising them for specific supply chains. The mech-
anism mentioned above can be repeated with different information-sharing set-ups. In
general, if the iterative procedures are built on the foundation of Lagrangian relaxation
or any other decomposition, then convergence is guaranteed. The proposed decentralised
scheme is developed on an iterative algorithm: Lagrangian relaxation (LR). In this algo-
rithm, the producer allocates the resources and the rail operator does the scheduling of the
limited resources. Our interest lies in analysing similar coordination mechanisms, under

different information-sharing situations and computing the value of their information.

6.3 Value of information

From the previous section, it is clear that information-sharing is very important to achieve
successful coordination within a decentralised supply chain. However, before starting the

sharing of information, it is important to address the following important questions:

(i) What are the critical bits of information that can affect the final solution?
(ii) How much of this information needs to be shared?
(iii) How can we quantify the usefulness of an information?

(iv) Is there a mechanism for sharing information and does this mechanism protect the

privacy and security of the data?

In any supply chain, each DMU will always be interested in gaining knowledge on aspects
of other DMUs’ decisions that affect them. On the other hand, since the DMUs are
independent and more or less autonomous; they do not wish to share their private and
competitive information with other DMUs. For example, in the coal supply chain, all
the mines compete for the same trains (resources), at same time. Therefore, it is not
wise (or possible) for the mines to share their production plans with other mines that
compete for the same rail resources. In some cases, sharing some of the information is
really helpful in situations where there is a mutual benefit for the partners. For example,

if the rail operator knows the production capacity then it may ask some of the mines to
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align the production schedule to avoid possible conflicts with the scheduling of the trains.
Therefore, it is very critical to identify key pieces of information which can be shared and

also pieces of information that assist in making an improvement.

Quantifying the impact of information in a supply chain is non-trivial [91]. Some infor-
mation may only have a short-term impact while some other piece of information may
have direct or indirect long-term impacts [86]. The same information could yield different
benefits in different supply chains. In the literature, the value of information is defined
as a relative ratio of the performance measure, both with and without sharing the infor-
mation (see [47, 153, 59]). In this chapter, we use a similar definition for the value of the

information.

In this model, we consider two pieces of information that can be shared between players
in a coal supply chain: (i) production capacity and (ii) resource availability. Table 6.1
summarises the properties of the mathematical models and their dependencies. We define
the value of information as a relative ratio of the performance measure (utility), both with
and without sharing that information. For example, the value of sharing information ‘a’

with respect to the lower bound on the objective value will be defined as,

LB; — LB,

Vesla) = B, LB

(6.4)

where LBj; is the best lower bound computed without sharing information ‘e’ and LB, is
the best lower bound computed with sharing information ‘a’. A similar definition can be

used for other performance measures.

Table 6.1: A summary of the decision-making models of the mines and the rail operator

Mine Rail Operator
Input Orders from the terminal Train request from the mines
Decisions Production plan and train  Feasible train schedule

numbers of different sizes

Objective Minimise total cost of produc-  Minimise operating and tar-
tion and inventory diness cost
Critical information Production capacity Number of trains of different
sizes

6.4 Decentralised decision-making approaches

Two popular decomposition approaches—the Lagrangian relaxation (LR) and the DWD-

column generation (CG)—were presented in the previous chapters. In these two iterative
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algorithms, the lower and upper bounds are updated by a central player who has access
to all the required information. The CG algorithm performs better that the LR in terms
of the bounds and the convergence. The basic building block in the CG algorithm is the
column with a value associated with it. If there are only two players, then we cannot
compute the value of a column without revealing the actual values. Hence, we cannot
extend the CG approach to a two-party decentralised approach. Therefore, in this case,

we propose an approach based on LR.

Algorithm 1 presented in Chapter 4 assumed that the information is centralised. In
this chapter, we extend the decomposed approach to a decentralised one by removing this
assumption. Algorithm 1 presents an updated Lagrangian relaxation algorithm, strength-
ened with the Volume Algorithm [14] and the Wedelin Algorithm [148]. Therefore, the
proposed algorithm in this chapter also includes the Volume algorithm to stabilise dual-
prices, and an heuristic based on the Wedelin algorithm to break the symmetry in updating

the dual prices.

In the coal supply chain example, independent mines are linked with a single rail operator,
who has a fixed number of trains to meet the requests from the mines. Therefore, in the
absence of any restrictions on the number of trains available, there are separate planning
problems for each mine and a train scheduling problem for the rail operator. On the other
hand, if the mines create train requests without knowing the number of trains, that are
available for the operation, then, merely combining the requests from the mines to create
feasible train schedules need not be feasible for the rail operator. Therefore, we use an
algorithm based on Lagrangian relaxation to bridge the gap between the train schedule
requested by the mines and a feasible train schedule for the rail operator. The rail operator
gives feedback to the mines in the form of Lagrangian multipliers. It will eventually
minimise the gap between the requests and the actual schedule. The multipliers, also
known as dual-prices, represent the ‘cost’ of using a train of a particular size at a particular
time. In the next iteration, the mines take these multipliers into account while creating

a new set of train requests.

Figure 6.3 shows the framework for a similar two-party case proposed in [133]. At the
start of iteration-1, each mine assumes that the rail operator has a sufficient number of
trains to meet its requests. Therefore, in step ‘S0’, we initialise the feedback parameter

to zero. Then the decisions are made, iteratively.

The decision models of the mines (see Section 4.3) and the rail operator (see Section 5.3.1)
are solved in Step S1 or S3, respectively. In step S2, the requests from the mines are
combined as inputs (jobs) for the rail operator model. In Step S4, the lower and upper

bounds are computed from the solutions of different decision models. Step S5 and S6
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Figure 6.3: Flowchart for coordinated planning and scheduling

are then used to check the termination criteria and to update the Lagrangian multipliers,

respectively.

In Step S4, the model discussed in Chapter 4 uses centralised methods and heuristics to

compute the bounds. However, in the next sub-section, we propose an approach that

computes the bounds without any central player or information.
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Let A, be the Lagrangian penalty coefficient of resource class w at time ¢, then the

planning sub-problems are solved with a Lagrangian objective (4.24)4-(6.3), is given as,

Z(\) = min [(Z(Objective of producer-i) + Objective of the resource manager)

i

— Z M, (Violation of resource constraint of class w at time t)] : (6.5)

w,t

Algorithm 6 describes an iterative LR algorithm to solve the DSCC problem. It is a
modified version of Algorithm 1. Since our focus is the value of information, here, we

provide an outline of the algorithm, for the completeness.

Algorithm 6 An iterative algorithm based on LR for DSCC
Input: Order quantity with due-date from the terminal

Output: Production plan and train schedule
1: Initialisation
2: while (Elapsed Time < Time Limit) A (gap > 0.001) do
3:  Solve i" sub-problem given in Section 4.3 with an updated objective (6.5).
Find the current violations for each resource class.
Set the lower bound using secure-sum, LB*),
Compute UB™® using any decentralised method.
Update UB*, LB*, if necessary.
Take linear combination of current violation and previous violations.

Update the Lagrangian multipliers.

10:  Use Wedelin based algorithm to update the multipliers.
11:  gap = (UB* — LB*)/UB*

122 k=k+1

There are some differences in the implementation of Algorithm 6 based on different levels
of information-sharing. If the producer knows the resource availability then the feasibility
of the set of requests is higher. At least there will not be any resource violation for the
same producer. There is also a similar modification for the upper bound computation

based on the knowledge of production capacity.

The traditional LR is a decomposed centralised approach. Normally, the lower bound (LB)
and the upper bound (UB) in each iteration are computed by a centralised coordinating
player/agent. If an LR algorithm needs to be converted to a truly decentralised one,
we need to compute the lower bound and the upper bound using decentralised methods.
There need not be a central player who has all information about the producer and the
resource manager. The following subsections suggest procedures to compute LB and UB

using decentralised methods.
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6.4.1 Decentralised methods to compute the bounds

Step S4 in Figure 6.3 is the key step of our decentralised approach where the lower and

upper bounds are computed without using any central information.

Lower bound

The lower bound in a Lagrangian relaxation algorithm is computed as the sum of the
objective cost of the mines and the rail operator and a penalty term for resource constraint
violations. The Lagrangian function (6.5) can be evaluated in a decentralised way using
the secure-sum method, proposed by [42]. Singh and O’Keefe [121] use this method to
compute the lower bounds in a Lagrangian relaxation algorithm without exchanging any
private information. In the secure-sum method, the sum is initialised with a random
number and passed to the first mine, who then adds its objective term to this sum. The
first mine then passes this sum to the second mine and so on. Finally, the initial random
number can be subtracted to get the sum, and hence, the lower bound can be computed
without knowing the individual objective terms. This process can be implemented using

a distributed system without sharing the individual objective costs with other mines.

Upper bound

Based on the level of information-sharing, the upper bound can be computed using dif-
ferent models. Even though there are multiple coordination mechanisms, we use only one
method to compute the upper bound to compare the value of the information. There
are some differences in the output, based on the availability of information. Algorithm 7
exhibits the iterative procedure to compute the upper bound. If the production capacity

is not known to the resource manager, then a job can be scheduled only after it is ready

Algorithm 7 An algorithm to compute better upper bound

Input: Jobs={Request for trains (resources) with due-date}, Production capacity
Output: Train schedule
1: Solve job scheduling model presented in Section (5.3.1) with the objective (6.3)

/* The frequency of the following while-loop can be reduced to once in 10 iterations or
so to save the total execution time. */
while Select a mine randomly do

Apply Leader-follower model discussed in Section (5.3.2).

if there is no improvement then

Break

Report the actual cost of the schedule and production plan
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time. Otherwise a job can be scheduled earlier, if it is feasible to produce the required
quantity by that time. In step (3), the leader-follower improvement assures that the
solution reaches at some Pareto equilibrium. That means we reach at a local equilibrium

point where we cannot improve further without decreasing some DMU’s performance.

6.4.2 Convergence

The proposed decentralised algorithm is based on LR. Therefore, convergence is guaran-
teed through the convergence of the underlying LR scheme. However, the speed of the
convergence depends on the way in which UB and Lagrangian multipliers are updated.
The quality of the solutions is expected to be lower than those from the centralised and de-
composed algorithms as the level of information-sharing is very minimal in a decentralised
framework. However, our main argument is that the decentralised methods are close

enough to decomposed models and better than centralised one in terms of convergence.

In the proposed solution approach, the two main-pieces of information are (i) production
capacity and (i) resource constraint. Therefore, we can have four different versions of
the decentralised algorithm. The impact of two sections of information in a decentralised
modelling environment can be computed by comparing different performance measures.
Table 6.2 lists four versions of the algorithm along with a centralised and integrated model.
The centralised and integrated model MO is a single optimisation model solved directly
with CPLEX. This is used only to benchmark the decentralised schemes.

We analyse the impact of two sections of information in a decentralised modelling envi-

ronment. Using Algorithm 6, we have four different variants for comparison.

