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Abstract

Transportation problems are common, but complex. Therefore, it is nuising

that much effort is put into finding solving methods which generate high quality
solutions in little time. Some of those solving methods are developed as planning
systems and tested at the Artificial Intelligence Planning Systems (AIPS) or
International Planning Competition (IPC). Others are developed as Yéftiyle
Routing Problem (VRP) solvers and tested against some benchmarks.

It seems that developers of planning systems considering transportetigems

and developers of VRP solvers are actually working on some similar, if mot th
same problems. Yet, it seems that cooperation between them is scarceaihis c
be explained by the different general goals they have. The Atrtifictalligence

(Al) community focuses on creating general planners which can hardierg|,
domain independent planning problems, while the main focus of the Operations
Research community concerning transportation problems is solving a specific
class of problems, which are based on Linear Programming, optimally. tRever
less, the solutions sought for VRP’s and some transportation plannifdepre

are often solutions which are minimized in the number of movements, or the
length of the movements, and in computation time. To show that some of those Al
transportation planning problems and VRP variants are similar, we will shaa tha
transportation problem used in the AIPS competitions can be written as a rieh VR

We will compare the Al planners used in the mentioned competitions with a
specific rich VRP solver and a Mixed Integer Program (MIP) solveris Till
show that, considering the quality of the plans, the best results are tghera
by the rich VRP and the MIP solvétsfollowed by the Al planners FF and
SGPIlan. It will be shown that especially the rich VRP and the MIP solver are
quite slow. Hence, for rapid results, the Al planners, especially YAl&P{o be
preferred, although the price is less plan quality. We will also show thahwahe
decomposition method is applied to the Al planner YAHSP, the loss in plan quality
will be considerably reduced, which causes it to be comparable to the ydityq
with the other planners and the VRP solvers.

1Under assumption that the results of 50% of the tested problem instarttiek,ave quite small,
are nevertheless, representative.






“Life is what happens to you while you're busy making other plans.”
—John Lennon(1940 - 1980) —
“Beautiful Boy”
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Preface

After some courses on complexity theory, | became interested in NP-hard
problems. Those that involved graphs, for example the Vehicle RoutirtgeéPno
(VRP), are in my opinion, especially interesting. Therefore, | endedainmgydmny
research assignment at the Algorithmics group at the faculty of Compuitarcgc

at the Delft University of Technology.

During this research project, | looked into logistic planning problems, and
the so called Logistics Planning Problem domain in particular. | consideréd tha
this domain was almost similar to the VRP with Pick-up and Delivery (VRPPD),
also known as the Pick-up Delivery Problem (PDP). Therefore, Isuagrised to

find that common solving algorithms for VRPDP were not used in the planners
used to solve the problems in the Logistics Planning Problem domain. | was even
more puzzled why VRP solving algorithms were not used when | found ait th
the largest benchmark of the Logistics Planning Problem domain had only abo
one tenth of the customers than the largest benchmark for the PDP, even with
Time Windows (TW). On top of that, the PDPTW problems seem to be harder
because of some extra features like TW, capacity limits for the used truolts, a
more realistic distances, which are not present in the Logistics PlannitdeRro
domain. Instead, this domain uses no TW at all, the trucks have a infiniteityapac
and all distances are set to one, so actually the number of movements isdcounte
instead of measuring the distance.

Because of these observations, | decided to spend my master’'s thesis on
comparing the performance of planners using Al algorithms with solverg usin
algorithms from the Operations Research community on the Logistics Planning
Problem.
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Chapter 1

Introduction

Logistic problems are common. Every day, people are dealing with many logistic
problems while sometimes not even noticing that it is a problem. For example,
someone is going to work but finds a roadblock on his way. The logistidgmmob

that needs to be solved now is: What is, in this situation, the best route to go to
work? Another example of a logistic problem is when people do grocerefsr®

the letter can be posted, | have to buy a stamp and to spare my back, the heavy
groceries will be picked up last, what will be the most efficient route? Riwen

last example, it can be seen that some logistic problems are not only cedcern
with finding the fastest or shortest route, but also have to keep in mindrcerta
extra demands.

One of the first to study logistics related problems was Hamilton (1805 -
1865) [30], after whom the Hamiltonian Path problem was named. Finding a
Hamiltonian Path while minimizing the travelling distance is a well known logistic
problem. It is called the Travelling Salesman Problem (TSP) which was first
studied in the 1930’s: The TSP is the problem of finding the cheapest fvay o
visiting all of the cities and returning to your starting point, given a collection of
cities and the cost of travel between each pair of them [12]. The morelermp
variant of this problem is th&ehicle Routing Problenf/RP), which basically
introduces more vehicles (or salesmen) to the problem. The original VRP was
formally introduced in 1959 by Dantzig and Ramser [15], and was later éetbn

in many ways, of which examples can be found in Section A.2.

Especially larger logistic problems, for example problems like the 1000 cus-
tomers benchmarks of Li and Lim [33], are difficult to solve optimally. In both
the Planning Research and Operations Research communities, thesemproble
have drawn much attention. Both fields of research have differentlbwgrals

in mind. Therefore, they use different approaches to solve logisticlgrah

Still, we are convinced that both fields of research are trying to solve the sa
problems. Therefore, we have modelled a logistic planning problem as a VRP



variant such that we are able to compare the solving methods of both fields of
research. The subjects of our research is the Logistics Planning Prdtden

the Planning Research community and the Vehicle Routing Problem from the
Operations Research community.

1.1 The Logistics Planning Problem

In 1998, the firstrtificial Intelligence Planning Systenf8IPS) competition was
organised [48]. During this competition several problems were presemtsahg
which the Logistics Planning Problem. We will start with a description of the
problem. A formal definition of the Logistics Planning Problem will be given in
Section 3.4.1.

In a Logistics Planning Problem instance, there are several cities, @ach ¢
taining several locations, one of which is an airport. There are truchishvwan
drive within a single city. The map of each city is a complete graph. There are
airplanes, which can fly between airports. The cities are connected hootaer

by a complete graph of airways. It is assumed that all distances betwedioisc

are of equal length. The goal is to get some packages from variousologdo
various new locations. Unfortunately, this is an ambiguous description hvithec
hosts of the AIPS competition acknowledged [48]. Minimising either the number
of parallel actions, or the total humber of actions needed to solve the proble
instances, should be an additional requirement. We have chosen forttdre la
requirement.

In the description of the Logistics Planning Problem, there are no fuel and
capacity constraints (i.e., they are not considered in the problem). These a
assumed to be enough. As can be seen, there are trucks and air@énesrse,

the airplanes cannot land at every location in a city, only at airports. UBecthe
cities are only connected with each other by means of an airway, the trackstc

go to every location too. Therefore, we can say that there are multiple maps: A
different map for each city and the one for the planes.

The Logistics Planning Problem domain seems to be a bit artificial. Indeed,
we can travel between cities without using an airplane. However, situdtianft

the Logistics Planning Problem domain do occur in real life. Consider fmmgke

the postal service. When we send a letter to a friend, unless he livdsynesr

put the letter in a letterbox. The postal service will pick-up the letter, and will
deliver it to your friend's letterbox. He will pick it up from there. If we sider

the postal service as the airplane network, the postmen as airplanes, meg/ and
friend as trucks and the postboxes as airports, we have an instaneelaigistics
Planning Problem domain.



1.2 The Vehicle Routing Problem

As said previously, the basic VRP has formally been introduced in 1959 by
Dantzig and Ramser [15]. Although the basic VRP is not the problem which
resembles the Logistics Planning Problem the most, we will introduce it here,
because all variants are based on it. The problem that has the most resmmbla
with the Logistics Planning Problem, will be discussed in Section 3.3. A brief
description of other variants can be found in Appendix A.

In the literature, the VRP is also known as Vehicle Scheduling [31], Truck
Dispatching [51], or the Delivery Problem [7]. The basic VRP contamseral
nodes, of which one node is special. This node is the depot, the others are
customers. All customers have a known demand. There are sevelksd and

each truck has a fixed capacity. In the special case when only oneetxistk, the

VRP becomes a TSP. There is some kind of cost-function: it egst® travel

from customer; to customerj. The basic VRP is to route all trucks along all
customers, such that:

e every truck starts and finishes at the depot (it is not allowed to visit thetdep
in between),

¢ all customers are served according to their demand, and
o the total costs are minimised.

The basic VRP can be extended in multiple ways. Some do not essentially mod-
ify the problem, like adding travelling time or time windows. Other extensions
do modify the problem, like having multiple depots, multiple goods, or different
optimization goals [44, 54].

1.3 The Comparison of the Vehicle Routing Problem and
the Logistics Planning Problem.

In order to make a fair comparison between the previously describeteprepwe

have to show that it is indeed possible to make a polynomial reduction from the
Logistics Planning Problem to a suitable variant of the VRP. When we stauted o
project, we had the assumption that a VRP variant similar to the Logistics Planning
Problem would exist. This assumption was based on the large amount of gxistin
VRP variants, a few of those are presented in Appendix A.2. Unfortlynatiter
extensive search, this does not seem to be the case. Thereforedeilingpthe
Logistics Planning Problem as a VRP variant, we have created our owice Sin
VRP problems are traditionally described alsimear Program we have done the
same. This description can be found in Section 3.4.1.
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1.4 Versions of the Problem Instances

To compare the different approaches of the Al community and the OR community
for solving the Logistics Planning Problem, our test set consists of thégondh-
stances of this problem used in the AIPS competition of 1998 [48]. We hade ma
some different versions of these problem instances. These versmnsesides

the original problem instances, problem instances on which some pesging

has been applied, and larger problem instances. The preprocefsittg are de-
composition, filtering, and a combination of the previous two. We are interested
in whether these preprocessing effects and enlarging the problemdestaould
make a difference in the performance of both the Al planners and the D&s0

The performance will be measured in computation time and plan quality. The plan
quality is based on the number of movements the vehicles have to do in order to
have a solution to the problem instances. The plan quality decreases é&$ethe d
ence between the optimal solution and the found solution, measured in themumbe
of movements, increases.

1.4.1 Decomposition of the Problem Instances

When a problem is difficult, it is not uncommon to search for ways to decoenpos
the problem into smaller problems which are often easier to solve. For the
Logistics Planning Problem, such a decomposition method exists. It is the
depth-partitioning algorithm by Steenhuisen [66], which results in the ArBiter
method of Valk [72]. Since we are able to model the Logistics Planning Problem
as a VRP variant, the same decomposition technique can be used for the VRP
variant. It has already been shown by ter Mors [67], that a speeakaprs,
measured in computation time, when using this decomposition method to solve the
problem instances of the Logistics Planning Problem of 2000. We arestedri
whether the VRP solvers show the same effect.

The plan quality will also be measured. We expect a small change in plan
quality due to the overhead introduced by the decomposition method. Large
changes in plan quality would indicate that errors have been made, sinddens

rise in plan quality would indicate that infeasible plans were generated, and a
sudden drop in plan quality would indicate that the number of movements was not
minimized.

Of course, it is possible to use the decomposition method and subsequently
remove the superfluous data. We assume that the results, measured inrheth ¢
putation time and plan quality, will resemble the combined results of removing the
excess data and the decomposition of the problem instances.

4



1.4.2 Superfluous Data in the Problem Instances

Looking into the original problem instances of the Logistics Planning Probksd

in the AIPS competition of 1998 [48], it occurred to us that the problem igs&n
contained many superfluous data. For example, there were many padkadge
problem instances, but only a few of them needed to be transported tioeano
location. Hence, we will investigate what the effect of filtering out the glymus
data will be to the computation time and on the plan quality.