Table 6.2: Different versions of the decentralised algorithm

Version Information-sharing Production capacity — Resource constraint

MO Centralised and Integrated model

M1 Complete Shared Shared

M2 No Not shared Not shared
M3 Partial Shared Not shared
M4 Partial Not shared Shared

6.5 Computational results

In Chapters 4 and 5, we have used 240 random problem instances for a comparison between

the decomposed approach based on LR, and the integrated model. The same datasets,
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presented in Section 4.7.1, are used for the results presented here. The 240 instances
are arranged in eight series, each corresponding to a set with the same number of mines.
The centralised model and all other sub-DMUs are solved the same experimental setup

mentioned in Section 4.7.2.

Since the optimal cost of a dataset depends on randomly-generated order quantity and
its due-date, we use the value of information to compare the approach with multiple
data instances. Different models are compared with respect to their lower bound
(LB), upper bound (UB), relative gap (RG) and the number of iterations (NI) needed
to converge/execute in a given time limit. For convenience, we identify four sets of

information with the following letters.

i: Integrated model with complete information

c:  Decentralised model with complete information sharing

p: Decentralised model which shares only the production capacity

r:  Decentralised model which shares only the resource (Train) availability information.

For example, the LB from a decentralised approach Mk, (k= 1,...,4) can be compared
with the LB from the integrated approach M0 using equation (6.4) as,

LB; — LB;
max(LB;, LB;)

Vig(i) = (6.6)
where 1 = Mk, k =1,...,4 and i = MO. Similarly Vr5(p), Via(r), Vus(.), Vre(.) and
Vni(.) can also be defined using equation (6.4). Please note that ‘maximum’ is best for
the lower bound and ‘minimum’ is best for the upper bound, the relative gap, and the
number of iterations. This is similar to the ratios, LBR and UBR, defined in the previous

chapters.

A positive V(i) means that Mk is better, since it has a higher lower bound. Similarly
for the upper bound, a positive Vyp(i) means that MO is better. In some cases Vyp
cannot be computed since the centralised model (M0) could not compute a single feasible
solution in the given time limit. However, lower bound computation is very quick, and
so, Vpp is available for all problem instances. These measures can be used to compare

the overall performance.

6.5.1 Decentralised model versus centralised model

Figure 6.4 shows a comparison of all decentralised models with the centralised model. In
Figure 6.4, V(i) and Vyp(i) are plotted for all k =1,...,4.
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Figure 6.4: Comparison of the decentralised models with the centralised model

The model Mk is better with respect to both the bounds if and only if

VLB(i) > (0 and VUB(Z) < 0.

As seen in Figure 6.4, the decentralised models outperform the centralised one in 90%
of the instances in LB comparison. Of that, more than 50% of data instances shows
that the improvement is more than 20%. The Vyp shows that decentralised models are
better in nearly 60% of the cases in a given time. If we run the experiments for a longer

duration, then the percentage might go up. In 33% of the cases, the centralised model
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was not able to find a single feasible solution. It is interesting to see that ‘no information-
sharing” (M2) can also produce a better lower bound along with M3. The cases where
the resource constraint is shared, M2 and M4, have a better upper bound. M3 and M2
display similar behaviours in Figure 6.4(a). However, M4 has inferior performance in LB
computation. The upper bounds from M3 and M1, M2 and M4 are closer. Figure 6.5
shows the frequency of the relative gap observed with M0 and M1 from 240 data instances.

100— 1.0
o 80 70.8§
Y T}
je
S o
& 60} 1060
k= L
S 2
g4o— 04%
= £
=) 5
=

201 10.20
0 0

0 2 5 10 15 20 25 30 40 50 100
Relative gap in percentage

Figure 6.5: Distribution of relative gap and its cumulative frequency

6.5.2 Value of information

The value of an information is defined as a relative ratio (equation (6.4)) for all perfor-
mance measures. In the previous section, we have seen the comparison of decentralised

models with the centralised model using Vg and Vyp.

We have two pieces of vital information (i) production capacity and (i) resource con-
straint. Production capacity can be analysed both in the presence and absence of a
resource constraint and vice versa. In the pair (M2, M3), the resource constraint is not
shared and production capacity is the only varying component. So, the pair (M2, M3) can
be used to compare the benefit of sharing production information while resource informa-
tion is not shared. Thus, the comparison of (M2, M3) and (M4, M1) is used to observe
the impact of the production capacity; the comparison of (M2, M4) and (M3, M1) is for

the resource availability (see Table 6.2). These pairs can be expressed in terms of the
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value of information as:
(Mk,M0O) = V(i) and (M2,M1) = V(c=p+r)
(M2,M3) = V(p|r) and (M4, M1)
(M2, M4) = V(r|p) and (M3,M1) = V(r|p)

Il
<
=
=
2

In other words,

V(p|r) =Value of production capacity while the resource constraint is private

V(p|r) =Value of production capacity while the resource constraint is public

V(r|p) =Value of resource constraint while the production capacity is private

V(r|p) =Value of resource constraint while the production capacity is public
)

V(p + r) =Value of sharing resource constraint and the production capacity

When we compute the value of information a|b, there is a change only in the first infor-
LB, — LBy

maX{LBa‘b, LBa|b}

mation a. For example, Vp(alb) = and other measures are defined

similarly.

Figure 6.6 provides the overall comparison of two decentralised models: a full information-
sharing model, M1, and a no information-sharing model, M2. In nearly 80% of the cases,
MT1’s lower bound is better than M2’s. It is very intuitive that the information-sharing
will help us to find a better lower bound. Interestingly, in the case of the upper bound,
it is not the same. Moreover, the results show that in 40% of the cases no information-
sharing is better than full information-sharing. The combined information is represented
by ¢ = p+ r. Hence, LBR(M2,M1) is equal to V.5(c).

1

0.9

0.8

== LBR(M2,M1)
== UBR(M2,M1)

Cumulative frequency

-0.10 -0.05 0.00 0.05 0.10 0.15 0.20
Relative ratio

Figure 6.6: Comparison of decentralised models with full information (M1) and no infor-
mation (M2)
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Figure 6.7: Confidence interval comparison of decentralised models

Figure 6.7 compares the value of the information for each series with a 95% confidence
interval. The interval is marked with red lines and the mean is marked with a blue circle.
The mean LBR, being negative in all cases except for the twelve-producer case, implies
that information-sharing is necessary to have tighter lower bounds. The mean UBR is

positive/ close to zero in all cases. This means that the M2 upper bounds are equal to
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or higher than that of M1. This shows that information-sharing helps us to reduce the
upper bound. However, due to the wider span of differences, Figure 6.6 shows a slight

advantage of M2 over M1 in some cases.

Box-plots for the LBR and UBR are presented at four different time periods. The box
highlights the entries from the first quartile to the third quartile and the median is marked

“¢ In some cases,

with a red line inside the box. The mean is marked with the symbol
it is outside the box. The performance measures are computed using linear interpolation

because the values were not available exactly at ¢ = 900, 1800, 2700 and 3600 seconds.

Production capacity

In Figure 6.8, the value of the information is compared using different performance mea-
sures. The impact of ‘Production capacity’ is examined by comparing M2 (Not shared)
against M3 (Shared) under the assumption that the resource constraint is not shared in
both cases. A similar case, where the resource availability is shared, can be observed by
comparing M4 (Not shared) with M1 (Shared). In other words, the yellow box compares
the value of production capacity information when the resource constraint is not shared

and the grey box represents the same when the resource constraint is shared.

Except in Figure 6.8(a), a positive ratio means that sharing production-capacity informa-
tion is better. In other words, while the information is shared, the model is able to get a
smaller upper bound and relative gap. For the lower bound case, a negative ratio means
the higher lower bound is achieved when the information is shared. The information re-
garding resource availability does not seem to boost the performance when the production
capacity is shared. There is no significant difference in the number of iterations. The box-
plots, as time progresses may not bring a steep rise/decline since the ratios are computed

with respect to the best value available at that time.

Resource Constraint

Figure 6.9 captures the value of the resource constraint with respect to different per-
formance measures. As before, a negative ratio for the LB and a positive ratio for all
other measures mean that the resource availability sharing has some advantage. For the

resource constraint information, M2 is compared with M4 and M3 is compared with M1.

The LBR comparison shows that resource availability has a significant advantage. The
upper bound and the relative gap are reduced significantly when the production infor-
mation is also shared (See (M3,M1) case). The difference in the number of iterations is

smaller when production information is shared.
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Figure 6.8: Value of sharing the production capacity information

Figure 6.10 show the 95% confidence interval of the performance measures computed using

Student’s t-test. In this figure, all five variants are plotted together. The performance
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Figure 6.9: Value of sharing the resource constraint

measures are computed using linear interpolation since the values were not available

exactly at t = 900, 1800, 2700 and 3600 seconds.
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Table 6.3 compares the central measures of the ratios and the gap obtained from different

information-sharing scenarios.

Table 6.3: Mean and median comparison of different information-sharing settings

LBR UBR Relative Gap
Mean Median Mean Median Mean Median
V(p|T) -0.0009  -0.0004 0.0236  0.0137 -0.8460  0.1477
V(p|r) -0.0021  -0.0001 0.0256  0.0149 -6.1296  0.1943
V(r|p) -0.0165 -0.0089 -0.0052  0.0000 5.7061  0.0583
V(r|p) -0.0178  -0.0098 -0.0007  0.0000 1.0258  0.1427
Vip+r=c) -0.0187 -0.0098 0.0223  0.0081 1.7947  0.3876

The results show that the lower bounds of the iterative algorithm can be significantly
improved by sharing necessary information. The overall comparison using the confidence
intervals shows that resource availability information is more critical than production
capacity information. The performance measures obtained at four different time points
show the gradual change in the behaviour. Figure 6.10(a) shows that resource availability
has a higher impact than production capacity information in tightening the lower bound.
The confidence intervals in Figure 6.10(b) exhibit that sharing the production information
reduces the upper bound. However, the resource information does not have much influence
in improving the upper bound. As seen in Figure 6.10(d), the model requires a lesser
number of iterations when the second information is shared, compared to that in the
non-shared case. In general, we can see that as time progresses, the confidence interval

stabilises.
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6.6. CONCLUSIONS

6.6 Conclusions

In this chapter, the decentralised supply chain coordination was characterised and its
components were discussed in detail. A decentralised iterative algorithm based on the
Lagrangian relaxation was developed to compare the value of information-sharing. To
make this algorithm ‘decentralised’, a lower bound was computed using a secure-sum
method and the upper bound was computed with a decentralised heuristic. Using a coal
supply chain as an example, the impact of sharing two vital pieces of information, (i) pro-
duction capacity and (ii) resource constraints, are also examined. With different levels of
information-sharing, four different versions of a decentralised model and the centralised
model were compared. Our computational experiments showed that the decentralised
methods are better or similar to the centralised model without sharing all of the informa-

tion and a common model.

The impact of information in supply chain coordination was compared using different per-
formance measures. The results and analyses show that the lower bounds of the iterative
algorithm can be significantly improved by sharing the necessary information. An overall
comparison using the confidence intervals shows that resource availability information is
more critical than production capacity information. The performance measures obtained

at different time points show a gradual change in the behaviour.

In this chapter and the previous chapters, our focus was a two-party coal supply chain.
In the next chapter, we will move to a three-party case in which the terminal operations

are also considered.
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Chapter 7

A Decentralised Approach for Three-Party
Coordination

In Chapter 6, we discussed a decentralised approach for two-party coordination. Here, we
extend it to a three-party case. In a three-party coal supply chain, we consider the oper-
ations of the terminal along with the mines and the rail operator. The two-party models
discussed in the previous chapters had only one shared resource manager. However, in
the three-party case, there are two resource managers to link independent producers. The
critical resources in the three-party coal supply chain are: (¢) the limited number of trains
managed by the rail operator; and (i7) the limited number of unloading slots at the ter-
minal. In general, this can be viewed as a multi-resource constrained scheduling problem
(RCSP) with two shared resources. As the number of linking constraints increases, it
becomes difficult to decompose the decisions of different decision-making units (DMUs)
in the supply chain. In the two-party case, the feedback from the resource manager to
the DMUs was given in the form of one set of Lagrangian multipliers. However, in the
three-party case, we need to have two sets of multipliers—each one corresponding to the

linking constraint of the two resource managers.

Another analogy is to see the two-party coal supply chain as a bi-level system; in which
case the three-party scenario becomes a multi-level system. Dempe [50] introduced the
concept of bi-level programming. In this approach, decisions are made hierarchically at
two levels, without any direct dependency. The proposed decentralised method is different
from the hierarchical model. We have a set of independent DMUs at one level, which can
be separated by relaxing the linking constraints. These DMUs can be solved and the
requests for the resources also can be placed in parallel. Hence, we can solve the resource

scheduling problem—simultaneously or hierarchically—for both the resource managers.

Chapters 4 and 5 present decomposed approaches for the two-party case based on

Lagrangian relaxation (LR) and the column generation (CG), respectively. From an

Certain portions of this chapter are ready to be submitted to an International Journal [136]
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elaborated computational experiment (see Section 5.6.2), we learned that CG algorithms
perform better than LR algorithms. The decentralised approach discussed in Chapter 6
considered only two parties—the mines and the rail operator (see Appendix A.1).
So, we could not employ the CG algorithm since there was no possible decentralised
technique, such as secure-sum, to find the value of a column. In this chapter, we have
three parties—one set of independent producers and two shared resources. Therefore, we
use a secure-sum method to compute the value of a column and solve the three-party
case with the CG algorithm.

In this chapter, we explain the three-party coordination problem and the decentralised
solution approach with the help of an example from the coal supply chain. Similar prob-
lems are seen in other supply chains too. In the three-party coal supply chain, the rail
operator and the terminal act as common resource managers. Here, the mines make a set
of requests for the trains, called as jobs, which can be scheduled by any of the resource
managers. As seen in Figure 7.1, the rail operator and the terminal need to act on the
job-scheduling problem simultaneously, rather than solve it hierarchically. Based on the

level of information-sharing, there can be some differences in the decision-making process.

Mine-1
Mine-2 -
{4
Mine-3 %’ 3
0 S
I o | &
(o
1 o
o
I
Mine-n

Figure 7.1: Interaction of DMUs in a three-party coordination problem

The aim of this chapter is to show the impact of an additional player and the role of

information in the decentralised decision-making.

Section 7.1 gives a recap of the coal supply chain problem with some additional information
regarding the third player. Section 7.3 presents an integrated model updated with a third
player. A three-party decentralised approach and the CG-based algorithm are presented
in Sections 7.4 and 7.5, respectively. Section 7.6 describes computational experiments

and a comprehensive discussion of the results.
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7.1 An expanded coal supply chain example

Three independent decision-makers—the mines, the rail operator and the terminal have
been considered in this coal supply chain. They have their own decisions that need to be
optimised. Some of the decisions are interlinked. The operations of the mines and the
rail operator in this three-party case is same as in the two-party case (See Section 3.3.1
for the details).

The terminal handles ship arrival and loading and inventory management at the stockpiles.
The terminal is connected to multiple mines with a common, shared rail operator. During
train scheduling, the rail operator needs to consider some of the constraints of the mines
and the terminal. The sequence of major decision-making in this three-party decentralised

coal supply chain can be visualised as:

Step-1: The terminal receives orders from the ship with an expected delivery date

Step-2: The terminal splits these ship-orders and passes them to the mines in smaller

quantities along with suitable due-dates

Step-3: The mines make production plans based on available information and request the
rail operator to release a certain class of trains to ship the coal from the mines to

the terminal

Step-4: The rail operator makes a suitable plan based on these requests, train availability

and the restrictions of the terminal.

In a decentralised environment, the decision-makers in the supply chain do not have com-
prehensive information about their partners. The objective function of each partner is
considered by them as private information. A quick overview of the DMUs is presented be-

low.

The Mines have to independently plan their production. Information such as the pro-
duction capacity, objective costs, order quantity and the like, are critical and private
to the mines. Some of the information regarding the train class and its properties
are shared between the mines and the rail operator. However, the mines do not
have any information regarding the actual number of trains available with the rail
operator and the unloading restriction at the terminal. The objective of this DMU
is to minimise the total cost of inventory holding, the demurrage, and the cost of

order placing.

The Rail Operator connects the mines and the terminal. It has access to certain infor-
mation, such as the loading time at the mines and the unloading restriction at the

terminal. However, it is unaware of the actual order of the mines or the terminal,
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the demurrage, and the production/inventory-holding capacity. The objective of

the DMU is to minimise total weighted tardiness and the running cost.

The Terminal consolidates the supply from different mines. It does not bother about
the production capacity of individual mines or the travelling time of trains. The
only concern of the terminal is to get the required quantity of coal before the arrival
of the ships, subject to the terminal holding capacity and unloading restrictions.
The objective of this DMU is to minimise the total cost of the inventory holding

and the under stock.

If we consider the overall system as a black box, then the input to this system is the
ship-orders and the output is the train schedule and the production plan. A ship-order is
converted into a set of mine-orders and passed to the mines with appropriate due-dates.
Based on the mine-orders and the resource class properties, the mines can request for the
resources (that is, the trains and the unloading slots at the terminal). Such requests are
considered as jobs. The overall scheduling is dependent on the jobs created intermediately
by the mines. Once the mines create jobs, the resource managers—the rail operator and
the terminal—can give their feedback to the mines to alter their decisions to make their

requests globally acceptable (feasible).

Figure 7.2 shows a schematic diagram of the operations in a three-party coal supply chain.
The figure exhibits an iterative sequential decision-making process. In some cases, if the
information regarding the terminal is available to the rail operator, the decision-making
for the rail operator and the terminal can be merged. This implies that the resource

scheduling considering both the resource managers can be done together.

As mentioned earlier in Section 3.1, here as well, we can see the presence of information
asymmetry amongst players in the modelling and operational framework. The decisions
in this example are influenced by the objective function of the DMUs. In some instances,
the different objectives can conflict or be similar or have different scales and units. There-
fore, an integrated approach is not applicable in such supply chains. However, we use a
conceptual integrated model for benchmarking our decentralised approaches. The inte-
grated model is nothing but a model that combines the constraints and objectives of all
the DMUs. The integrated model also helps us to explain decomposition and distributed

decision-making.

7.2 Mathematical models

In this section, we present the mathematical models used in the decentralised decision-

making approach. There are changes to a few variables compared to the models used
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Figure 7.2: Schematic diagram of a three-party coal supply chain

in the two-party case. The mathematical models for the three party case assumes five
segments in a train trip: (¢) journey to the mines; (i) loading at the mine; (iii) journey
to the terminal; (iv) unloading at the terminal; and (v) journey back to the garage. It is
noted that in the two-party case, only the first three segments were considered in a train
trip. The cumulative supply, train availability and the like, are modified to include this

change.

In Figure 7.3, the variable y§- represents the decision that indicates that job j has delivered
the coal at the terminal, which is equivalent to z in the rail operator’s decision model
for the two-party case (see Section 5.3.1). Therefore, the production planning model
presented in Section 4.3 and the job-scheduling model presented in Section 5.3.1 have to
be updated accordingly. The decision-making model of the terminal is a job-scheduling

model, similar to that of the rail operator, but with a different objective function.
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Figure 7.3: Different stages in a garage-to-garage trip

In the next sections, the decision-making models for each DMU are presented in detail.

7.2.1 Production planning model

Most of the parameters, the decision variables and the constraints given in Section 4.3

are used as is. The updated parameters and the constraints are listed below.

Let i € {1,2,..., 1}, t € {0,1,...,T}, u € {1,2,...,U} and w € {1,2,...,W} be the

indices of producers, time periods, orders and train (resource) classes, respectively.

Parameters:

RV forward travel time required for the trains in class w to reach a mine from the garage,
loading time required for the trains in class w at the mines,

R2  return travel time required for the trains in class w, from a mine to the terminal,
R3  unloading time required for the trains in class w,

R} return travel time required for the trains in class w, from the terminal to the garage,

L, = Zi:l R? ., total time required to pick the cargo from the mine and to deliver at
the terminal.

The overall objective, Z;, is to minimise the total system cost. This includes the cost of

holding inventory at the mines, the overstock cost at the terminal, demurrage cost and

the total cost of requesting trains.
min Z; = Z O'H" + 710" + 'C* + Z(nfv — AL (4.1)
t w

subject to the constraints (4.2) - (4.10) and (4.12) - (4.18).
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In a decentralised setting, the mines do not have information regarding train availability.
This means that, equivalent to (4.11), there is no resource availability constraint at the

mines, unless it is mentioned explicitly.

7.2.2 Train scheduling

The key constraint of the rail operator is that the total number of trains of a class w
running at any time ¢ cannot exceed the total number of trains in that class (see con-
straint (4.19)). This means

rw —

S By < K, Vot (7.1)

7

where 7}, is the total number of trains from class w requested on or before time ¢ by
the producer i. Suppose constraint (7.1) is a public information, then a relaxed resource
constraint can be added for each DMU. This means that, DMU-7 can have an additional
constraint, similar to (4.11).

4 v
(it _ i oy < g Wt (7.2)

mw

A resource request (nf,) can be seen as a job with a release date and a due-date. An
independent job-scheduling model, equivalent to the one mentioned in Section 5.3.1, is

possible for train scheduling. Then, the main decision variable in this model is

1 if the job j is delivered at the terminal on or before time ¢,

0 otherwise.

The relation between 7}, and 2% can be represented as T; = w, M; = i (see Section 5.3.1

for more details). Hence, the resource constraint (7.1) can be rewritten in terms of z as

3 v _ R4
3 <z§+z”=°Rj — Rﬂ) <K, Yut (7.3)

J|Tj=w
If a train from class w is requested to reach the mine 7 at time #', then 7, — 7' =1
and this implies that some job j (such that 7; = w and M; = i) has to start at ¢’ — R)
and deliver it at t' + L;. Or equivalently,

(Zt‘/-i-Lj B Zt‘/—‘rLj—l) -1 (74)

J J

The objective 7.5 of the rail operator is to minimise the running cost and the total weighted
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tardiness and earliness.

minZp =Y > (Ci+ G -2+ Y 3 e 3 (z§+23=0 B ) (7.5)
t w

j >0 §|Tj=w

where C' and G are the weighted tardiness cost and the weighted earliness cost, respec-
tively. Do note that the early delivery of a job happens only if the production information

is shared with the rail operator.