1.4.3 Enlarging the Problem Instances

The original Logistics Planning Problem instances were quite small, up to 57
packages, of which 44 were left after removing the unused packagesargest

of these Logistics Planning Problem instances is the only one which is cobbfgpara
in size with the smallest benchmarks of the Solomon’s test set, which are 100
customers large [26]. In these benchmarks, all customers have a awtaand,
hence all customers have to be visited. Since the Solomon test set wasddsign
the Vehicle Routing Problem with Time Windows, only one customer is visited per
demand. In the Logistics Planning Problem, at least two customers are visited p
demand (package), the customer where the package is located andttmesus
who will receive the package. A maximum of two other customers can bedadde
because they are the customers the packages are passing. Eveitianadour
customers can be defended when we look at the number of orders. d&n or
from the Logistics Planning Problem can be divided into at most three sidrsy

with two corresponding customers each. This would result in a maximum of six
customers per order. It can be discussed whether any such intermaditgener

is a real customer. An argument in favour is that it is a customer that has to
be visited. An argument against it is that it is just an intermediate point. This
intermediate point has to be on the correct route since, in this specific proble
definition, it is the only one which connects the different subsets of location
When multiple points could serve as transshipment-points, it would be unknown
through which one the best route would be. This last argument will also ihake
difficult to divide the orders of the Logistics Planning Problem into sulersd
since the intermediate points have to be known to do so. All in all, when we
would like to compare the Logistics Planning Problem instances with Solomon’s
benchmarks, we have to multiply the number of packages by at least twe, sinc
one package represents at least one pick-up and one delivery deman

It is more natural to compare the Logistics Planning Problem instances with
the Pick-up and Delivery Problem with Time Windows, created by Li and
Lim [33], because both problems have pick-up and delivery customé@&itse
guestion whether the intermediate customers in the Logistics Planning Problem
should be counted as customers still remains. The largest of the Pickeup an
Delivery Problem with Time Windows have 1000 customers. To see how the

5



performance of the different Al and OR approaches would be affedtetime
and plan quality, when solutions to larger problem instances need to be, faen
created our own problem instances.

1.5 Research Questions

From the previous sections, several research questions can beeded@ur main
research questions are:

Can a VRP approach for solving the Logistics Planning Problem be com-
petitive with an Al planning approach with respect to the computation time?

and

Can a VRP approach for solving the Logistics Planning Problem be competitive
with an Al planning approach with respect to the plan quality?

In order to answer these questions, a reduction has to be made from the Lo
gistics Planning Problem to a VRP variant. Since we could not find a suitalie VR
variant to which we could make a reduction from the Logistics Planning Problem,
the question becomes:

Is it possible to model the Logistics Planning Problem as a VRP variant,
using Linear Programming?

As mentioned in Section 1.4, we are interested in the change of performaeace d
to some pre-processing steps applied to the problem instances. The mgiestio
which address this subject are:

e What is the effect of decomposing the problem instances? Is it the same for
the Al and OR approaches?

e What is the influence of filtering the problem instances? Is it the same for
the Al and OR approaches?

e What is the combined effect of decomposing and filtering the problem in-
stances? Is it the same for the Al and OR approaches?

e What is the effect of increasing the size of the problem instances? Is it the
same for the Al and OR approaches?

The effects will be measured in computation time and plan quality. In this report,
we will try to answer these questions.

1.6 Outline

We will first provide some background information on planning in Chapter 2.
Then, in Chapter 3, we will go over some background on VRP. Becaesase

6



a decomposition technique, which is also called a coordination method, we will
give some general information on that in Chapter 4. The experiments wiikbe d
cussed in Chapter 5, which will be followed by the conclusions in Chapter 6.






Chapter 2

Planning Background

The Logistics Planning Problem is a problem originating from the Planning Re-
search community. In this chapter, we will give a definition of the term planning
We will also introduce the framework in which planning problems are formulated
We will end with some techniques used for solving many planning problems: How
ever, we will start with some basic notions.

2.1 State Space Search

Let us start with some terminology. #tateis a description of the condition the
problem or world is currently in. A state can change when some input ig give
which atransition functioncan be applied. The symbols that are allowed as input
are called thalphabet Thestate spacds the set of states which can be reached
by means of the transition functions [65].

It is possible to create a graph using the set of states and the transitidiofisnc
The nodes in the graph represent the states and when a transition fugxgon
that transforms one state into another, a connection can be made betwéea the
nodes. However, this is not always feasible since the state space israftémntoo
large to generate and store in memdadpyate space seardhvolves finding a path
from the initial state to a goal state of a search problem, while keeping in memory
as few states from the search space as possible. A search problée eanongst
others, a planning problem. This is further elucidated in the next sectior. Th
general idea of finding a path by means of state space search is to builcch se
graph, starting from the initial state, the goal state or both. A state is exgdyde
applying all elements of the alphabet to that state, generating all of its socces
states. These successors are in the next level down of the segpbh Gree order

in which the states for expansion are chosen, is determined lsgthreh strategy

for example depth-first search, breadth-first searcAasearch. We will present
the latter in Section 2.4.1. It is not unusual that different strategies riesvitry
different behaviour [10].



The main difference of state space search versus traditional computer sc
ence search methods is that in state space search, the state space is li@pt imp
Only the nodes which are explored, are generated. A solution to a geatdiem
instance may consist of the goal state itself, or of a path from the initial state to th
goal state [60].

2.2 Planning Definition

What is meant by Planning? Planning is making a plan, which is a sequence of
actions that transforms the initial situation of a given planning task into a situation
where the goal requirements are met [36]. Therefore, we can sapltrating
involves reasoning about future actions to sequence and generadsamable
series of actions to be taken in order to achieve a goal [28]. It can bglhof as
determining and sequencing all the small tasks that must be carried outintord
accomplish a bigger goal [17].

It is possible to plan automatically, by means of a planning algorithm. An
abstract formulation of a planning problem is described in some formal deysgu
and consists of three parts: a description(iptthe world, (i) the goal, andiii)

the possible actions that can be performed. The planners output is a.plan,

a sequence of actions that will achieve the goal, when executed in arg wor
satisfying the initial state description. Note that these formulations are similar
to the description of state space search in the previous section. By thiacabstr
formulation, a class of planning problems can be defined, parametriseceby th
languages used to represent the world, goals, and actions [74].

A planning problem from the previous mentioned class of planning prob-
lems, can be denoted d3(A, D, I, G), which is a 4-tuple, wheré\ is the set

of operators,D is a finite set of objects/ is the initial state, and~ is the goal
state. An operator definition may contain both variables and parameters, sinc
an operator does not correspond to a single executable action but railya ¢
actions, which is different for each instantiation of the variables of thélpno.

An instance of an operator is often a set of preconditions and effects.

As said, the solution to a planning problem is a plan. This can be represenged
tuple (S, O, L, B) in which S is a set of plan steps which are instances of opera-
tors. As an example, if oad is an operator, thehoad packagel truck2

is an instance of the operator, which can be an elemerff.ofO is a set of
ordering constraints on the elements$f Ordering constraints mean that a step
S; must occur sometime, not necessarily immediately, beforeStefin ordering
constraint is denoted by; < S; and usually induce only a partial ordering on
the steps inS. Corresponding to some ordering constraints are causal links. A

10



causal link between steps exists when the effect of one step is a pitimormd
the other. In other words, causal links are trip{€s, ¢, S;), whereS; andS; are
elements ofS andc is an effect ofS; and also a precondition fa#;*. L is a set of
causal links representing the causal structure of the plan. It is impaadetp
track of a causal linkS;, c, S;) to ensure that no stef, which would result in
—c, can intervene between stefisandS;. B is a set of binding constraints on the
variables of the operator instancesSij49].

2.3 A Plan Formalism: STRIPS

In the previous section, we mentioned that the input of a planning problem is
abstractly formulated in some formal languag&STRIPS(Stanford Research
Institute Problem Solver) was originally an automated planner developed by
Richard Fikes and Nils Nilsson in 1971 [22]. The formal language usethé&
input of this planner is the base for most of the languages for expremsiamated
planning problem instances used today, and goes by the same name.

STRIPS represents the world as a set or first-order logic formulas Té@fefore,

it does not make a distinction between more important and less important parts
of the problem description. The problem space for STRIPS is defindtirbg
entities [22]: (i) the present state of the worl@i) a set of operators, their their
effects and their preconditions, ardiii) a goal condition, each one described

in well-formed formulas. Any conditions that are not mentioned in a state are
assumed false, i.e., tldosed-worldassumption is used.

Mathematically, a STRIPS instance is a quadrupl O, I, G), in which P

is a set of propositional variables aadis a set of actions [71]. Each action is
defined by four sets of propositional variables, 3, v, d), which represent the
pre- and postconditions of the action. The preconditions are reprdsasieand

(3, which are the sets of propositional variables that are required to peatasely
true and false for the action to be executable. The postconditions aesegped
as+vy andd, which are the sets of propositional variables that are made respectively
true and false by the actiod. is the initial state, which is the set of propositional
variables that are initially true. The goal stafeis a pair of set§ N, M), which
specify which propositional variables are respectively true and fal$eergoal
state.

Changing a state into another can be done by means of a transition func-
tion, just like with state space search. As already mentioned, in STRIPS; state
are represented by sets of propositional formulas. A state in STRIP Seigaanc
configuration of the seP, in fact, one of2” configurations, which represent all

More generally¢ represents a proposition that is the unification of an effe&; @nd a precon-
dition of S;.
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possible states. Therefore, the transition function of a STRIPS instamcbe
written as the functionsucc: 2 x O — 2. A transition function for a certain
stateC can therefore be defined as follows:

succC, (o, 8,v,d)) = C\dU~vyifaCCandgnNnC =10 (2.2)
= ( otherwise (2.2)

A plan for a STRIPS instance is a sequence of actions. In order to béodidee
plan with more than one action, it is needed that the funcsiacccan be used
recursively:

sucqC,[]) =C (2.3)
sucqC, [a1, ag, ..., a,]) = sucqsucdC, ay), [ag, ..., an)) (2.4)

If executing all actions of the plan in order from the initial state results in ttz go
state, it is a valid plan. Formally, if the staké= sucd/, [a1, a2, . . ., ay]) Satisfies
the conditionsV C FandM N F = (), then[ay, as, . . ., a,] is a valid plan for the
goalG = (N, M) [71].

We would like to make two comments on the STRIPS language as presented. In
practice, it can occur that actions have free variables. These frisdobess will be
implicitly existentially quantified, which means that such an action represents all
possible propositional actions that can be obtained by replacing eactdirable

with a value.

The second comment is on the assumption that the initial state is considered
fully known in advance because of the closed-world assumption. Thed:los
world assumption is often a limiting assumption, as there are natural examples of
planning problems which have partially known initial states. Variants of SERIP
have been developed to deal with those planning problems [71].

2.4 Used Techniques in Planning

The programs used for solving planning problems are often called panvest
planners are specialized in one of the previously discussed planninkgiproht-
egories. The way they try to solve them can differ. Some use satisfiability
solvers and some ugesuristic algorithmdike weighted A and A‘-search algo-
rithms. Tables or diagrams are often used, especially in combination with back-
ward search [53]. In this section, we will go over these methods briefly.

2.4.1 GraphPlan

When GraphPlan was introduced in 1995, byland Furst [6], the time needed
to compute solutions to planning problem instances, drastically decreased. T
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algorithm this planner used, goes by the same name, of which the basic idea is
presented in this section. The input of GraphPlan is a propositional pgnnin
problems, i.e., planning problems with no variables, for example in STRIPS
format. It efficiently constructs a compact structure called a PlanningtGram

the given problem statement [5].