In a decentralised framework, we can see a request as a job with due-dates as specified by
the mines. However, in the integrated problem, the due-date of a job is specified internally
as a joint decision. Therefore, in the integrated model, all jobs are completed on time.
Hence, the contribution of (7.5) in the objective of the integrated model can be written

in terms of 7 as

min Zp = > 30 (€S ™ -l =) (7.6)
t w A

7.2.3 Terminal operations

Assumptions: The terminal has information regarding the ship arrival at the terminal
and ship-order quantities. The date of arrival is the expected arrival date. We represent
the order quantity and due-date pair with (Y, ®;). The terminal uses its experience and
previous records to split the ship-order into smaller orders for the mines (producers).
Appropriate due-dates for the mines will be computed with respect to the ship-orders
and the terminal constraints. The order pair for the mine is (Q,, Fu). We assume that

the splitting of ship-order to mine-order is done outside our decision-making model.

The job-scheduling model of the rail operator and the terminal are similar. The decision
variable, z represents the status of a job in the rail operator model, and similarly, y in
the terminal model. This means that, we can retain the same job set, formed from the
requests of the mines, for the rail operator and the terminal. However, the objectives of
both these models are different. The terminal model has an additional decision variable
to compute the lateness in meeting the ship-orders. The lateness penalty is computed

based on the short quantity (under-stock) to meet a particular order.

Let us define

Parameters:
Y, [ ship-order quantity
®, Expected date of arrival (due-date) of I*® ship-order
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U!  Cumulative quantity of the cargo loaded into ships by time ¢

S;  Release (ready) time of job j. This means that a sufficient quantity is ready at
the mine for loading job j

F;  Due-date of job j
B! Under-stock cost at time ¢
D, Actual delivery date of an order [

K’ Upper limit on the number of trains which can unload at the same time.

Decision Variables:

7t Inventory level at time ¢, we assume the initial stock is 70 = 0.

. 1 if the job j is completed (delivered) on or before time ¢,
y. =
! 0 otherwise.

X!  Under-stock quantity at time ¢

Objective: The objective of this job-scheduling model is to minimise the total weighted
tardiness and earliness of the jobs, the cost of inventory holding and the late delivery of
ship-orders. This guides the model to schedule the jobs as close to their due-dates as
possible. Kindly note that, there are two types of tardiness in this model. One is with
respect to the job (j)’s due-date (F}) and the second one is with respect to the ship-order
’s due-date (®;).

min 357G+ GO -y ) + Y (0 + BY) (7.7)
j >0 t
subject to:

Inventory balancing constraint.

=T Y Yl — (U - e (7.8)
J
Cumulative supply cannot exceed the demand quantity.
AR VR (7.9)
{ljt<®}
Unloading restriction: the maximum number of simultanoues unloading is limited.
t+R3 .
Dy, -y <K Vit (7.10)

J
Once the job is completed, it stays as completed.
yi <yt Vit (7.11)
All jobs must be completed at the end of the planning horizon.
y; =1 V) (7.12)

143



CHAPTER 7. A DECENTRALISED APPROACH FOR THREE-PARTY COORDINATION

A job (train) cannot reach the mine before its ‘ready time’.
gy =0 Vt<S;,j (7.13)

All orders should be met at the end of the planning horizon.
ol — Z T, (7.14)
l

Demand can be expressed as the sum of the actual supply and the under-stock quantity.

Vitx'= > T Vi (7.15)
{l|®<t}
Boundary conditions.
™ >0,y =0,¥">0,x">0 (7.16)

The decision-making model of the terminal does not distinguish between the individual
mines. The main concern of the terminal is to get appropriate accumulative quantity to

meet the ship-orders.

Most of the constraints mentioned above can be rewritten in terms of the decision variables

from other models. For example, Constraint (7.10) can be written in terms of 7 as

(I D B (I (7.17)

2,W

The decision variables z§ and y§ can be interpreted in a similar way. Both the rail operator

and the terminal models accept the same set of jobs.

Similar to the rail operators’ objective, the first component in (7.7) does not have any
contribution in the objective of the integrated model. The second component can be

directly added to the integrated model’s objective.

min 7/, = Z (O'7" + B'X) (7.18)

t

The under-stock quantity x* can be split for each mine and written as x* =3, x!.

7.3 The three-party integrated model

The integrated model (equivalent to the IM in Section 4.4) can be formed by combining
the above DMUs. The three-party integrated model is denoted by IM-3 in the rest of
the thesis. The objective of IM-3 has three components from three DMUs, specifically,
constraints (4.1), (7.6) and (7.18). The cost of overstock considered in (4.1) is an internal
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cost in the integrated model, which is paid by the mines to the terminal. However, in
the terminal model, this is considered again as an inventory holding cost. Therefore, we
exclude the overstock cost from the objective of the mines and consider it in the objective

of the terminal. Therefore, the contribution of the mines to the objective of the IM-3 is

min Z{ =Y |0'H' +'C" + Z nt AL (7.19)

t

There is a relation between the demand D! and the ship-orders (Y;, ®;). The cumulative
demand from all the mines at the due-date of £*® order (that is, ¢t = ®;) is equal to the

sum of the ship-orders until that time.
k
YD =371 Vi (7.20)
i =1

Then the complete integrated model (IM-3) can be represented as follows:

min Z = ZZ’+ZZ [St > (n"™ - oy )

+ Z (OtTt + tht) (7.21)

= Z Zi + Z th <771t:5R0 f PO 1Rv> n ZBtXf (7.22)
t
subject to the constraints (4.2)-(4.18) for each 4, and
Z(nf{ZRO my Y <K, Yt (7.1)
S Gl gl Ry < K v (7.17)

k
YD =>"T Vi (7.20)
A =1

As we mentioned earlier, the integrated model is created to benchmark our decentralised
scheme and to explain the decentralised approach as a Lagrangian relaxation of this

integrated problem.

7.4 A three-party decentralised approach

In this section, we propose a decentralised decision-making approach based on column gen-

eration. A decentralised framework proposed for two-party coordination (see Figure 6.3)
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is updated for the three-party case as follows.

Assume all trains are

SO available for all mines.
Initialise delay parameter
Feedback
S1 Solve Individual Mine's S oran
production planning problem Train Request
l Train Request
Combine the solutions from '”te”i“ki”%'l work‘ L
S2 Mines and define Jobs Done outside optimisation
models
l Jobs
s3 Solve Rail Operator's
Scheduling Problem
lTrain Schedule
Solve Terminal's
S4
A Scheduling Problem

l Ship schedule

Stopping
criteria
satisfied?

S5

Update feedback
parameters.
Ex: Lagrangian multipliers

S6

Feedback

Figure 7.4: Flowchart for a three-party coordination approach

Section 5.2 explains the basic concepts and framework of column generation schemes. We
need to decompose the decisions into easily solvable sub-problems and formulate a master
problem to link these sub-problems. As we see from the mathematical models, the train

availability constraint of the rail operator and the unloading restriction at the terminal are
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the bottlenecks in coordinating the decisions of multiple mines. If we relax these linking
constraints (7.1 and 7.17), then the production planning problems can be distributed. In
Chapter 5, we have seen a popular decomposition technique—column generation (CG).
Here also, the decomposition approach based on the CG technique is adapted. Then,
production-planning and resource-scheduling are considered at the sub-problem and the

master problem levels, respectively.

Let A and p be the corresponding Lagrangian multipliers of (7.1) and (7.17), then the

Lagrangian objective function of Z can be written as
Z; + ZZ? ("™ =l =) 4 30 B
t
W (z (i =) ) o
dou (Z (e — eI ) g /> (7.23)
t iw
LRR(Z, )\, ) Z Z; — Z [Z ALK, + ,ﬁK'] (7.24)

where - Z,( z+zzwt (sl )

i (z (i i )) R
t w

In an iterative implementation of the CG algorithm, the lower bound is computed from

LRR(Z,\, 1) Z

the Lagrangian objective function (7.24). An upper-bound to the optimal objective value
and an upper-bound to the lower-bound are computed from the master problem and their

relaxed master problem, respectively.

7.4.1 Master problem

Let ;. represents the ¢™ column from mine-i and Vj, be the cost equivalent to Z-(O, 0).

Then the master problem is

[MP]  Vyp=min) > Vi (7.26)
subject to Z Tie = 1 Vi (7.27)
S g Ee <K, Yt (7.28)

i,C
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S (@l e g Ry < KT (7.29)
i € {0,1} (7.30)

where, 7f,. is the cumulative resource utilised by mine-i in column ¢ at time ¢.

In our proposed solution approach, comprehensive information is not shared between
the DMUs. Each decision-maker has its own private objective costs and some private
information. The rail operator acts as an honest broker to connect the mines and the
terminal. As we see in Chapter 5, if there a centralised player to manage the DMUs, then
the CG algorithm provides good solutions. However, in the decentralised environment,
we do not expect similar information-sharing and central coordination. So, there will be

a loss in the quality of the solution.

7.5 Decentralised column generation algorithm

As we discussed in the previous section, a master problem is defined with the train avail-
ability constraint of the rail operator and the unloading constraint at the terminal. The
sub-problem for producer-i (P;) is min Z;(\, ) subject to (4.2)-(4.18). In the relaxed
master problem (RMP), the variable x;. is relaxed to take any value between zero and one
(similar to CG model in Section 5.2.1). Algorithm 8, shown below, presents a CG-based
algorithm (similar to Algorithm 5 in Section 5.4.3) for three party coordination. The
three-party decentralised decision-making approach presented in Algorithm 8 is referred
to as CG-3.

Even though the overall procedure is the same as in Algorithm 5, Algorithm 8 does not
require any central information, especially, in computing the bounds and in updating the
multipliers. Details of decentralised computation are provided in Section 7.5.2. In chap-
ters 4 and 5, we discussed many strengthening techniques and methods for stabilisation
for two-party decomposed approaches. Some of them are implemented in Algorithm 8

too. They are,

1. Volume algorithm [14] to stabilise the dual prices. For example, instead of directly
taking )\, a stability centre A = aX 4+ (1 — a)\ is considered.

2. In step 8, instead of adding one column from each mine, more than one column is

added for faster convergence (see [79]).

3. To manage the solution pool of RMP, the non-contributing columns are removed
(see step 15 of Algorithm 8).

4. Tt is difficult to create globally-feasible solutions directly by combining the columns
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(requests) from the mines. The job-scheduling model (combining models given in
Section 7.2.2 and Section 7.2.3) allows the delay of some of the requests from the

mines in order to get feasible solutions.