A planning graph consists of a sequence of levels that correspond to time
steps in the plan, where level 0 is the initial state. Each level contains a set of
literals and a set of actions. It could be said that per level, dependingeon th
actions executed at preceding time steps, the literals are those that could be tr
that time step. Analogous, it could be said that per level, depending on which
the literals are actually true, the actions are all those actions that could teave th
preconditions satisfied at that time step. Because the planning graptsecdy
some of the possible negative interactions among actions, it might be optimistic
about the minimum number of time steps required for a literal to become true.
Nonetheless, this number of steps in the planning graph provides a giiodtes

of the difficulty to reach a certain goal from the initial state [60].

In GraphPlan’s planning graph, there are three types of edges letinee
nodes: (i) pre-conditional, which connects a literal and the action for which the
literal is a precondition(ii) post-conditional, which connects a literal and the
action of which the literal is a result, ar(di) mutex, incompatible literals that
cannot be true at the same time and incompatible actions that cannot be dxecute
together are connected with mutex-links. By means of those mutex-links, the
impossibility of certain choices become explicit.

The GraphPlan algorithm uses the planning graph in the following way.
The algorithm has two alternating main steps. First, it checks whether all #ie go
literals are present in the current level without mutex-links between amyopa
them. If such a link exists, the graph is expanded by adding the actionsefor th
current level and the state literals for the next level. If no mutex-links axidte
current level, the algorithm tries to extract a solution, since it is possibleathat
solution exists within the current graph. The process is repeated untilttosas
found or until it has found that no solution can exist [60].

Many planners are based on the GraphPlan algorithm, like the planner FF
(Fast-Forward) [53], although often in combination with a heuristic search
algorithm. An example of an heuristic search algorithm s

A*-search

As explained in Section 2.1, planning problems can be written as a graph. Itis
possible to generate a state diagram in which the initial state is the first node
and the goal state is (one of) the last, or vice versa. When a plan is build up
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from the initial situation, to the goal situatiofgrward or progression planning

is used. Planners that use forward planning are FF and YAHSP [38].nTajor
disadvantage of forward planning is the large search space, beadthseach
step the number of possibilities grows, and all of them are consideredlyequa
likely to lead to a solution. To reduce the search space, GraphPlan is tsed fi
When the starting point is the goal situation, and a plan is made while searching
for the initial situation,backwardor regression plannings used. This approach
is often possible, because enough information is known to deduct froantialp
description of a result state, a partial description of the state beforeeaatopis
applied. The advantage in comparison of the forward approach is thae#neh
space is expanding less rapid.

Both forward and backward planning search for the optimal solution. The
optimal solution is the shortest path from the initial state to the goal state and can
be found with a graph traversal algorithm. THA& algorithm, introduced by Hart,
Nilsson and Raphael in 1968 [32], is an example of a graph traversalthlg.

In the planner YAHSP (Yet Another Heuristic Search Planner) a varint
the A* algorithm is used [73]: the weightedf. Since this is a derivative from the
A* algorithm, we will present only thd* algorithm.

The A* algorithm tries to find the shortest path from starto finish¢. The
nodess andt are part of a grapty = {V, £}, in whichV is the set of nodes artl

is the set of edges. It makes use of a heuristic estimatjonof the distance from
nodei to nodet. Such an estimation needs to be admissible, i.e., it is never larger
than the actual distance, in order for th& algorithm to be optimal when not used

in a closed set. If used in a closed set, the triangle inequality should evefohold

h. The actual distance between nadandj is represented as;. Now, the A*
algorithm is as follows [54]:

Algorithm 1: The A* algorithm [54].

Step 1 Initialise
SetQ = {s}, setVi € V\{s} : £(i) = o0, £(s) = 0.

Step 2 Select Node
Leti € Q be the node withh = arg min{¢(j) + h(j) : j € Q}.
Remove node from Q. The label of nodé is now fixed. Quit the
algorithm ifs = ¢.

Step 3 Adjust Labels
DoV(i,7) € £(4) : £(j) = min{l(j), £(i) + c;;}. If £(4) is modified
in this step, themr(j) = 7 and addj to Q unlessj is already inQ. If
the label ofj was fixed, then it will become unfixed because ngde
was added t@ again.

Step 4 Go to Step 2.
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In this algorithm,Q stands for the set of candidate nodes which all have a label
less than infinity. The labél(i) stands for the temporal shortest path from source
s to nodei. The value of/(i) + h(i) represents the temporal estimation of the
shortest path froms to ¢ via nodei. For weightedA*, the h(7) in this equation

is multiplied with a certain factos, the weight, which should be larger or equal
to one. The se€(i) is a subset of, an edge(u, v) is in subsetE (i) if u = 1,
hence they are the outward bound edges of nodehe operatorr(j) represents
the predecessor gf. It is not sufficient to know only the length of the path to
reconstruct the shortest path. It is also needed to know at least ithecpssor of
the node on the shortest path. The shortest path can be reconstyctedtsively
callingn(t) (i.e.,nm(t), 7wm(t), enz).

To summarise the algorithm: Thel* algorithm basically searches along
nodes which are expected to be on the shortest path 4rmm [54].

2.4.2 Satisfiability

Some planners, for example BlackBops3], transform a planning problem into
boolean formulas, which is not hard to do since planning problems written in
STRIPS are already composed of first-order logic formulas. A booleanula
consists of boolean variables, which can only assume the values “trutise”,

and the logical operators “and”, “or”, and “not”. Often, the value &tus
represented as a 1 and the value “false” as a 0. A boolean formula isaddisfi

if some assignment of 0’s and 1's to the variables makes the formula evaluate
to 1 [65]. Now, the Satisfiability problem (SAT) boils down to: Find a truth
assignment to the variables of the formula that makes the formula evaluate to the
logical value “true” [50].

When transforming a planning problem into boolean formulas, the literals
are accompanied by the number of the time step, O representing the initial
state. Because propositional logic has, in contrary, to STRIPS no elosdd
assumption, the propositions that are not true need also to be specifidg. On
when propositions are unknown, they can be left unspecified. In the saanner,
actions can be transformed into boolean formulas. The actions are alsm-acc
panied by a time step number, representing the time when the result of the action
is visible. In addition to the literals and the actions, the preconditions need to be
transformed as well as state constraints which prevent simultaneous amrigns
when they interfere with each other, which is detected as conflicting vasiable
The goal situation should also be associated with a time step. Since it is unknown
when the goal can be reached, the time step of the goal is iteratively iadraas
long as no truth assignment can be found for which the boolean formulkhe of
planning problem evaluate to “true” [60]. By using these iterations, theckea

2This planner was not used during the experiments because it was totdiexcompetitive.

15



space is kept as small as possible.

2.5 Atrtificial Intelligence Planners used for our Experi-
ments

In the section above, we already mentioned some planners which we usegl du
our experiments. The choice of these planners was based on availabilighan
the diversity of the implemented algorithms. In this section we will highlight their
specific features.

251 FF

FF was designed bybdg Hoffmann [53]. It uses GraphPlan for graph building
and plan extraction. The length of the plans that GraphPlan returnsedegsan
indication of the distance to the goal, and the actions that GraphPlan sekects ar
used to guide the actual searching algorithm. The searching algorithm tistds

is a combination of hill-climbing and systematic search. It was assumed that with
respect to these algorithms, big plateaus or local minima do not occur \tery, of

at least not in the benchmark planning problems. Indeed, plateausidayis®
called symmetries in planning domains, are handled well by FF [25].

2.5.2 YAHSP

YAHSP was designed by Vincent Vidal [73]. Itis based on FF, busedeokahead
strategy. In classical searching strategies, all actions that can lwerped when

in a certain state, are considered the same. The lookahead strategy Yaé&t5iR
orders and evaluates the actions on a certain measure of so called hegsfulihe
actions which are considered helpfull are the executable actions okadgian in

a state. This lookahead strategie improves the computation time considergbly [11

2.5.3 SGPlan

SGPLan was designed by Chih-Wei Hsu, Benjamin Wah, Ruoyun Huah¥izim

Chen [38]. It partitions large planning problems into subproblems with their ow
sub-goals. It tries to resolve inconsistent solutions. By partitioning the langb-
lems, some extra constraints are deduced. The searching algorithm tisadis u
tends to get stuck in infeasible regions when the objective is too small or when
the penalty values and/or constraint violations are too large. It gets eesbiv
backtracking. Like YAHSP, it uses helpfull actions to reduce the evalusgarch
space.
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2.6 Summary

When defined in a formal language, like STRIPS, planning problems caepbe
resented as state space search graphs. However, this represdatafien too
large to use in practice. Therefore, algorithms, like GraphPlan, ardopede
GraphPlan compiles planning problems described in STRIPS into a diffenent
resentation, which causes the search space to stay relatively small.
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Chapter 3

Vehicle Routing Problem
Background

Unlike in the previous chapter, there is not much of a discussion on thetefin

of a vehicle routing problem. This is mainly due to the fact that vehicle routing is
an example of a planning problem. On the other hand, once in a while, thigoques
“What makes a problem a VRP” is raised. After extensive search, uld oot find

a conclusive definition. We found many different problems, which war&mts of

the basic VRP with extra constraints or features, which were all called a V&P
difference with de basic VRP was indicated in the name of the particular pnpble
like VRP with Time Windows (VRPTW). It seems that any problem for which the
goal is to find the optimal path for every vehicle, under some constrairts teat

the demand of all customers are served, can be called a VRP.

3.1 VRP Framework

We have already shown that the Al-community uses STRIPS to describ@ndan
problems. In the OR-community, mathematical models are used, which exist of
sets of equations. A special kind of equation is the linear equation. A linear
equation is an equation in the variables. . ., x,, that can be written in the form
a1x1 + asxo + ...+ aypx, = bwhereb and the coefficients;, ao, . . ., a,, are real

or complex numbers [45].

A Linear Program (LP) is most frequently used for mathematical models.
If we can specify an objective, which has to be minimized or maximized given
limited resources and competing constraints, as a linear function of certain
variables, and if we can specify the constraints on resources asuyiitees on
those variables, then we have a LP problem [14]. In other words: bBlgms
involve the optimization of a linear objective function, subject to linear (in)kyua
constraints. If the unknown variables are all required to be integers, ttiee
problem is called an Integer Program (IP) or Integer Linear ProghaR) (14].
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3.2 Used Techniques

LP’s be solved using several techniques. For example the simplex algorithm,
developed by George Dantzig in 1947 [15], the ellipsoid method, introdbged
Leonid Khachiyan in 1979 [1], and interior point methods like Karmarkalg®-

rithm [42, 61]. VRP’s are often solved with search or graph travealggdrithms,

like branch and bound, branch and cdt, and (large) neighbourhood search [54].

In Section 2.4, we have already introduced thiealgorithm. In this section, we

will focus on two more of these algorithms, since they are used in the VRPrsolve
we will be used in our tests.

3.2.1 Simplex Algorithm

In this section, we will present the basic idea of the Simplex algorithm, not an
elaborate description. For the latter, we refer to Cormen [14].

First, it is needed to have at least an intuition of the term simplex. A sim-
plex is a convek region, constructed with the constraints of a LP, in which all
possible solutions of that LP are contained. Because the simplex is cdheex,
solution of an optimal solution to a problem will always occur at the rim of the
simplex.

The input of the Simplex algorithm is a LP, and it returns an optimal solu-
tion. It starts at a certain vertex of the simplex, which is constructed by means
of the LP, and performs a sequence of iterations. In each iteration, thetlahg

tries to find an objective value at a neighbouring vertex, larger than waleq

the objective value at the current vertex. Neighbouring vertices ase thertices
which are along an edge of the simplex next to the current vertex. Wherah lo
maximum is reached, the Simplex algorithm terminates. The local maximum is
found at a vertex for which holds that it is a vertex from which all neigitb
vertices have a smaller objective value. Because the simplex is a coni@x aegl

the objective function is linear, this local optimum is actually a global optimum
and therefore the optimal solution to the LP [14].

The major drawback of the Simplex algorithm is that in the worst case sce-
nario, its running time is exponential. This has been shown using carefully
constructed LP’s, which do not occur often in real life. Usually, in ficag the
Simplex algorithm is remarkably fast.

LAn intuitive definition of a convex region is that if a line is drawn between anyaints in the
region, the line never crosses the rim of the region. As an example, endimensions: an hourglass
is not convex, a cylinder is.
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3.2.2 Large Neighbourhood Search

Large Neighbourhood Search (LNS) for VRP’s was first presebtie@&haw in

1998 [62]. The heuristic is quite like local search. In local search itdamed that
a (sub-)optimal route is found from the start node to and goal nodelaimimg

the start node could represent the initial state, and the goal node cpuéteat
the goal state. Local search breaks a few branches of the cuotatibs (route),

resulting in sub-routes. Those sub-routes will be reattached to eachiothe
different order, if that order results in a better overall solution. Anailsy LNS

removes several related customers from the current solution andrteitigam in

a different order, if the overall solution improves.

Two choices have much influence on the performance of the heuristic. The
first is the choice of the set of customers that need to be removed. Tiwedsisc
the algorithm used for reinserting the removed set of customers.

The choice of the set of customers that will be removed is generally based
on how related the customers are. When and how much customers are related
has to be properly defined and it should be chosen such that it resultth g
opportunities for the reinsertion to achieve improvement in the route. Oneusbv
criterion would be that customers that are geographically close to onesandgth

be more related than customers that are more distanced [62]. Howeterenlif
relations can be thought of [57]. The size of the set which is to be removed
is important too. Of course, a fixed number can be picked. Shaw decided to
increase, starting from 1, the number of customers to be removed whankzenu

of attempts did not improve the solution.

Shaw used a truncated branch and bound technique as an insertion algo-
rithm, which is a near optimal insertion algorithm. Other insertion algorithms
might also be used.

The pseudo-code for a minimizing LNS heuristic is shown in Algorithm 2 [57].
Like with local search, LNS assumes that an initial, (sub-)optimal solutibas
been found, for example by a simple construction heuristic. The parameter
determines the how many customers will be removed from the current solution,
which can be seeninline 5. In line 6, the removed customers are reinseddoan
current solution. These two actions are responsible for the possibleverpemt

of the current solution.

In lines 7 to 11, the best solution so far is updated and it is determined if the
new solution should be accepted. A simple accept criterion would be totealtep
improving solutions, but again other criteria can also be used. When some sto
criterion is met, see line 11, the algorithm is terminated. Such a criterion can be,
for example, when after several iterations no or insufficient improvenmastbeen
made.
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Algorithm 2: LNS heuristic [57]

1 Function LNS(s € {solutions}, g € N)
2 solutionsp.s: = s

3 repeat

4 s'=s

5 removeq customers froms’

6 reinsert removed request intb
7 if f(S/) < f(sbest) then

8 Shest = s’

9 end

10 if accept(s’, s) then

11 s=3s"

12 end

13 until stop-criterion met
14 return Spest

3.3 VRP Variants

The basic VRP described in Section A.1 does not yet resemble the Logiktics P
ning Problem mentioned in Section 1.1. Fortunately, the VRP can be extended in
various ways. All variants are gathered under the namielofVRP. In this section,

we will show the variant which has the most similarities with the Logistics Plan-
ning Problem. For a more extended overview of the different variantsefee to
Appendix A.2.

3.3.1 RPDPTW

The most elaborate version of a VRP can be found in the description oflap-A
tive Large Neighbourhood Search heuristic for the Pick-up and Dgli?eoblem

with Time Windows (ALNS-PDPTW) [57]. ALNS-PDPTW was designed by
Rgpke to handle more than one vehicle routing problem. The idea behind it is tha
in real life, transportation done by different companies is often diffeaed thus
calls for different types of vehicle routing problem solvers. The ALRISPTW

can solve five different vehicle routing problems. These are the Vehiulgit)
Problem with Time Windows (VRPTW), the capacitated vehicle routing problem
(CVRP), the multi-depot Vehicle routing problem (MDVRP), the site depande
vehicle routing problem (SDVRP) and the open vehicle routing problemREV

In the CVRP, goods have to be delivered to a set of customers with known
demands on minimum-cost vehicle routes originating and terminating at a depot.
The vehicles are assumed to be homogeneous and they have a certaitycapa
Note that the CVRP is not that different from the basic VRP. Though thstcaint

of not exceeding the maximum capacity of the vehicles is not explicitly mentioned
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in the basic VRP, it is often assumed to be the same as CVRP. In some versions
of the CVRP, it is also required to obey route duration constraints that limits
the lengths of the feasible routes. When time windows, the interval in which
customers should be supplied, are added to the CVRP, the problem is called
VRPTW. If it is not required to return a vehicle to a depot when the lagbousr

of its route has been served, the route is open, hence OVRP. The MBXtRRds

the CVRP by introducing multiple depots. The SDVRP generalises the CVRP,
because it can be specified that certain customers only can be seraesubget

of the vehicles. Furthermore, vehicles can have different capacities BDWVRP.

All problem types are transformed into a Rich Pick-up and Delivery prohigth

time windows (RPDPTW) [58].

The RPDPTW is the problem of serving a number of transportation requests
which involves moving some goods from a pick-up location to a delivery logatio
using a limited number of vehicles. The objective is to construct routes thiat vis
all locations such that the pick-up and delivery of the same goods aredblac
on the same route and that the goods are picked up before they areatklive
Furthermore, the route of a vehicle should start at a depot, end atralgaeation,

and service a number of requests such that the capacity of the vehicle is no
exceeded in between. The routes must not violate time window and capacity
constraints. A non-negative distance and travel time is assigned betwigen a
two locations. It is assumed that travel times satisfy the triangle inequality. This
assumption implies that any removal of requests from a feasible route wil kee
the route feasible with respect to the imposed time windows [57, 58].

3.3.2 RPDPTW and the Logistics Planning Problem

RPDPTW is not usable as a model for the Logistics Planning Problem. In this
section, we will present several reasons which result in this conclukiowever,
let us start with a recollection of the Logistics Planning Problem.

The Logistics Planning Problem is the problem of serving a number of
transportation requests using a limited number of vehicles which have infinite
capacities. Each request involves moving a number of goods from aupick-
location to a delivery location using several different vehicles, heooe request
consists of a chain of pick-up and delivery sub-requests. The olgeidito
construct routes per vehicle such that every sub-request is perdoin time with
respect to the other sub-requests in the same chain. The pick-up avehdefi
such a sub-request is placed on the same route and such that a pigketiplimed
before the corresponding delivery. Furthermore, the route of aleettiould start

at a given location, service a number of (sub-)requests, and finallgtea certain
location. Between any two locations, we have a uniform distance.

The first reason why RPRPTW is not usable as a model for the Logistics
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Planning Problem concerns the time windows. Every task in an instance of the
Logistics Planning Problem is actually a combination of three subtasks. Either
the time windows are used for the original, or for the subtasks. In the &isst,c
there is no way to guarantee that the subtasks are completed in the right orde
In the second case, the sequence of the subtasks can be guararieeamtect.
However, the time windows are not only valid for one sequence of suhthskfor

the whole system. By that we mean that time windows impose an order in which
the tasks are served, while in the Logistics Planning Problem, the only coiscer
that the subtasks are done in the right order. Hence, it is far too restriotuse

time windows this way.

Looking at the Logistics Planning Problem, using multiple depots might not
be such a bad idea. After all, the vehicles start at random locations within the
problem, which can therefore, be seen as depots. Unfortunatelyiadevbhs to
return to a depot and can only return to a depot when finished, not betiasks.

If we use multiple depots in the Logistics Planning Problem, it would imply that
if one vehicle has to deliver a package to another location which happdres to
also a depot, the vehicle will be unavailable for the rest of the problem. This is
an undesirable effect. Of course, a work around can be thougkthich is an
imaginary depot from which all vehicles start and where they all finiste diily
drawback is that some post-processing is needed to find out how manynaioige

are made extra, due to the introduction of this fake depot.

The last reason is of a more practical nature. The Site Dependentefaatur
actually exactly what we need to model the Logistics Planning Problem. Unfortu
nately, this feature is implemented such that a vehicle has to be able to perform
the whole task, not just a subtask, see Appendix A.3. Of course weiciae d
every task in subtasks, but then again we cannot guarantee the owdeicinthe
subtasks are performed.

Clearly, the main problem we faced for creating our own model was a syn-
chronisation problem. How to make sure that the transshipment of the peecisag
feasible? We will discuss our solution to this problem in the next section.

On the other hand, in case of only one city, no synchronization problem ex
ists. When we apply the decomposition method we will present in Section 4.3.1,
we can evade this synchronization problem. In that case, the RPDPTWecan
used to model the Logistics Planning Problem.

3.4 Modelling the Logistics Planning Problem

Considering the whole Logistics Planning Problem, deciding whether a plan of
certain length exists, was proven to be NP-complete [34, 35]. Therefcieould
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be possible to make a reduction to any other NP-complete problem, though it
might not be that straight forward.

We had the assumption that a VRP variant similar to the Logistics Planning
Problem would exist. Unfortunately, after extensive search, this seebes not

the case. Several problems have some features that come close to th&sogis
Planning Problem, like Site Dependency, which means that vehicles can be
assigned to a sub-graph, but can only serve requests that starhesdirfi that
sub-graph [57, 58, 59]. As described in the previous section, Sitemkmcy
alone cannot be used to create a reduction, since there is no way totgeaitze
precedence relations between the subtasks, which have to be spegifieitly

In the literature concerning transportation with transshipment, like in [16],
the focus is on determining the best location for the transshipment stations and
as such, reaching optimal flow. That was not what we were looking &arcéd,

it appeared that we had to construct a model with transshipment locatidals wh
also respected precedence relations within a request ourselves.

3.4.1 The Mathematical Model for the Logistics Planning Problem

Since the problem described in the previous section did not match any RAiRRN
variant, we designed our own LP model.

In our model, we have a several groups of nodes. We call these gyitips.
There aren cities. Each city consists ef. > 1 nodes, and it is not necessary that
all cities consist of the same amount of nodes. Every node within our madel c
be uniquely defined by the combination of the number of the city and the number
of the node within that city. Such a tuplé:ity number, node number), we call

a location. So, the set of all locations is:

The sub-set of all nodes present in a city is defined by:

In the Logistics Planning Problem there are some special locations: thetairpor
The airports are the only locations that form a sub-graph with locationsathar
city. Every city has at least one node, which in that case, has to be thwtairp
Generally, let us assume that the first node in a city is an airport. Theesub-s
consisting of all airports will then be defined by:

Lo={(i,1)| i=1,...,n} C L. (3.3)

Note that previously we used the subscriptLab show the city number. Since the
sub-set of all airports is unlike one of a city and there is only one sucly-set,
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we use & to show this.

We do not take real distances or travel-times into account. Instead, travel-
ling from one location to another takes always the same amount of time or
distance. Hence, it is justifiable to say there are time discretizations, and thfe se
those time steps is defined by

N C{N e N| N <2(max {m | i € N}) + 2n}. (3.4)

Due to this equation, we facilitate that actions can be performed in parallel.