Algorithm 8 A CG-based algorithm for three-party coordination (CG-3)

1: Initialise the bounds, counters, etc.
2: Initialise the solution pool §° with a feasible solution (column).
3: while (Elapsed time < TimeLimit) do

4:

10:
11:
12:
13:

14:
15:

16:
17:

Solve the RMP* with a solution pool S* and compute the dual variables
AF) and p®).
For each i, solve P; with A(®) and pu(®.
Pass the columns to the rail operator and the terminal and compute the objec-
tive cost using the secure-sum method. /* This step does not require any central
information. */
Compute LB®) = LRR(A®) u*)) (see equation (7.24)).
Update the solution pool with all new columns from P;.
Solve the job-scheduling model of the rail operator and the terminal to generate
a few more globally feasible columns. /* This step does not require any central
information. */
if (LB* > LB*) then
Set LB* = LB*.
if ((VRMP(Sk) — LB*)/VRMP(Sk) < 6) then
Evaluate the integer version of the master problem to identify the best-known
upper bound U B* and corresponding integer solution.
break /*Prices are stable*/
Remove columns which are non-basic and do not contribute to the optimal solution
of RMP for ten continuous iterations.
Use Volume Algorithm to update the multipliers.
k=k+1

18: Report LB*,UB* and gap = (UB* — LB*)/UB*.

Figure 7.5 shows a pictorial representation of Algorithm 8.

Minimise running Minimise understock

Mine-1 cost and tardiness and inventory holding Rail operator
Tas Columns ) . Columns
M|ne.2 > Rail operator
Mine-n Resource
Compute value of column using Secure-sum availability .
Job-scheduling
model
Terminal
Minimise total cost of inventory . - .
holding at the mines, dual prices corresponding to the Unloading
demurrage cost, order resource constraint and the unloading restriction
Elecinoleess restriction at the terminal
Sub-problems Master problem

Figure 7.5: A decentralised algorithm for three-party coordination

149



CHAPTER 7. A DECENTRALISED APPROACH FOR THREE-PARTY COORDINATION

7.5.1 Information sharing

In the previous chapter, we have seen that information-sharing has an impact on the
performance of decentralised approaches. In a decentralised environment, information
regarding the objective of each DMUs is private to them. Figure 7.6 shows the visibility of
some of the important information in the three-party coal supply chain. The information
shared between the ‘Mine” and ‘Terminal’ is given in the first cell. The information shared
between ‘Mine’ and ‘Mine’ is its private information. Similarly, other cells also can be

explained.

Figure 7.6: Information visibility in a decentralised three-party coal supply chain

Terminal Rail operator Mine
Properties of train classes
. |Mine-orders Objective function
Mine Request for trains (jobs)
Demurrage cost Production capacity

Journey time

Train class properties
. Objective function
Rail operator | Unloading restriction
Number of trains
Number of mines

Objective function
Terminal | Ship-orders

Ship loading time

In this coal SC, the critical information of the mines is their objective costs and the
information regarding the production capacity. The rail operator announces the details
of the train classes, such as volume and journey time, but not the actual number of trains
in each class. The unloading capacity at the terminal is a bottleneck in the three-party

case. It is known only to the terminal and the rail operator.

Even in a decentralised framework, minimal information is required to share with the
dependent DMUs to cooperate and achieve better performance for the supply chain. For
example in the coal SC, some properties of train-classes need to be shared with the mines

and the terminal to avoid infeasibilities at their end.

7.5.2 Decentralised methods to compute the bounds

As the objective costs are private, we need to use the secure-sum method discussed in

Section 6.4.1 to compute the value of a column and the lower bound, LB*. The mines
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create a column (request) based on the multipliers received from the master problem and
their own constraints and then pass it to the rail operator to add its contribution to the
value of the corresponding column and then to the terminal. We need to have at least
three units to perform the secure-sum. This is one of the reasons that the CG-algorithm

is not used in a two-party decentralised model.

The CG-based decomposition Algorithm 5, uses two heuristics to create globally-feasible
columns (see Section 5.3). In this three-party decentralised case, we cannot directly reuse
the Leader-follower (see Section 5.3.2) heuristic, since the train availability information is
private to the mines. However, the job-scheduling model can be used by combining the
resource constraints of the rail operator and the terminal. It does not require any private

information.

Since we have these two methods to compute the bounds in a decentralised manner
along with the distributed execution of the sub-problems, we assert that the proposed
approach is a decentralised one in its execution. It requires significantly less information-
sharing with no centralised controls when compared to the equivalent decomposed/inte-
grated approaches. In general, decomposition methods are expected to produce better
results compared to the results from an integrated model. However, we cannot expect
the same from the proposed decentralised method, since it does not have comprehensive
information-sharing between the partners. Therefore, we expect the decentralised method
to perform very close to or better than the integrated model. The main attraction of the
decentralised method is that it can produce reasonably good solutions with very minimal

information sharing.

Figure 7.5 exhibits a decentralised approach based on the column generation algorithm,
where the value of a column is computed using the secure-sum method. This means
that the Lagrangian objective function (7.24) is not solely computed by the mines. If
we assume that the objective costs are also shared between the DMUs, then we can
have a decomposed version of the CG algorithm. Kindly note the following facts in the

decomposed implementation.

1. The sub-problem of the mines are solved with the objective (7.25), which includes

the objective terms of the rail operator and the terminal.

2. The objective cost computed using a sub-problem is the value of the column. The

master problem is solved directly using the columns along with its value.

3. The secure-sum is used only to compute the sum from the individual sub-problems.

We denote the decentralised CG implementation for the three-party case as ‘CG-d’ and

the decomposed implementation as ‘CG-c¢’ in the rest of the chapter. In a sense, CG-c
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finds solutions which achieves min(Z; + Zj, + Z7). However, in the CG-d, the individual
components of each DMU are minimised separately. Hence, in the decentralised case,
the objective cost would be min(Z]) + min(Zy) + min(Z7%). This is the main difference
between the decentralised version and the decomposed version. Therefore, the bounds
computed using the decomposed version will be better. The aim of this chapter is to
demonstrate the modelling and implementation of a decentralised approach which can be
later generalised to a multi-party case. The decomposed version is provided only for the

purpose of comparison.

7.6 Computational experiments

The objectives of the computational experiment are to understand the effect of an ad-
ditional player and the impact of the decentralisation in distributed decision-making.
Therefore, in this section, we compare (i) the decentralised model with the integrated
model (7.3); (i) the decentralised model with the decomposed version; and (iii) the
three-party decomposed with the two-party decomposed model. All these comparisons
are performed on a new randomly generated dataset. Since there is a new DMU added
to the problem, we cannot reuse the previous dataset used for the two-party case. Hence,

the results presented in this section are nowhere presented in the previous chapters.

The terminal receives the orders from the ship with the expected due-dates. Based on this
input, the terminal splits the ship-orders and passes them to the mines. At present, the
splitting and assigning is done outside the model. The mine orders are inputs to the model.
However, the jobs are internally defined by the mines. Hence, it is a part of the decision to
be made. Therefore, randomly generated data instances have information regarding ship-

orders, mine-orders, train class properties, objective coefficients and other parameters.

7.6.1 Dataset generation for the three-party model

We have created 100 data instances in four series. Each series corresponds to the in-
stances with the number of mines = 6, 9, 12 and 15. For a fair comparison, the following

parameters are fixed in all data instances.

e The production capacity (F;) of all producers is taken as 400 tonnes per period,

where one period is an hour.
e The inventory capacity (B;) at the mine is 20000 tonnes.
e Objective coefficients: H! = 1,F! = 3,C! = 50000, A%, = 100,¢, = V,,/100,

B! =100 for producer i and resource class w.

e The length of the planning horizon T" = 200.
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e Train class properties

Number of trains 3 2 3 2

Capacity in tonnes 3000 5400 7200 8400

R — R} 2 3 3 4
RS = R? 5 6 7 8
Rl 1
No. of data instances 25 25 25 25

e The capacity of a vessel is 75000 tonnes.

e The average production per mine is 25000 tonnes. This means that the number of

vessels (ships) is the number mines divided by three.

The due-dates for [*" ship-order are computed using the following relation,

140
=2 Unif(0.8,1.0) VI  where &y =0 - a1
: ot Number of ships « Unif (0.8, 1.0) where 2o ( )

If there are I mines, then a ship-order can be split across all the mines. The aver-
age mine-order is 10000 units. The mine order quantity is computed by the formula
(), = 5000 + 100.Unif (0, 100). For example, in a six-mine instance, a ship-order of 75000
tonnes can be split as 12600 + 5100 + 8200 + 10200 + 7200 + 9000 + 6100 + 9200 + 7400,
which is assigned to six mines. If the number of mine-orders is not equal to the number of
mines, then it can be assigned randomly. Ideally, the due-date for these mine-orders (F,)
should be ®;. However, due to unloading and stocking restrictions, the terminal may ask
some of the mines to deliver the cargo earlier. In our experiments, three time units are

reserved as a buffer time between the deliveries.

The ship-orders and mine-orders are the only varying parameters across different data
instances in a series. This means that, we can analyse the influence of the number of

DMUs by comparing the results from the different series.

The following abbreviations are used in this section.

CG-d Three-party decentralised model based on CG
CG-c Three-party decomposed model based on CG
IM-3 The integrated model discussed in Section 7.3
CG Two-party decomposed approach based on CG
IM The integrated model for the two-party case
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We reuse the two-party models CG and IM, presented in Chapter 5, to illustrate the
impact of an additional player. In other words, the performance of CG and IM are
compared again with the new dataset to benchmark the performance of the three-party
algorithms. For convenience, the implementations based on column generation for the

three-party case, CG-c and CG-d, are collectively referred to as ‘CG-3’.

Since the objective costs are not directly comparable, the relative ratio of the bounds are
computed and compared. The comparison between IM and IM-3 and CG-2 and CG-3
will show the impact of an additional player. At the same time, the comparison of CG-c

and CG-d will show the role of decentralisation.

The integrated models and the DMUs used in the CG algorithms are solved with
CPLEX 12.1. The decentralised approaches are implemented using a Java application in
combination with CPLEX with Concert Technology (see Section 4.7.2 for more details).
In IM-3 and IM, CPLEX was terminated either at 0.1% of relative gap or with a CPU

time limit of one hour, whichever came first.

Performance measures

The relative ratios—lower bound relative ratio (LBR) and upper bound relative ratio
(UBR)—are used to compare the bounds from different approaches. For example, the
bounds from the CG-based decentralised model (CG-3) and the integrated model (IM-3)
are compared with

LBcgs — LBivs

LBR(CG-3,IM-3) =
( ) ) max{LBcg-3, LBrnm-3}

and (7.32)

UBcag3 — UBjras
min{U Beca.3, UBrn-3}

UBR(CG-3,IM-3) = (7.33)
A positive LBR(CG-3, IM-3) implies that the lower-bound from the CG-3 is higher

than that from the IM-3, which is preferable. Similarly, a negative UBR means that the

upper-bound computed using the CG-3 is better (smaller) than that from the IM-3.

Figure 7.7 compares the decomposed models for the two-party and the three-party cases.
Out of 100 instances, a single solution was not found in 70 and 47 instances using IM
and IM-3, respectively. Figure 7.7 captures the effect of an additional player in the
performance of the decomposed approaches. The common trend is that the decomposed
approaches are better than the integrated model in both the cases. The two-party LBR
and UBR are better than the equivalent ratios from the three-party case, while, in most
of the instances, UBR(CG,IM) is negative and UBR(CG-3,IM-3) is positive in nearly 15%

of the instances. This implies that upper bound computation becomes more difficult as
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Figure 7.7: Comparison of the relative ratios for the two-party and three-party decom-

posed models

the number of players increases. The gap in the LBRs is around 20% in most of the cases.