The inequality of Equation 3.4 can be explained as follows. If we make a
round along all nodes, which can be done simultaneously and thereke® da
long as to visit all nodes in the largest city:(;)), we collect all packages. This
can be done in such a way that the airport is the last location that is visitede Th
aren airports, if we visit them all once, all packages are again collected. If we
visit all airports a second time, all packages are in the city of their destinétibn,
not yet at the right destination. Therefore we have to make anothed adang all
nodes again. Because we can assume that the first location that will be Vrisite
the latter round is the airport, only one round along all locations is nege$¢auw

all packages are at their goal-location.

Of course, visiting locations is done Wy vehicles. Each vehicle is assigned to
a sub-set by means of the city number. The city number is aggndenote the
airport sub-set, which suggests that the vehicles travelling betweentaige
airplanes. All vehicles travelling between other locations, can be thodgs o
trucks. All vehicles have a start-location. Of course, this start-locatiort bais
part of the sub-set the vehicle is assigned to.

T=A{te| =1,...,T, ty = (a,b,¢,¢),(a,b) € Lc,c €{0,...,n}}. (3.5)

The start-location in itself is not enough information. A truck with a city-sub-
graph, can start at the airport of that city. If no separate city humberdvo

be known in this situation, there would be no way to discern between trucks
and airplanes. We also add the vehicle number to this definition to be able to
distinguish between vehicles. If we do not add this number, it is impossible to
have two vehicles starting at the same location and being restricted to the same
city. The serial number of the vehicle is not used in any calculations.

We have a set of packages, this setHspackages large. All packages are
tuples of locations, the first location is where the package starts, thedsécon
where it has to go to.

P={po| o=1,...,P, po = (a,b,c,d,0),{(a,b),(c,d)} € L}. (3.6)
Like with the vehicles, we add a serial number to the definition of the pack#ges
is only to distinguish between packages and it is not used in any calculations.
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We have a tracking-variable for vehiclésl € L,,,t € 7,n € N and a
tracking-variable for packagds!, € £,p € P,n € N. These tracking-variables
are actually locations, they represent the location the packagesehiclet is at,

at a certain time-step. To ensure that a vehicle cannot travel beyond the locations
in the sub-graph it was assigned to, the tracking-variable for that veBielso
bound to the same sub-graph. To accomplish that, the sub-graph for thleich
variable is valid, is extracted from the definition of the truck it belongs to. The
third variable of the definition of a trucky, represents that sub-graph, which
explains the notation of the sub-graph in the definition of the tracking-varizh

If we want to know the route a vehicle or package follows, we just haveitdhe
corresponding tracking-variables in increasing order of the time-slatacé] the
route a vehicle follows is denoted as

Vie T, (CLCL,...,C%) (3.7)
and the route a package follows is denoted as
Vpe P, (DY, D}, ..., DX). (3.8)
The start of the routes equals the start-location of the vehicles
Vt € T,(ChHy =t1,(Ch)y = to, (3.9)

or the packages
Vp € P, (D)1 = p1,(DY)2 = pa. (3.10)

Of course, it is possible that, for example, a packages reaches its Giobio
before all time-steps are finished. In that case, the tracking-variabesponding

to that package simply registers the location the package is at, though the location
will stop changing. For example, if a package has to go from locdtoR) to
location(2, 3), and the number of time-steps equals four, the route of that package
could be:((2,2), (2,3),(2,3),(2,3)).

A package can only change its location if there is a vehicle that is making the same
transition. Therefore, we first want to know whether a package amthiale are at

the same location. To this purpose, we introduce a binary varigiblec {0,1}.

We would like to haveS;;; = 1iff2 C% = Dl i € P,j € T,k € N. In other
words, the difference between the location of packiagyed the location of vehicle

J is equal to0 iff they are at the same location. Unfortunately, this is impossible
to put this decision in a LP. However, the formul@;, — D7)S;;x = 0 will do
because of the maximization in the end. We will explain this later in more detail.
In LP notation the latter formula will be:

M(Sijr — 1) < (G — (Di)y < M(1— Sijp), (3.11)

2\We use the word “iff” as a shorthand for “if and only if".
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M (Sije — 1) < (C1)y — (Di)y < M(1 — Sijp) (3.12)

whereM is a sufficiently large number.

As said, a package can only move if a vehicle makes the same move:
Vi € P,k € N,Dj # Dj ,3j Sijt = 1 A Sijsr) = 1. To put this in

our LP, we introduce an auxiliary binary variat#e;, € {0, 1}, which stands for
whether a packageat time k makes the same move as vehigleZ;;, = 1 iff

Sijk = 1A Sijayy =1Li€P,jeT, ke N. Inour LP, this is accomplished by:

Zijle 2 Sijke + Sijie1) — 1, (3.13)
Ziit < Sijks (3.14)
Zijk < Sij(ka1)s (3.15)
T ' ' T
_MZZijk < (D)1 — (Digih < MZZijlw (3.16)
J J
T ‘ ' T
—M > Ziji < (Dy)2 — (Djpy1)2 < MY Zip. (3.17)
J J

The next binary variable we use indicates whether a package is at ite@atibn
at a certain time:E;; = 1if (D)1 = iz A (D)2 = ia,i = (i1, 42,13, 14,5) €
P,j € N. In LP, this will be

M(E; —1) < (D)) — i3 < M(1 — Ey), (3.18)

M(Ejj —1) < (D})a —ia < M(1 = Ejj). (3.19)

It seems that this does not ensure that a package reaches its endhlacatistays
there. Indeed, it does allow a package to leave its end-location agaipatikage
leaves its end-location directly after it arrived at tighethe variabler; ;1) = 0
again. Because of the maximization in the end, removing packages from their
end-location, will not occur if it has a negative influence on the solutidiis &lso
implies that if the number of movements is minimised in the objective function, the
packages will not leave their end-location, since it would unnecessacitgase

the objective. Like Equations 3.11 and 3.E2; is undefined if a package is at its
end-location. Again this is not a problem. We will explain this later.

The last auxiliary binary variable i§); < {0,1}, which indicates whether
at time; all packages have arrived at their end-locations:

P

(P=) Eij) <M(1-Q;). (3.20)

)
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Finally, the objective function is:
N
maxz Qj. (3.21)
J

Note that this objective implies that the number of steps needed overall to solve
the problem, also known as the time span, is minimised. Of course, it can be
modified if some other criterion is to be measured. For example, the total number
of movements made by the vehicles. In that case, the following has to be.added
First we introduce another binary variabl;, < {0,1}, which keeps track of
which vehiclej changes its position at time Fj;, = 1if C} # CJ + 1. Thisis
accomplished by

M - Fj < (C])1 — (G} + 1)1 < M - Fy, (3.22)

—M - Fjp < (C])a — (CL 4+ 1)2 < M - Fy, (3.23)

and the objective function will become:

T N N
min» Y Fp+N-> Q. (3.24)
Jj ok J

In this objective function, we minimise the number of movements of all vehicles
over time, represented bE;F fo Fj,.. However, it is important to include in
the objective the requirement that all packages have to be at their enbhsca
Z;.V Q;. Otherwise, the optimal solution is that the vehicles do not move at all.
Because this time the objective function is a minimising function, instead of the
maximising function of Equation 3.21, we have to rewrite the constraint that all
packages have to be at their end locations as a minimising function too. This
can be accomplished by subtracti@év Q; from the total number of packages
that should be transported’. Minimising N — Zév Q; will eventually evaluate

to zero, hence, the objective function will show the number of movements.
Calculating the actual routes can be done by means of the solution, whisistson
the instances of all variables of the solution.

Let us get back to Equations 3.11 and 3.12. They are derived from
(Ci — DJ)Sijx = 0. ltis obvious that if(C}, — D) # 0, thenS;;; has to

be equal td). The other way around, hence(if’;, — Di) = 0, then the value of
Sijk is undefined, it can be or 1. It is not a problem since we maximigj.V Qj
(Equation 3.21). To maximizEj.V Q;, all packages have to be as soon as possible
at their end-locations. Hencé); has to becomé as soon as possible and keep
that value. To gef); = 1, every package has to be at its end-location. This means
that for all packages the corresponding variablg (Equation 3.20) has to be
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equal tol and preferably keep that value for every following time-step. So if it
is possible to have the variablg;; = 1, this will occur. Although it is allowed

to move a package once it has reached its end-location, doing so will taise
corresponding variablé’;; to drop to0 again and thug); too. Therefore, it is
unlikely that a package will be removed from its end-location.

The variablesE;; are (implicitly) dependent ofZ;;,. The variableZ;;; al-
lows the variableDy, the tracking-variable of a package, to change (Equation 3.16

and Equation 3.17). Changing the varialik is necessary to be able to change
variable E;; (Equation 3.18). This means that we have to move packages in order
to get them from their start-location to their end-location. the varidhle is
obviously dependent of;;;, see Equations 3.13, 3.14, and 3.15. We have shown
that in order to move packages;;,, = 1 has to occur often. Only if;;;, = 1 and
Sij(k+1) = 1, which is a possible outcome from Equations 3.12 and 3.12 when a
package is at the same location as a vehicle, thigh = 1. Summarizing, any
ambiguities occurring in the presented model are solved due to maximizing.

Finally, we have to be able to construct a valid plan by means of the output-
variables of the model. The most important output-variables of this model are
the sets ofD and C. These variables represent the location where a vehicle or
package is located at a certain time. These variables can be sorted e veh
or per package and in increasing order of time. Each time the location at time
is unequal to the previous location, at time- 1, the vehicle or the package has
moved. Constraints 3.13, 3.14, 3.15, 3.16 and 3.17 ensure that a packagely

be moved iff a vehicle makes the same move. So, every time a package changes
from location, it was apparently loaded into a truck, moved, and unloaldesl.
easy to see that by means of the sets of variablesd D, a valid plan can be
constructed.

Example

To give a concrete example of an application of this model, we will use the fol-
lowing example. We have two cities, one with three locations and one with
four locations (Figure 3.1). As said, we number all cities, we have a city
number 1 and a city number 2, and all locations within a city, starting from
1. Now we can create the set of all node8),( and the sub-graphsZ():

£ = {(1,1)(1,2)(1,3)(2,1)(2,2)(2,3)(2.4)}, £1 = {(1,1)(1,2)(1,3)}, L2 =
{(2,1)(2,2)(2,3)(2,4)}, and the special case, the airpofls = {(1,1)(2,1)}.
Because the largest city has four locationssx {m; | i € N} = 4, and

the number of cities equals 2n (= 2), the set of N/, which represents the
computation time, evaluates to the subset of natural number with a maximum of
2(max {m;) | i € N}) +2n =24 +2%2 = 12.

Every city needs to have at least one truck and there has to be at leastgane.

Let us, for simplicity assume that we have no more vehicles than requigsyd vee
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Figure 3.1: The graphical representation of the example we use to exptaduith
model. Reusing location-numbers is not a problem when adding the city-mumbe
for identification: Both airports have location-number 1, that is location @n)
location (1,2).

have three vehicles. The vehicles can start at a random location withiratlkair
but let us assume that both trucks start at the third location, and the aigiéatsein
the first city. We can constructthe $8t 7 = {(1,1,0,1),(1,3,1,2),(2,3,2,3)}.

Let us assume that we have one package in each city that needs to go to the
other city. Let us say that the first package starts in city 1 at location 2 esdsn
to go to city 2 location 2:P; = (1,2,2,2,1). The second package starts in city
2 location 3 and needs to go to city 1 location/; = (2,3, 1,4,2). Hence, set
P={(1,2,2,2,1),(2,3,1,4,2)}.

The setC keeps track of the location where a vehicle has been at each mo-
ment in time. In our example, itis&x 12 matrix because we have three vehicles
and N = 12. Every row in this matrix represents the route which the vehicle
follows. The first column in this matrix is filled with the starting locations of the
vehicles, hence(] = (1,1), C? = (1,3) andC} = (2,3). The other locations

will be filled in while solving the LP.

The setD is similar to the setC, only this set keeps track of the packages.
In our example, itis @ x 12 matrix because we have two packages ane- 12.
Every row in this matrix represents the route which the package followsfifite
column in this matrix is filled with the starting locations of the packages, hence,
D} = (1,2) andD? = (2,3). The other locations will be filled in while solving
the LP.

Until this point, we have described the initial state. Now, the LP has to be
solved. The setg€ and D will be filled in, as well as the three dimensional
matrices,|packages| x |vehicles| x N = 2 x 3 x 12 each, that represent the
auxiliary variablesS andZ, the two dimensional matri¥’ and the sef).

When the problem is solved the variables will look like:
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(1,1) (2,1) (1,1) (2,1) (2,1) ---
C= (173) (172) (171) (174) (1?4) ]
_(2)3) (271) (2’1) (271) (2’2)
D_ (1,2) (1,2) (1,1) (2,1) (2,2) ]
(2,3) (2,1) (1,1) (1,4) (1,4) -
00001
E= 100 0 11 ]
Q=[0000 1 -]
Let us take one package, say the first package, the corresporatiagle
001 10 ---
S=1011 00
00011 -
and the corresponding variable
[0 01 00 -
Z=101 0 0 0 ]
00010 .

It is easy to see that the second and third variable in the second raosv of
should indeed be equal to one. The second roW icorresponds to the second
vehicle. This vehicle is at this time (the second and third column), at the same
location as the first package. Hence, moving the package is valid, anddinde
happens as the second variable in the second rafvstfows.

3.5 Summary

The RPDPTW, can only model simplified Logistics Planning Problems, like those
problems in which only one city exists. The LP model presented in previads se
tion, can model all Logistics Planning Problems. An instance of this modelean b
solved by, for example, a solver using the simplex method.
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Chapter 4

Coordination Background

In Chapter 2, we looked at planning problems as if only one party, progragent
would solve it. Of course, multiple agents can work together to solve the same
problem. To have several agents working on the same problem at the samié time
is often needed to decompose the problem into smaller problems which are easie
to solve. Finding a suitable decomposition technique for a problem, is often not
trivial. Even if it is possible to create sub-problems by means of a decompositio
technique, solving the sub-problems separately from each-other doednays

end up in a feasible solution for the original problem. Coordination is netxled
manage the partial solutions such that a feasible solution to the original proble
will appear, especially when the parties, or agents are unwilling, or evanle to
cooperate.

4.1 Whatis Coordination

In order to facilitate the construction of a feasible solution to an originallprob
from the partial solutions of the corresponding decomposed problem tisoese
a set of rules is added. This is to prevent the different participants t@heath
other. Adding those rules is part of coordination: “Coordination is thegss of
placing restrictions on the autonomy of individual parties, to ensure tlei/ ev
party can pursue his intended goals, in spite of, or thanks to the actioribesf o
parties” [68].

Besides previous definition of coordination, there are many others in use.
The one of Crowston and Malone often suits best [46]: “Coordination isthe

of managing interdependencies between activities.” Coordination is tieesle
soon as multiple participants (or agents) are involved, and who are in gnerwa
another interdependent. It includes choosing and temporally orderiragtions,
which might be interrelated, such that the overall task is accomplished by the
agent [17]. Coordination is also needed if multiple interdependent tasksb&e
performed by one agent.
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Another definition is from Jennings [41]: “Participation in any social situa-
tion should be both simultaneously constraining, in that agents must make a
contribution to it, and yet enriching, in that participation provides rescuarel
opportunities which would otherwise be unavailable” [27]. Coordinatioe, th
process by which an agent reasons about its local actions and thdp@teti)
actions of other agents to try to ensure the community acts in a coherent manner
is the key to achieving this objective.

4.2 Coordination and Planning

In Section 4.1, we have seen that “Coordination is the act of managing eénterd
pendencies between activities” [46]. Interdependencies exist betilieeactions

of agents when others have the necessary expertise, or the rightaesoor

an important piece of information. Other dependencies are caused bal glob
constraints, like a fixed maximum budget. All agents have to coordinate their
actions such that the budget is not exceeded. It is possible to distribute the
maximum budget evenly among the agents. However, when an agent baedly

its budget, another can use it without violating the global constraint. Thissho
another dependency: the actions of one agent influence the actiomotbern
agent [41, 52].

Above the afore mentioned reasons to cooperate, Nwana and Jendinds2]
identify two general reasons. Those general reasons are thenpoevef chaos

or anarchy, and the possible increase of efficiency. The first oéttves means

that because agents only have an overview of their own activities, ioatiah

is needed to prevent conflicts with other agents. The second points dut tha
agents working together can often solve problems faster. Due to theefxsbm,
interdependencies have to made explicit to preserve a feasible solution to the
original problem, when it is decomposed.

When the participating agents are selfish, they do not wish to share infor-
mation, not even information of the interdependencies they are subject thatl
case, the above reasons are not sufficient to persuade them toateopecording

to Decker and Lesser [19], the only reason for a selfish agent toecatapis: if

its own performance is affected. Performance is affected if e{fthan agent has

a choice of actions, dii) by the order in which activities are carried out, (o)

by the time at which actions are executed. Although, both Decker andr_esse
and Nwana and Jennings identify reasons why coordination is neeolidhanis
mentioned about when decomposed planning problems have to be coatdinate

Coordination of the decomposed planning problem can be perfoilveéate
during, or after the actual sub-plans are made, hence, it is called pre-planning
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coordination, during-planning coordination, and post-planning coatidin.
During-planning coordination is sometimes seen as a repetition of planning
and pre- or post-planning coordination, and is, therefore, sometimegallsd
interleaved coordination [72]. This division is independent of the pdaicu
coordination technique used, and focuses on coordination as a grodess
obvious that these categories are orthogonal and span the spadatioinsofor
multi-agent coordination situations.

e Pre-planning coordination: In some situations all potential conflicts can
be prevented by using a coordination method before any planning has take
place. If that is the case, the coordination mechanism facilitates the agents
to plan and execute those plans without having to worry about interferenc
from other agents [68].

¢ During-planning coordination: While creating plans, agents decide which
actions will realize their goals. This decision is influenced by the amount of
coordination that is needed for each choice. For instance, some actains le
to conflicts with other agents, others do not [68].

e Post-planning coordination At first, agents are given complete freedom in
the planning process. As soon as all sub-plans have been made, the plan
are coordinated. This implies that the agents have to revise their initially
developed plans. Post-planning coordination methods usually try to maintain
the initial set of plans, therefore, successful post-planning codidimé
only possible if no irresolvable conflicts can exist between plans of difter
agents [68].

4.3 Pre-planning Coordination Techniques

It has been shown that planning can be coordinated at three diffemménts. The
coordination method we have used, is a pre-planning coordination methaml. T
purée* pre-planning coordination strategies &ecial LawsandFiltering [68].

e Social Laws These are extra rules which decrease in advance, the need of
communication between agents as much as possible. It prevents common
conflicts, by giving rules of how to behave. An example is the convention
of driving on the right lane, at least on the main land of Europe. If every
one obeys these social laws, conflicts can only arise in special ocsagion
principle, if for every situation, a social law exists, agents can make plans
without being afraid of interference from other agents. However,céako
law is only useful if it is not too strict. It has to leave agents enough freedo

1A pure pre-planning coordination strategy is an coordination strategyhwibiapplied after
decomposition and before planning. Even though decomposition haymedore planning, we do
not call the coordination strategies applied at that stadium, pre-planaardination.
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to find plans that will accomplish their goals. Therefore, social laws are ge
erally hand-crafted for the problem at hand, which is a downside. &hoh
and Tennenholtz [63], however, provide a general model for stmiad in
multi-agent systems.

e Filtering: Filtering is a strategy designed for agents in dynamic environ-
ments [21]. This strategy filters out the options in the search space of the
agent that are incompatible with its goal or goals. When multiple agents
are involved, also options that would be incompatible with other agents’
goals are filtered out. Removing options for the sake of other agents re-
duces the number of possible actions for the filtering agent. That does rais
the question that Ephrati, Pollack and Ur [21] ask themselves: “Should ra-
tional agents employ a filtering strategy?” Fortunately, if an option looks
promising but it does interfere with some goals, an override mechanism can
be used. Whether an agent considers this interfering option deperals on
threshold, or how bold the agent is [21]. Unfortunately, no proof igigiv
yet that filtering is the dominant strategy. However, this does not mean that
filtering can not ever be useful. Geographical filtering is often a gootteh

4.3.1 Arbiter-0 and the Depth-Partitioning Algorithm

The pre-planning coordination technique we have used during thiscageaject

is based on thérbiter-0 method proposed by Valk [72], which was generalised
as thedepth-partitioning algorithmby Steenhuisen [66]. The general idea of
these methods is twofold. The first is to enable the decomposition of an original
problem into a set of sub-problems in such a way that all agents can seive th
assigned sub-problem independently from the other agents. In othds wahen
agents are generating sub-plans, they are completely autonomous. cohe &

that it facilitates the sub-plans generated by the individual agents to by leas
joined together to form a joint plan for the total planning problem, without fgavin
to revise a sub-plan [69].

In the Arbiter-O0 method and the depth-partitioning algorithm tasks are units
of work that an agent can perform by itself. It is also assumed thatndepeies
between tasks exist, which, without loss of generality, can be specified as
precedence relation. A precedence relation between tasks exist if itéssay
that one task is performed before the other. Such a precedence réigpioses a
partial order on the tasks. A sequence of tasks with precedence relatbmeen
them, is called a complex task. When tasks are distributed among agents, it is
possible that parts of a complex task are assigned to different agerdsprate-
dents relations between tasks assigned to the same agent areimaiieaent
constraints, those between tasks assigned to different agents ardraiteayent
constraints. Regardless of which particular planning method is used bygéing a

it is also assumed that all agents generate plans which take the originedenee
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Figure 4.1: The dots represent tasks, the solid arrows represemderee rela-
tions, which in combination with the tasks form complex tasks. The dotted arrows
represent the precedence relations added due to a free choice oflifidual
agents, which causes a deadlock to occur.

relations into account. In addition, the agents are allowed to specify exteaing
constraints [69].

The depth-partitioning method of Steenhuisen [66], is a method to find ex-
tra precedence constraints which have to be added to a decomposethglann
problem before any planning is done by the individual agents, and vgharent
deadlocks. Deadlocks can easily occur when the requirements of awtcaad

not having to revise the sub-plans while constructing the joint plan, have to b
met, due to the freedom of choice of an agent to perform one task kefotber.
For example, two agents, agent A and agent B, each having to perfartasks.
Agent A has to perform task 1 and 2, agent B has to perform task 3 .amdsk

1 and 3 form a complex task, for which task 1 has to precede task 3. Ao, ta
2 and 4 form a complex task, for which task 4 has to precedes task 2ent &g
chooses to perform task 2 before task 1, and agent B chooses tompeask 3
first, a deadlock would occur: 2 is waiting for the completion of 4, is waitingfor

is waiting for 1, is waiting for 2,see Figure 4.1. To prevent such cycladifiadal
constraints have to be added [69].