However, the gap in UBRs is approximately 5%.

Figure 7.8 shows the change due to decentralisation and information-sharing. As expected,

the performance directly depends on the level of information-sharing. Ideally, the LBR

has to be positive and the UBR has to be negative to indicate that the three-party

approaches perform better than the integrated models. The gap in LBRs is roughly 10-
15% and the gap in UBRs is less than 2%. In comparison with IM-3, CG-d achieves

a lower upper-bound in 80% of the instances and a higher lower-bound in 92% of the

istances.

2o LBR(CG-d,IM-3)
03| — UBR(CG-d,IM-3) g
02| | --- LBR(CG-C,IM-3) |
011 ==+ UBR(CG-C,IM-3) |-l oo™
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Figure 7.8: Comparison of the relative ratios for the three-party models
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Table 7.1 presents the median of LBR and UBR computed for each series. If the IM-3
model cannot find any solution, then the UBR cannot be computed. The LBR is expected
to increase and the UBR is expected to decrease as the number of mines increases. The
expected behaviour is observed in Table 7.1, except in two shaded cells. One hour was
insufficient for LBR(CG-d, IM-3) to compute better lower bound as the number of mines
were high. In a twelve-mine series, we could compute UBR(CG,IM) only for one data
instance. The overall median shows that the improvement in the LBR is almost five times

of the improvement in the UBR.

Table 7.1: Median of the relative ratios

LBR UBR

# Mines|(CG-d, IM-3) (CG-c, IM-3) (CG, IM)|(CG-d, IM-3) (CG-c, IM-3) (CG, IM)
6 0.0535 0.1258  0.2224 0.004 0.013  -0.0567
9 0.0838 0.1618  0.2952 | -0.0393 0.0597  -0.886
12 0.1 0.1874  0.3337 | -0.4465 04428  -0.6775
15 0.0299 0.2279  0.3566 Not Available

Overall | 0.0741 0.1725  0.3154 | -0.0154 0.0320  -0.0660

Figure 7.9 shows the 95% confidence interval computed using the Student’s ¢-test. The
mean is marked with a small black horizontal line. It shows that the performance and the
number of mines are proportional. Since the number of available upper-bounds decreases,
the CI of UBR becomes weak, and hence, the interval is large. The observations made

from Figure 7.8 and Table 7.1 can be cross-verified with the observations from Figure 7.9.

Figure 7.10 presents the cumulative relative gap comparison of three-party models. The
distributed decision-making models perform better than the integrated model. In some
cases, IM-3 could not find a single feasible solution. Such cases are included with 100%
relative gap. The model CG-d, achieves less than 20% relative gap in more than 50% of
the instances. At the same time, 25% and 75% of instances had less than 20% gap in
the IM-3 and CG-c, respectively. The performance of CG-d can be improved if we have
a more efficient decentralised method to compute the upper bound.

As the results show, the proposed decentralised approach based on CG is very efficient
and quick in bringing down the relative gap between the bounds. Once the lower bound
from the relaxed master problem (RM P) and the Lagrangian objective function are the
same, the algorithm will not add any new columns. At that point, we will have an optimal
solution from the RM P. We need to have better branching algorithms to compute integer

solutions close to this solution.
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Figure 7.10: Cumulative relative gap frequency diagram

These results show that the addition of a new player has reduced the performance of
the algorithm. Again, the lack of information sharing further reduced the performance.
CG-d, has the least information-sharing and its performance is not good as compared to
the other decomposed approach. However, we should accept the fact that the decentralised
approaches could produce acceptable results with minimal information-sharing and with

no central coordinator. In any case, complex IM-3 can be replaced with CG-d.

7.7 Conclusions

In this chapter, we consider a three-party coordination problem by including one more
resource manager to the two-party case. A decentralised decision-making approach based
on CG is proposed to address this problem. Some of the strengthening methods discussed
in the previous chapters are included in the proposed algorithm. The main challenge
in designing a decentralised approach based on CG is computing the value of a column,
updating multipliers and generating globally feasible columns. We have also discussed the

mathematical models for the DMUs and decentralised methods to compute the bounds.

Similar to all other models, three-party distributed decision-making models are also com-
pared with the integrated model using an intense computational experiment. The results
show that the decentralised model could achieve better or equal solutions compared to

that from the integrated model with significantly less information and interaction.

The combination of the iterative procedure based on CG and the secure-sum method
assures a better lower bound in almost all instances, compared to that of the integrated
model, with significantly less information-sharing and no centralised controls. However, in
some cases, the quality of the upper bound is not good. Therefore, future research should

focus on developing better decentralised mechanisms to compute the upper bound.
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Chapter 8

General Multi-party Decentralised Coordination
Scheme

We have been looking at alternative modelling approaches for supply chain coordination.
We started with a two-party model motivated by the coal supply chains in Australia.
The integrated production planning and resource scheduling problem is solved using two
decomposed algorithms based on LR and CG, respectively. Further, we reduced the
information-sharing and the role of the central player/coordinator in these models. Thus,
we propose a decentralised approach based on LR for two-party coordination, where there
is only one shared resource. Later, we extended this approach to a three-party case using a
CG algorithm which has two shared resources. This chapter highlights a few generalisation
methods and proposes a framework for practical implementation of different modelling

approaches.

8.1 (Generalisation to multi-party cases

It is observed based on the problem and model structure, the two party model (discussed
in Chapters 4, 5 and 6) and the three-party model (discussed in Chapter 7) belong to
the same family. Therefore, a multi-party coordination problem can also be mapped
to the same family. The generic representation presented in Section 3.4, abstracts a
coordination problem in a multi-party case. The decentralised decision-making model
based on decomposition techniques can be extended to the multi-party case as well, with
relevant customisation. The number of multipliers might grow as the number of linking

constraints increases.

Figure 8.1 is a schematic representation of multi-party cases. The producers are indepen-
dent of each other and and so are the resource managers. However, all resource managers,

potentially, link all the producers.
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Figure 8.1: A schematic of multi-party coordination models

The mathematical representation of a generalised problem with multiple DMUs (repro-

duced from Section 3.4) is given below:

min Z = Z ¢z + Z dj x (3.1)
@ J

subject to Az < b; Vi (Producer — i) (3.2)
Rjx <e; Vj (Resource manager — j) (3.3)
where x = |11, 2o, ..., 2,]T. The linking constraints (3.3) need to be relaxed to separate

the decisions of each producer. Then, the relaxed problem would be
min Z :Zc?xi +Zd?x+ZAj(ij —e;) (8.1)
subject to A:xi < jVi (Pj"oducer — 1) (3.2)
The problem for each individual producer can be stated as:

J
subject to A;x; < b;

where di and R are the contributions of producer-i such that Y diz; = d;z and

> Riz; = Rjxz. Then, the overall objective can be expressed as Z = Y, Z; — PRV
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The objective function ¢] z; and d}  are private information of the producer-i and the
resource manager j, respectively. Moreover, Constraint (3.3) is also a private information
to the resource manager j. This decomposition is computationally efficient only when
the DMUs share their objective cost. Otherwise, the Z; in the objective (8.2) cannot be
minimised as is, using decomposed models. This implies that, in a decentralised decision-

making environment, we attempt to compute Z; (see (8.3)) instead of ‘min Z;’,

Z; = min cf'z; + min Z szl -+ min )\jRj'xi (8.3)
J

Such summations can be computed using secure-sum without revealing the exact cost.

This is one of the major differences between decomposed models and decentralised models.

It is assumed to publicly share some of the resource properties to enable coordination

between independent producers and resource managers. As illustrated in the previous

chapter, multiple variants of the decentralised approach are possible by assuming different

levels of information-sharing.

Decentralised decision-making is closer to real life industrial instances with some ineffi-
ciencies [18]. The real challenges in designing a decentralised decision-making model are,
the ability to (i) compute better bounds in order to tighten the search space, (i) handle
multiple objectives, (iii) design a negotiation scheme and proper incentive mechanisms,
and (iv) ensure information security and privacy. Our proposed models address all of
these challenges to some extent. However, these models can be further improved with

relevant customisation.

8.2 Generic decision-making framework

The three-party decentralised approach provides a framework for decentralised approaches
for multi-party cases. Based on the experience of implementing different decomposed and
decentralised models, we propose a framework, in Figure 8.2, for the multi-party case.
Such approaches can be implemented using distributed computing facilities. The arrows
in Figure 8.2 represent the flow of information and decisions. The decisions are made in
two stages. In the first stage, each producer generates columns—which are the building
blocks of globally feasible solutions—and the value of columns is computed by the secure-
sum method. In the second stage, the best combination of columns will be selected
such that it is feasible for all the DMUs. If there is any infeasibility or a chance for
improvement, then feedback on resource utilisation is given in terms of the dual-prices of

complex linking-constraints.
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8.3. PRACTICAL IMPLEMENTATION

Suppose the system has partial information-sharing then either there can be a third-party
coordinator, who does not have any decision-making power, or one of the players/par-
ties may act as a coordinator, if needed. We observed that in the decomposed and
decentralised approaches, the speed of convergence directly depends on the quality of the
bounds computed. Therefore, heuristics developed exclusively based on the features of
the underlying supply chain can help us to compute better bounds and speeds up the

convergence of the decision-making process.

Section 6.2 presents four main components—(i) decisions makers and decisions;
(77) information-sharing; (iiz) multiple objectives; and (iv) coordination mechanism—of
the decentralised supply chain coordination. All of them have significant role in the
multi-party case also. Based on the structure of the underlying supply chain, the
decisions and decision makers can be grouped efficiently. In other words, it helps us
to identify the inputs and outputs of the individual decision-making units in a supply

network.

In a truly decentralised coordination model, we should assign higher priority for qualitative
features/measures such as negotiation, information-sharing, overall policy, satisfaction of
individual DMUs, service level, sustainability and the like—along with the quantitative

objectives such as total cost, revenue/profit, utilisation, and the like.

8.3 Practical implementation

It is observed that information-sharing is a key factor in designing a successful coordina-
tion mechanism [40, 34]. The methods to capture the information and provide feedback to
the various players is quite vital. Further, the medium through which such information is
shared is also becoming increasingly pertinent to the successful operation of these decen-
tralised supply chains. Delays in information availability (and processing) and information
distortion need to be, therefore, significantly reduced. However, these new modes of op-
eration come with an overload of information security and privacy [155], which need to
be taken into account when developing new frameworks. The Internet is one such frame-
work, which allows partners to share the information instantaneously and to process it at
remote locations. Cloud computing is another popular distributed computing technology
that could enable remote computations while also enabling decentralised decision-making.
Distributed computing environments potentially enable partners to share their informa-
tion and computational resources in an economical manner as long as the technology is

also able to ensure security and privacy to all the participating players.