The depth-partitioning algorithm is composed of five simple steps, of which we
will give an intuitive description. For the precise algorithm we refer to thedthir
section of [66]. The first step is to number each task in a complex task, gtartin
from 0 and each task has a higher number than all of its preceding tasks. T
number represents the depth of the task, i.e., how many tasks has to benperfo
before this task can be executed. The second step is to distribute thertasksg a
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the agents, while taking into account the existing precedence relationghifthe

step is to sort for each agent, the tasks in increasing order of depth, $tep

four, we add for every agent precedence constraints which dictatalttasks at

a lower depth have to precede all tasks of a higher depth within an agemteHe
only intra-agent constraints are added. The final step is to add all exts#raints,

which we have found in the previous steps, to the planning problem. Note that
this algorithm can also be used as a decomposition method. All tasks of the same
depth can be assigned to the same agent, though this is not necessary.

Applying the depth-partitioning algorithm to the Logistics Planning Prob-
lem, results in the Arbiter-O0 method and boils down to the following. Every
transportation task is a complex task. Every complex task contains a truck-
transport task, an airplane-transport task, and another truckptsnask, in that
order. Any two of these tasks are allowed to be empty, resulting in only ong-tra
port task. Also, either one of the truck-transport tasks may be emptyasalting

in only an airplane-transport and one truck-transport task. Whethtrsis are
non-empty or not, all complex tasks can be decomposed into a pre-flighighin-fl

and post-flight tasks. The pre- and post-flight tasks are assignedcteagents,

and the in-flight tasks are assigned to airplane-agents. The depth pargjtion
algorithm introduces to the truck-agents, the constraint that all pre-flagts
(depth 0) have to be performed before any of the post-flight tasksh(@p The

only existing precedence constraints that are left are inter-ageritaions. These
constraints enforce that the pre-flight tasks are performed beforénthight
tasks, and those have to be performed before the post-flight taskseveligwhe
agents do not have to keep these constraints in mind while planning. They can
plan autonomously. Only when the plans are assembled into a joint plan, these
constraints have to be taken into account [69].

Summarising, decomposing the Logistics Planning Problem into pre-, in-,
and post-flight phases, is a suitable decomposition technique which redtiies
coordination. Agents only need to know when it is safe to start each phade
they can solve each sub-problem by itself without further communicatiore Th
benefit of this technique is that we end up with smaller, and because offtéat o
easier, problems. A drawback is that the solution of the decomposed proble
might be sub-optimal. However, this loss in quality is limited. It has been proven
that the performance ratio is only 1.25, i.e., it is at most 1.25 times worse than the
optimal solution, which is measured in movements [70].
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Chapter 5

Experiments

In Section 3.4, we have shown that the Logistics Planning Problem can kedletbd

as a VRP. Therefore, we can compare the programs used for solvgegptablem
instances of both the Al community and the OR community. The results of the
comparison we made, are presented in this chapter.

5.1 Setup

The Layout of the Problem Instances

The Logistics Planning Problem has been used in both the AIPS competition of
1998 and of 2000 [47, 48]. The problem instances of the Logistics Pigirob-

lem of the AIPS competition in 1998 were different from those of the AIRSme

tition in 2000. In 2000, the graphs were of the following form: A complete grap
with one path extra at each node which leads to a location within that city. In othe
words, the cities only contained two locations, one of which was an airpeet (
Figure 5.1(b)).

A more challenging graph was used in 1998, which not only used a compégti g

to connect the cities, but the cities themselves were also modelled as complete
graphs of more than two locations (see Figure 5.1(a)). Since we will also us
the depth-partitioning algorithm to decompose the problem instances, which in
case of the problem instances of the 2000 AIPS competition, results in subal
problems, we will use the problem instances from the 1998 AIPS competition.

Plan of Evaluation

In these experiments, we try to answer the main questions raised in Section 1.5.
The main differences between Al planners and OR solvers, are investigs
finding answers to the sub-questions raised in that same section. Thmgeran

can be deduced from the results of the experiments on the severalngeddio

the problem instances of the 1998 AIPS competition. These versions are the
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(a) Layoutin 1998. (b) Layout in 2000.

Figure 5.1: The layout of the graphs used in the AIPS competition of 1968 (F
ure 5.1(a)) and 2000 (Figure 5.1(a)). The small circles are locatiomsplid lines
are the connections between the locations. The dashed circles are dmywtthat

a collection of locations is called a city. In each city, only one location is cdedec
with other locations in different cities, such location is an airport.

problem instances which are the result of pre-processing, which sngj®si-
tion and filtering. We have decomposed the original problem instances into a
pre-flight, in-flight and post-flight problem instance. We have filterezhes the
original problem instances, as well as the corresponding decomposbtémp
instances, see Figure 5.2. If a solver needed a different format, veegemerated
equivalent problem instances for them. Details on how we have gendhaisel
problem instances can be found in Appendix B.1, B.2, and B.3. To setherhe
a difference in performance would occur between the Al planners am®
solvers when the problem instances would become larger, we created/nget
of problem instances, using the same layout of the problem instances 13%8e
AIPS competition. We used these self-generated instances in our sextoold s
experiments. Details on how we created these larger problem instanoelse ca
found in Appendix B.4.

The effect of the pre-processing steps we applied to the problem iestdde-
composition, filtering, and both), appear when we compare the problemdesta
before and after pre-processing. The effect of enlarging thelgmolnstances
become apparent because we have generated our own sequenoeblefmp
instances from small instances to large instances. The largest problemces

are up to approximately three times the size of the largest problem instanae of th
first data set.
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Figure 5.2: An overview of the problem instances we use. Starting frorarthe

inal problem instances, we have filtered them to get the filtered completkeprob
instances. Decomposing the original problem instances resulted in udfittere
composed problem instances. Filtering the latter results in filtered decomposed
problem instances.

Evaluation Criteria

We have compared the output of our experiments on computation time and plan
quality. Plan quality is based on the total number of movements made by all
vehicles, i.e., airplanes and trucks, in the plans, which result in a solution is to
the problem instance. The less movements needed, the better is the plan quality.
computation time is important because no-one wants to wait a long time for the
solution of a problem. Plan quality is also important because a company often
wants to minimise transportation costs. Transportation costs are dependéet o
means of transportation. Although in our problem, we have vehicles ardrag

the costs of using either of them, is equal. Therefore, the costs of whiehofyp
transportation is used, is not an element in our problem. Another factohahw
transportation costs are dependent is the distance over which godddargans-
ported. Therefore, it is important to make as little detours as possible antbthus
have routes which have together the best plan quality.
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Environment

The tests have been run on a computer with 16Gb RAM, an Intel Xeon E5345
processor, with 2.33 GHz and 4096 kb cache. The Al planners we isae

are YAHSP (version 1.1), FF (version 2.3) and SGPlan (version 2jy, tain
properties are covered in Section 2.4. CPLEX [39] (version 11.0) le&s b
used as the OR representative and in case of the decomposed prolikaméns
ALNS-PDPTW [57, 58, 59] by Stefan Rgpke has been used too. The main
properties of these two solvers, were covered in Section 3.2.

Concluding, with the exception of ALNS-PDPTW, all planners and solvers
are used in the experiments. As explained in Section 3.3.2, the RPDPTW is
not fit to model complete Logistics Planning Problem instances. Complete
Logistics Planning Problem instances are the original and the corrasgond
filtered problem instances. However, it could be used to model both filtered
and decomposed problem instances, as explained in Section B.3. Infdhge o
unfiltered decomposed instances, we have only removed the supephckages
from the problem instances for ALNS-PDPTW. Otherwise, we could eyatasent

the problem instances in the format required by ALNS-PDPTW. Fortunatesy
does not make our comparisons unfair, since the Al planners also dakeothe
superfluous packages into account for any problem instance.

We also adapted the manner in which we let CPLEX solve the problem in-
stances. In Section 3.4.1, we showed that the maximum number of movements
needed to solve a problem instance v@as (|locations| + |airports|). We
implemented this constraint in the model in CPLEX, however, it turned out to
cause CPLEX to run very slow: CPLEX did not stop when an optimal solutas w
found, but when the maximum time was reached. We decided to use an iterative
approach, similar to the approach used in Satisfiability solvers. We started with
a tight time constraint and we increased it by one, each time CPLEX could not
find a solution. The effect of this iterative approach is that CPLEX weasrga
harder objective to calculate: minimising the number of movements in a minimal
time-span.

5.2 Expectations

We have seen in Section 1.2, that the OR community has been working on VRP
problem instances much longer than the Al community has worked on logistic
problems. Therefore, we expect that specialised OR solvers to cutpettie Al
solvers in both computation time and plan quality.

However, CPLEX is not a specialised solver for the Logistics Planningl&mb

Therefore, we expect that CPLEX will need the most computation time of all,
because, unlike the Al planners, it does neither use look-ahead afgsyitior any
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pre-processing step to reduce the search-space. Therefor&XCRill evaluate
the most states in the search-space, which will probably cause it to be sbitive
However, if it will get an answer, it will be optimal, hence, it will generate blest
plan-quality.

ALNS-PDPTW is expected to generate also better plan quality then the Al
planners, though this assumption is mainly based on the previously mentioned
seniority of the field of research. Since this solver was not designethér
Logistics Planning Problem, certain assumptions made in this solver do not
hold, which is expected to hamper the performance. One of these asswnption
will be discussed in Section B.4. Details on the specifications of the model
ALNS-PDPTW was designed for, can be found in Appendix A.3.

Of the Al planners, we expect YAHSP to be the fastest, since this would be
conform the conclusions of Coles and Smith [11]. However, we congider
possibility that this high speed comes at the cost of lower plan quality. FF and
SGPlan are expected to perform between YAHSP and the OR solverstion bo
evaluation criteria.

With respect to the pre-processing steps we performed on the probleandas
(decomposition, filtering, and both), we do not expect either the Al plsnoe
the OR solvers to benefit more than the others from these pre-processots.
Decomposing the problem instances is expected to cause a large spedutep
its effect on plan quality is expected to be small, a neither very positive mgr ve
negative effect. The effect of filtering is not expected to cause a Erged-up,
though, it might be the cause of generating plans with higher quality.

Since VRP solvers are presently tested on problem instances up to 1,000
nodes, and because ALNS-PDPTW is record holder on some of thebkemr
instances [33], we expect ALNS-PDPTW to overtake YAHSP with resieethe
performance measured in time when we let it run on the larger problem iestanc
to them.

5.3 Results

Summarising Section 5.1, we have run tests on YAHSP, FF, SGPlan, CPLEX,
and ALNS-PDPTW. We tested four different kinds of problem instan¢@ghe
original or complete unfiltered problem instancég, the decomposed unfiltered
problem instancegjii) the complete filtered problem instances, &iwl the de-
composed filtered problem instances. CPLEX had, as expected, mubletmu
many problem instances. Therefore, we have little measurements of this, solve
approximately 50% of the first test set. For larger graphs, we refer peiqtix C.
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5.3.1 Results without Pre-Processing the Problem Instanse

Before we compare the results of the problem instances before andedtanpo-
sition, filtering, and both, we present the results in the initial situation.

Plan Quality

In Figure 5.3(b), we see that CPLEX not always generates plans withesie
plan quality, i.e., plans with the least number of movements. However, this was
expected, since it is an optimal solver. We will get back on the reasondseth
unexpected sub-optimal results in the next section. It is followed by FPISG

and YAHSP, see Figure 5.3(a). It also seems that the plan quality of FRais ne
optimal. CPLEX shows also some values of 0 movements. The explanation to
the result of 0 movements is that CPLEX had completed at least one round with
a tight time constraint without finding a solution. In that case, we also cuheff
computation, because it took too long.

)
[ ———

e

(a) Overview (b) Detall

Figure 5.3: The number of movements needed to solve the original problem in-
stances.