The medium through which information is shared between players has also changed signif-
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icantly over the years. Traditionally, much of the information that was shared was through
the medium of paper (with appropriate signatures to ensure that delegated authorities
share the information that was required). More recently, information is shared through
the medium of fax, email, Internet programs and telephone. Sometimes satellite commu-
nication devices have also been used for information-sharing [119]. The growth in the use

of the Internet has also allowed the supply chain to share information amongst players.

Distributed computing facilities could assist in information-sharing too. It empowers the
DMUs to use better software and computational infrastructure while making decisions.
Unlike the centralised case, the DMUs have more control on the decisions to be made.
It allows us to eliminate needless delays and ensures no-loss information-sharing. On the
other hand, however, there are security and privacy concerns with the use of distributed
computing environments for information sharing [155]. Distributed computing eases the
overall decision-making process without compromising the independence of the DMUs

while also supporting coordination amongst them.

Toka et al. [140] discuss distributed computing as a meaningful technology that contributes
to the SCM by providing infrastructure, platform and computational resources for the
whole supply chain network via the Internet. Figure 8.3 shows the basic architecture
required for such a distributed computing framework. Wu et al. [152] state that business
process complexity, an entrepreneurial culture and information system’s compatibility
and application functionality significantly affect a firm’s intention to adopt distributed

computing technologies to support its supply chain operations.

The benefits of distributed computing are: (i) it offers real-time access to information,
(i) it is a very economical option for information transfer and (¢i¢) heavy computation
can be done in remote servers, if required; the DMUs, therefore, do not need to own

expensive, heavy-duty solvers.

Zissis and Lekkas [155] identify some of the concerns associated with distributed comput-
ing, including trust, privacy, availability, integrity and physical and network security. The
client has to trust the server (service provider) that the private information will be pro-
tected and since it is without any alterations, it will be made available to the client. The
service provider has to ensure that only authorised clients will have access to restricted
information. In addition, the service provider has to protect the physical systems and

network.

Let us visualise the decentralised framework for a coal supply chain implemented using
distributed computing facilities. Each of the mines and the train operators will have local
servers that are connected via some service provider. Each individual mine’s problems

will be solved locally and results, once collected by the service provider, will be sent to
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Figure 8.3: Distributed computing architecture (Inspired from [101])

the train operator server for processing. Once processed, the train operators sends the

feedback to the individual mines through the distributed computational infrastructure.

As we explained earlier, secure-sum can be implemented to compute the lower bound.
Similarly, decentralised heuristics are developed to compute the upper bound. Based
on information availability, there will be some changes in the framework. Most of the
critical information and decisions are handled by the DMUs themselves. Only minimal
and required information is shared through the secure channel provided by the service
provider. Therefore, the proposed decentralised method ensures data privacy and security.
The interface and data communication channels are part of the distributed computing
facility provided by the service provider. If the service provider is a third party, it does
not make decisions or influence the DMUs. In some cases, one of the DMUs can provide
distributed computing service to others. In our example, the rail operator acts as an

honest coordinator to provide the service to the mines and the terminal.

8.4 Conclusions

This chapter shows that our solution approaches can be extended to a multi-party case
with any number of common resources. In this thesis, we have introduced decentralised
approaches based on different decomposed techniques. It helps the solution approaches
to develop around the existing framework and converge to some equilibrium in reason-
able time. We have explored only two popular decomposition techniques, LR and CG.

However, decentralised approaches can be built on any other decomposition techniques,
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or concepts like agent-based modelling, and multi-level programming. In our proposed
approaches, only one kind of feedback through penalty costs was analysed. Nonethe-
less, other feedback mechanisms can also be explored for decentralised decision-making

approaches.
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Chapter 9

Conclusions and Future Directions

In this thesis, we explore alternative approaches for supply chain coordination using de-
composed and decentralised decision-making models. This is motivated by a real-world
mining example, which is generalised to a multi-resource constrained scheduling problem
(MRCSP). We start with a two-party coordination problem, which involves multiple pro-
ducers and a resource manager, and extend it to a three-party case by considering one
more resource manager. We have explored three different modelling approaches to solve
the MRCSP. This chapter concludes by proposing a framework for decentralised decision-
making approaches for multi-party coordination problems and listing some directions for

future research.

Although the methods that have been developed in this thesis are validated within the
context of a coal supply chain, it can be extended to other general RCSPs in contexts

such as airline, wine, automobile manufacturing and also the services industry.

9.1 Conclusions

We conducted an extensive literature review on supply chain coordination models and
different solution approaches. An overall review of the related literature and a few mo-
tivating examples from different industries are presented in Chapter 2. In addition, the

topic of discussion in every chapter is supported with latest and relevant literature.

The supply chain coordination models are classified based on their operational and
decision-making aspects. We focused on the decentralised decision-making models
(DDMs) which is governed by single or multiple operators. To address the DDMs, three
major modelling approaches—(i) integrated approach, (ii) decomposed approach and
(7i1) decentralised approach—are identified in Chapter 3. The coordination problem in
coal supply chains with a single shared resource and multiple resources are introduced
with adequate details. The DMUs, information sharing between these DMUs and their
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interactions are also presented. The chapter concludes by proposing a structure of a
generic problem and its representation in a matrix form. Any resource constrained
scheduling problem, with a similar representation, can be solved using the proposed

solution approaches.

We have analysed a coordinated production-planning and resource-scheduling problem
that exists between a set of independent producers and a common resource manager. A
coal supply chain coordination problem is considered as an example. The DMUs, their
decisions and their interconnections are analysed. Mathematical programming models for
each of these DMUs have been formulated and an integrated problem is also proposed,

which is equivalent to an RCSP with a single shared resource.

A decomposition approach based on the Lagrangian relazation (LR) is presented in Chap-
ter 4. The proposed decomposition scheme splits the production planning and resource-
scheduling decisions. This approach is strengthened using the Volume algorithm, the
Wedelin algorithm and an heuristic to compute the upper bound. Chapter 4 explains the
framework for two-party coordination, the mathematical programming models and the
algorithms, using the coal supply chain example. A process to benchmark the distributed
approaches against the integrated model using computational experiments is also illus-
trated. It includes data generation, the experimental design, implementation, and the

analysis with different performance measures.

Since the speed of convergence of the LR algorithm for large problems is not as good as
is for the small problems, Dantzig-Wolfe decomposition together with a column genera-
tion (CG) technique was explored further to solve the two-party coordination problem.
In this algorithm, we have used many strengthening techniques, including two levels of
stabilisation. The two-party decomposition approach based on CG (Chapter 5) outper-
forms the LR-based approach significantly. Different performance measures are used to

compare the decomposed approaches against the integrated model.

From elaborate computational experiments we conclude that the distributed decision-
making approach is preferable to the integrated approach. For a quick comparison,
Figure 9.1 shows the relative gap distribution observed for the two-party decomposed
approaches, LR (see Section 4.7.4 for detailed results) and CG (see Section 5.6.2 for de-
tailed results). The overall objective in these experiments is to minimise the total cost of
the mines (the rail operator’s objective was not considered in this case). The decomposed
approaches compute a better solution than the integrated approach, with a relative gap

less than 20% in almost all cases, with the CG approach outperforming the LR approach.

The mines and the rail operator possess different sets of information. Hence the decision

model has an inherent information asymmetry. The objectives of (each of) the mines and
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Figure 9.1: Distribution of relative gap (in percentage) observed for the two-party decom-
posed approaches

the rail operator are different. Every mine expects the rail operator to send a train to their
mine to load the coal and deliver it ontime to the terminal. However, the rail operator
may have different priorities and constraints. Hence there is a conflict in the objectives
of the players. Decomposed approaches are not truly decentralised because there is no
‘negotiation mechanism’ in these models. In our approach, the negotiation protocol is
partially implemented using the CG algorithm which is (in a sense) ‘controlled” by the
‘honest broker’ rail operator. It allows the DMUs to be independent without revealing all
of the information. The decomposed approaches expect the DMUs to share dependent
information, with the DMUs managed /controlled by a central coordinator. Therefore, we
further reduced the information sharing and the role of the central coordinator to develop
decentralised approaches. Ideally, a decentralised method should have a negotiation and

incentive scheme to assist the DMUs to make better decisions quickly.

Information-sharing plays a key role in decentralised decision-making. The role of
information-sharing and other factors in two-party coordination problems is discussed
in Chapter 6. Based on this analysis, we developed a decentralised approach which
has limited access to the information and does not require any central coordinator.
In a decentralised approach the lower bound and upper bound should be computed
using decentralised methods. The secure-sum method has been used to compute the
lower bound so that no player will be able to find out the true objective cost of other
players, but will be aware of the total supply chain’s costs. We have developed a few
heuristics which does not require any central information. Such heuristics are used
to improve the upper bound. In the two-party decentralised case, the number of
players is two and hence, the value of a column cannot be computed without revealing
the actual cost. Hence, the CG algorithms cannot be deployed for the two-party
decentralised case. Therefore, LR approach is extended to develop the decentralised

approach for the two-party case. The impact of the decentralisation and the value of
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two critical pieces of information in the coal supply chain—(i) production capacity
and (i7) resource availability—are analysed and compared with different performance
measures. The results of computational experiments show that the lower bounds of the
iterative algorithm can be significantly improved by sharing the necessary information.
The overall comparison using the confidence intervals shows that resource availability
information is more critical than production capacity information. Figure 9.2 presents a
quick comparison of the relative gap obtained from different decentralised approaches for
the two-party case. In Figure 9.2, MO refers to the integrated model, which minimises
the total cost of the mines as well as the running cost of the rail operator. M1 to M4 are
decentralised approaches with different levels of information-sharing. See Section 6.5 for

detailed results.
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Figure 9.2: Relative gap distribution observed for the two-party decentralised approaches

Even though the coordination problem with a single resource manager is complex and
difficult, we extend the decentralised approach for the three-party case (Chapter 7) by
adding one more common resource (the terminal to the coal supply chain). This is required
as a step to generalise the decentralised decision-making approach for larger problems
which has multiple shared resources. In the three-party case, there are two resource
managers to link independent producers. The critical resources in the three-party coal
supply chain are: (i) the limited number of trains managed by the rail operator; and
(77) the limited number of unloading slots at the terminal. The proposed decentralised
scheme has two sets of multipliers—each one corresponding to the linking constraint of the
two resource managers. The main challenges in designing a decentralised approach based
on CG are computing the value of a column, updating multipliers and generating globally
feasible columns. Similar to all other models, the three-party distributed decision-making
models are also compared with the integrated model using an intense computational

experiment. Figure 9.3 shows an overall comparison of the three-party approaches, with
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Figure 9.3: Relative gap distribution observed for the three-party approaches

respect to the relative gap. The objectives of all the three DMUs were considered in these
models. The computational results highlight the impact of an additional player and the
value of information-sharing. The results show that the decentralised model could achieve
better or equivalent solutions compared to that of the integrated model with significantly

less information and interactions.

We have modelled the coal industry problem as close to reality as possible. Therefore,
one can see that the production planning model discussed in Section 4.3 has two sets of
constraints. One set is just sufficient to represent the model. The second set includes a
few more additional integer cuts and bounds which are used to tighten the MIP formula-
tion. Similarly, the job-scheduling models are also presented with all the constraints and

decisions. The decomposition algorithms LR and CG are also strengthened adequately.

Decomposition is a proven technique for factorising large structured optimisation prob-
lems. The novelty of our research is in developing decentralised decision-making ap-
proaches based on well-established decomposition techniques. In comparison with non-
viable integrated approaches, proposed decentralised approaches are efficient and prac-
tically implementable. The players in a supply chain have to share some amount of
information to achieve coordination. The decentralised approach does not require any
additional information. Also, it protects the autonomy of all the players. Therefore, it
is suitable for industries which are looking for a coordination approach that can deliver

quality solutions in a reasonable amount of time.

To conclude, we have proposed a scalable and robust, decentralised framework of decision-
making for a multi-party supply chain, that is a better alternative to the integrated ap-
proach. It requires only minimal information sharing between the players and guarantees
convergence by means of the underlying decomposition algorithm. The approach can be
used even as the level of coordination (information-sharing) improves. The proof of the

concept has been demonstrated using a large and complex multi-party coal supply chain.
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9.2 Contributions

The major contributions in the thesis are:

1. A classification, framework and analysis of supply chain coordination models (see
Chapter 3). The models are classified as centralised and decentralised based on their
aspect of decision-making. A framework for distributed decision-making is proposed

and the decision-flow in the process is explained with schematic diagrams.

2. Decomposed decision framework based on Lagrangian relaxation and column genera-
tion (see Chapters 4 and 5). The speed of convergence of the decomposed approach
based on LR is improved by the Volume algorithm and the Wedelin algorithm. The
CG-based approach also includes many strengthening techniques and two levels of

stabilisation.

3. Decentralised decision-making approaches for a multi-party supply chain (see Chap-
ters 6 and 7). These approaches are useful when the supply chain does not have any

central coordinator and prefers minimal information-sharing between the players.

4. An iterative implementation scheme for distributed decision making. The compu-
tationally implementable schemes for all proposed distributed decision-making ap-
proaches are presented with all the details such that it can be reused and /or extended

in the future.

5. Detailed mathematical programming models for the integrated problems, production

planning and resource scheduling in a coal supply chain, and supporting heuristics.

6. Demonstration of customisable information-sharing in the decentralised approach.
The performance of a decentralised approach is directly proportional to the level of

information-sharing.

7. Computational framework, data instances, benchmarking results, and the like, can
be used for future analysis. A set of 240 data instances and a set of 100 instances
are available for the two-party and three-party case, respectively. Also, the compu-
tational framework is robust enough to handle multi-party cases and large number

of data instances.

8. A work flow for practical implementation of decentralised approach, for a multi-party
supply chain, using distributed computational facilities. Such distributed facilities
allow us to implement decentralised decision-making approaches economically in

industries.
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9.3 Future research directions

The solution approaches discussed in this thesis are developed around the coal supply
chain. It can be extended and customised for other supply chains which have a similar

structure such as the airline industry, the wine industry and the like.

A combination of CG and LR is often discussed in literature as an efficient procedure to
overcome the weaknesses of both the algorithms. It might be an interesting idea to explore
it along with other decomposition algorithms such as Bender’s decomposition, multi-level
programming or a hybrid version supported with some meta-heuristic algorithms. The
performance of the CG algorithm can be further improved if we have a better method to
compute integer solutions, very quickly, from the solutions of the relaxed master problem.
We have used heuristic approaches with LR and CG to improve the quality of the solutions
(see sections 4.6 and 5.3). Since our focus was on developing a general framework, we did
not spend much time in solving a particular industrial problem. Based on case-to-case,

we can improve the solution techniques with case-specific heuristics.

At present, our model deals with homogeneous systems. For example, all the mines had
similar structure, costs, and decision variables. The research work can be further extended
to include conflicting objectives, and Pareto optimality. Several other interesting questions
can be pursued: What if there are more than one resource manager to support identical
services? How can medium to long-term contracts be designed and operated between
rail operators and mines? What if there are different product types involved? Will it be
possible to include ship berthing, loading and unloading decisions too? What if players
are not honest in their dealings? It will be interesting to develop negotiation protocols

for coordination in a heterogeneous system.

In this thesis, the proposed decision-making approaches dealt with the overall performance
of the supply chain. It is important to recognise individual partners’ gain/loss in such large
coordination problems. The individual performances versus the overall performance can
be studied under different negotiation protocols and incentive schemes. The negotiation
and incentives motivate the DMUs to be a part of the coordination even if they are not
at their best.

Information-sharing plays a key role in decentralised supply chain coordination. It di-
rectly affects the underlying mathematical models, negotiation protocols and the incen-
tive schemes. Therefore, theoretical studies on understanding the role of information
and quantifying its value are much needed. Mechanism design concepts can be further

explored to capture it.

All the solution approaches discussed in this thesis are mainly developed for industrial

use. So, it might be logical to improve the performance by using modern computational
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facilities. Some components in the proposed algorithms can be executed in parallel to
reduce run-time and to speed up convergence. Our solution techniques will be computa-
tionally more efficient if we convert them into a program which makes use of multi-core,

multi-threaded architecture.
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Appendices

A.1 Secure-sum

Secure-sum is a method to compute multi-party sum without revealing the individual
value. This is proposed by Clifton et al. [42]. A practical implementation of the secure-

sum method in a Lagrangian relaxation algorithm is presented in [121].

Let Py, P, ... P, be the players. Then, the objective of the secure-sum method is to
compute V = >, Vi.. Every player wanted to perform the summation without revealing

its contribution to the other players. Then the secure-sum computation is as follows:

Algorithm 9 Secure-sum computation
1: Initialise the value with a random number, V = R
2: fork=1...ndo
3: V=V+V,
4
)

:V=V-R
: Report the value V'

Let us consider an example with three players.

Player (k) 1 2 3 Value

Vi 45 -11 23 57

The following figure shows the secure-sum computation. The arrows show the sequence

of operations.

39+45 84-11 73+23
45 —84 -11 =73 23 W)

96-39=57

In the algorithm, player k£ knows the input R+ Z V; and the final sum Z V. Moreover,

{i<k} J
the sequence in which the values are computed can also be a confidential information.

Case-1 n = 2: If there are only two players, then a player can compute the contribution

of the other player by subtracting its contribution from V', where V =V} + V5.

Case-2 n > 3: If there are three or more players, then a player k knows V,V, and V —V},

only. Therefore, it is impossible to compute the exact contribution of the other players.
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A.2 Using CPLEX Concert technology in Java

Concert Technology allows a Java application to call IBM® ILOG CPLEX* directly. The
Java interface supplies a rich means for the user to use Java objects to build optimisation

modelst.

The class I1oCplex implements the Concert Technology interface for creating variables
and constraints. It also provides functionality for solving Mathematical Programing (MP)

problems and accessing solution information.

Example: Let n be an odd positive integer. Consider the knapsack problem

201+ ...+ 22, + Ty =N, T € {0,1}”“}

min {xn+1

A CPLEX model is given below (Knapsack.java).

import ilog.concert.x;

import ilog.cplex.x;

public class Knapsack {

public static void main(String[] args) {
try {
int N=4;
IloCplex cpx = new IloCplex (); // Create an object of IloCplex

IloNumVar [] X = cpx.boolVarArray (N+1); // Create boolean array with size N
for (int i=0; i< N+1; i++)

X[i].setName ("X +(i+1)); // Give wvariable names X1, X2, .. , X(N+1)
IloNumExpr temp_sum = cpx.numExpr(); // A temporary variable to compute the sum
for (int i=0; i< N; i++){

int coeff = (i=N-1? 1: 2);

temp_sum = cpx.sum(temp_sum,cpx.prod(coeff, X[i]));
}
cpx .addEq(temp_sum, N).setName(” MyConstraint” ); // Equality constraint
cpx.addMinimize (X[N]); // Objective is to minimise X(N+1)
cpx . exportModel (” Knapsack.1p”); // Ezport the model in LP format
if (cpx.solve() ) { // Solve the cplex model
cpx.output (). println (”Solution._status.=." + cpx.getStatus());
cpx.output (). println (”Objective_value..=." + cpx.getObjValue ());
cpx.output (). print ("n="+N4" , oo Xk._=_.");
double[] val = cpx.getValues (X);
for (int j = 0; j < N+1; ++j) cpx.output().print( val[j] + 7,."7 );
}
cpx.end (); // End the CPLEX session
System.out. println (7 \n\ns*s*x END_ k%" );
}
catch (IloException e) {
System. err. println (” Concert_exception.’” + e + ”’_caught”);
}

*URL: http://www-01.ibm.com/software/commerce/optimization/cplex-optimizer/
fSource: http://pic.dhe.ibm.com/infocenter/cosinfoc/v12r2/topic/ilog.odms.cplex.help/
Content/Optimization/Documentation/CPLEX/_pubskel/CPLEX118.html
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A.3. USEFUL PYTHON FUNCTIONS

A.3 Useful Python functions

Package Function Description
Python open (fname ,mode) Opens a file to read/write
range (n) Generates a list of n values from 0 ton—1
readlines() Reads until EOF and returns a list con-
taining the lines
numpy arange(a,b,s) Generates samples from a to b in steps of s
average (array) Computes the average of an array
linspace(a,b,n) Generates n-linearly spaced samples be-
tween a and b
round(a,b) Rounds the value a, to b decimal points
random randint(a,b) Return a random integer x such that
a<x<b
random() Return a random floating point number in
the range [0,1)
shuffle(a) Shuffles the elements in the list a
scipy interpolate.interpld 1-D interpolation function
sqrt (x) Computes square root of x
stats.t.ppf (alpha,df) Percent point function (inverse of cdf)
stats.ttest_lsamp(values) Calculates the t-test for the mean of one
group of values
std(array) Computes the standard deviation of an ar-
ray
statsmodels distributions.ECDF Return the Empirical CDF of an array as

a step function

matplotlib.pyplot

boxplot (array)
hist(Y,bins)

hold(Boolean)

plot (X,Y)
savefig(filename)

text(x,y, ‘text’)

Makes a box and whisker plot
Plots the histogram of the given list Y

If it is true, then the subsequent com-
mands will be added to the current figure

Plots the values Y against X
Saves the figure into eps/png format

Adds a text in the figure at location (z,y)

matplotlib.patches Polygon(box_coordinates)

Draws a 2-D polygon

The above functions are used in Python 2.7.
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A.4 Student’s t~-test and confidence interval

Student’s t-test is used to compare different performance ratios obtained from two meth-

ods/models. Let us define the following:
M1 First method

M2 Second method

(X;) Observations from the first method

(Y;) Observations from the second method

X Mean value of the observation from the first method

Y Mean value of the observation from the second method
n Number of observations

Assumption: The paired differences (X; — Y;) are independent and identically normally
distributed.

In this case, our null hypothesis is HO: X —Y = 0 and the alternate hypothesis is
H1: X —Y # 0. Then, the ¢ statistic to test whether the means are different is

where S, is the sample variance of (X — Y'), computed using n observations.

The confidence interval for X — Y is

S

ta/2,n—1% < X-Y <
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