Computation Time

In Figure 5.4, we see that the computation time needed to solve the problem
instances is mainly small. Only CPLEX seems to have trouble with, from left to
right, problem number 35, 16, 4, 6, 24 and 13, which we cut of aftercqipately

three hours. The other planners also show spikes, although these dpiket
correspond to the same problem instances CPLEX has such trouble with. Th
spikes especially shown by FF represent, from left to right, problem eur2®,

22, and 28. The reason why these latter three spikes occur can ha vidiem
looking at the graphs of absolute number of movements, Figure 5.3. In these
graphs, the spikes reappear, corresponding to the same three pinobtances.
Obviously, there is a connection between the length of the path and the time it
takes to calculate it.

44



In case of the larger problem instances, a difference between the Al pla
ners presents itself. YAHSP is still fast, FF is the slowest, the performance
of SGPlan is in between the previous two. This is exactly the opposite of the
performance measured in plan quality, where the worst performance atasfth
YAHSP and FF was the best, at least of the Al planners.
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Figure 5.4: The computation time that was needed to solve the original problem
instances.

Summary

We can conclude that a trade-off exists between the plan quality and thaieomp
tation time. FF and CPLEX generate the best plans, though use the most com-
putation time. We already expected CPLEX to have a bad performance méasur
in time, since no preprocessing methods are used contrary to the Al pdaseer
Section 5.2. We recommend further research to investigate whether aqgespr

ing method like GraphPlan would improve the performance measured in time of
CPLEX.

5.3.2 The Effect of Decomposing the Problem Instances

The problem instances we have decomposed are the original problemcesta
Recalling Figure 5.2, we present in this section the effect of filtering by emimg
problem instances from box (1) with problem instances from box (2). hees

used the decomposition method presented in Section 4.3. In Appendix B.2, we
describe how we applied the decomposition method to the problem instances.
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Plan Quality

In Figure 5.5, we can see the effect of decomposition to the number of mat®me
when we compare the Figure 5.5(a) with Figure 5.5(c). In the lower graphs
have combined the plan quality of the pre-, in-, and post-flight phaseswee.,
added the results from the decomposed problem instances and comsweithth

the result of the original problem instances. Except for YAHSP, whithws a
large improvement in plan quality, the effect of decomposition on the plan quality
generated by the other programs seems not that large. We can alsotsiee tha
case of the decomposed problems and in the absence of a full seriesiltd
CPLEX, ALNS-PDPTW generates the best plans. These graphs algsotbht
CPLEX is able to solve more problem instances after decomposition.

" vansp —— " vansp ——
FF FF

SGPlan SGPlan
Cplex o | Cplex o

Movements ()
Movements ()
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jumber of Entities

(@) The originglmbfior'ggslem instances.  (b) The filtered decc;mposed problem instances.
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(c) The unfiltered decomposed problem {d) The filtered decomposed problem instances.
stances.

Figure 5.5: The number of movements to find a solution to the problem instances.
The upper graphs show the complete problem instances, the lower cplaplis

the decomposed problem instances, the left graphs show the unfiltexielémr
instances, and the right graphs show the filtered problem instances.

In Figure 5.6, we show the relative effect of the plan quality of the original prob-
lem instances to the combined plan quality of the corresponding in-, prepaatd

Ynstead of the first and third quartile, we show the standard deviation ia tieesand-whisker
plots.
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flight phases. As we already concluded from Figure 5.5, YAHSP gée&emuch
better plans after decomposition in comparison to the other Al planners.thiée o
Al planners do on average generate better plans, but not as muadhttsaiicplan
quality was rather good to begin with.

20 - o

CPLEX .os

Difference in Movements (%)

60 | ]

-80 L
unfiltered
Problem Instances

Figure 5.6: The relative effect of decomposition on the number of movements
Negative values mean improvement in plan quality and in computation time.

The objective function for CPLEX was to minimise the number of movements in a
minimal time span. Therefore, the plans generated by CPLEX are sometimes sub
optimal, due to the following effect. As described in Section 5.1, we let CPLEX
run iteratively. Running CPLEX iteratively caused that a solution wasdaiter,

for example, three iterations, hence, after the minimal time span of three Mdgwe

if one extra time step would have been used, more packages could haed aha
vehicle, and therefore, reducing the number of movements needed totkelve
problem. In Figure 5.7 and Figure 5.8, we present this anomaly as it eccimr
problem 17 of our test set. This anomaly is the cause of the small improvement
shown for CPLEX in Figure 5.6, and also of the sub-optimal results in FigLge
Otherwise, the graph for CPLEX would have shown a line at zero. Thisadiae

for the overview of the filtered problem instances, only this time, the reasdhd
distortion is a cut-off computation.

Computation Time

In Figure 5.9(a), we show the difference in seconds between the drgmialem
instances and the corresponding decomposed problem instancesuia $.ig(b),
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First time step: 7 movements Second time step: 3 movements Third time step: 3 movements

total = 7 movements total = 7+3 = 10 movements total = 10+3 = 13 movements

@) &)
G &

(a) The movements made duri(b) The movements made di(c) The movements made dur-
the first time step. ing the second time step. ing the final time step.

Figure 5.7: The plan per time step for problem 17, using three time steps. Black
arrows represent empty vehicles, coloured arrows representiegiansporting
one package, block arrows represent vehicles transporting multigtages.

First time step: 4 movements Second time step: 2 movements

total = 4 movements total = 4+2 = 6 movements

) &

(a) The movements made dui (b) The movements made during
the first time step. the second time step.

Third time step: 2 movements Fourth time step: 2 movements

total = 6+2 = 8 movements total = 8+2 = 10 movements

(c) The movements made dur (d) The movements made during
the third time step. the final time step.

Figure 5.8: The plan per time step for problem 17, using four time steps. @olou
arrows represent vehicles transporting one package, block areprssent vehi-
cles transporting multiple packages.
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we show the relative difference between the original problem instanwbsha
corresponding decomposed problem instances. In case of SGPleeyrited once

that the complete problem instance took 0 seconds to be solved and after-dec
position, a larger computation time was measured. Since this is only one result, we
left it out when constructing Figure 5.9(b). We have not left out thestvagsults

of CPLEX, since those were actual measurements.

T T 500 .
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FF FF

SGPlan % SGPlan
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200 | B of - —

250 L L L L L L L 100
100 2 00 600 700

unfiltered

Number of Entities Problem Instances
(a) The effect in seconds. (b) The relative effect.

Figure 5.9: The effect of decomposition on computation time of the origin&l-pro
lem instances. Negative values mean that the decomposed problem iasdamce
solved in less seconds than the original problem instance.

We can see that both speed-up and slow-down occur. Looking ateFtgQrit
shows that YAHSP performs constantly worse. We assume that the initialization
phase in YAHSP gets in the way of good results because YAHSP is quite fast
in solving the problem instances. This means that, for example, the complete
problem is solved in 0.01 seconds, but the individual phases also. eHénc
seems that YAHSP slows down considerably, while it might be that this time is
just needed to load the problem. The results of CPLEX suffer from sorge lar
computation times, before and after decomposition, which is the cause ofdgke lar
standard deviation. If somehow, those extreme long computation times could be
prevented, it might be possible that decomposition would cause a cordalera
improvement to the computation time needed for CPLEX to solve the problem
instances.

Unfortunately, from the statistics in Figure 5.9, no trend becomes visible.
We guess that the small computation times before and after decomposition
(compare Figure 5.12(a) with Figure 5.12(c)) and therefore the smadirelifEes

(see Figure 5.9(a)), are responsible for the extreme values in Fig®.5.9

Summary

The effect of decomposing the problem instances is that especially YAjdS&-
ates on average plans with better quality than is the case when no decomgssition
used. In case of the other programs, the effect of decomposition oraime)ypeal-
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ity is almost negligible. As mentioned, decomposition of these problem instances
does not show a clear effect on the computation time, which is probably tise ca
of the small computation times before and after decompaosition.

5.3.3 The Effect of Filtering the Problem Instances

The problem instances we have filtered are the original problem instaftaes
calling Figure 5.2, we present in this section the effect of filtering by comgar
problem instances from box (1) with problem instances from box (3) thecri-
teria on which we have filtered, we refer to Appendix B.1.
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Figure 5.10: The percentages of the entities left after filtering the orignoalem
instances: 0 meaning nothing is left, 100 means everything is left.

In Figure 5.10, we show the percentage of entities, packages, citieks tand
locations per city, that is left after filtering the unfiltered problem instandes.
shows that in the problem instances, especially trucks are present ktesswve
amount. Also, many packages can be removed: In 23% of the problemdastan
40% or more of the packages in the original problem instance, is removed.

Plan Quality

With respect to the plan quality, we did not expect to see large differdratesen
the unfiltered and filtered problem instances. Indeed, when we compgre F
ure 5.5(a) with Figure 5.5(b), no large differences are visible. Evemr€&i%.11(a),
which presents the relative difference in percentages between the redfiiad
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filtered problem instances on the number of movements, shows little difference
on average. This figure also shows that the plan quality occasionally iegrard
occasionally deteriorates. The plan quality of FF tends to improve after fiterin
just as the plan quality of YAHSP. The plan quality of SGPlan tends to det&iora
The plan quality of CPLEX stays the same in the worst case, most often the plan
quality improves.

Since we do not explicitly divide the problem instances of ALNS-PDPTW
into several phases, these phases are defined within the problem énstenc
have included the effect of filtering on ALNS-PDPTW problem instances in
Figure 5.11. ALNS-PDPTW does not respond at all to filtering, with resjethe
number of movements.

CPLEX 1 CPLEX
P '

; -100 L
mplete complete

(a) The effect on the number of movements. (b) The effect orleteﬁmewcwz)mputation time.

Figure 5.11: The relative effect of filtering the original problem instandeegative
values mean improvement in plan quality and in computation time.

We can think of an explanation of the occurrence of both deterioratioth$nan
provements. When we think of the problem as a set of equations, it is ossib
that superfluous data obscures the underlying problem. When thidlsopsrdata

is removed, think of it as simplifying the set of equations. When a set of-equa
tions are simplified, the problem at hand often becomes easier, whichsdiese
performance to improve. On the other hand, when we think of the problean as
riddle, removing superfluous data could be seen as removing clues.oksgfe
that the superfluous data are used to exclude certain possibilities, hbandlvey

are removed, the problem becomes harder.

Computation Time

If we compare Figure 5.12(a) with Figure 5.12(b), we can see the @féittering
the problem instances on the computation time. We can see that in general, the
computation times become shorter after filtering.

In Figure 5.11(b), the relative effect of filtering with respect to the caotafan
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Figure 5.12: The computation time in seconds that was needed to solve eheh pr
lem instance. In case of a decomposed problem instance, we addedrtpetao
tion time of the in-flight phase to those of the post- and pre-flight phases.

time is shown. We can see that all Al planners show considerable sjpegiteu
filtering. For ALNS-PDPTW the graph shows that occasionally a small slown

occurs, though mainly the computation time becomes shorter. Especially CPLEX
shows some slowing-down. CPLEX solves the problem instances either rath
fast, or extremely slow for which we have cut-off the computation. Espediadly
extremely long computation times cause the average measurements and standard
deviation to become this large. As already mentioned in Section 5.3.2, if somehow
these large computation times could be avoided, it could be possible that CPLEX
will show a considerable speed-up.

Summary

Filtering the problem instances has little effect on the plan quality, it neither im-
proves nor deteriorates much. At least for the Al planners, filteringelgrign-
proves the needed computation time. The computation time needed by ALNS-
PDPTW generally improves too, though not as much compared to the Al panne
The plan quality of ALNS-PDPTW is not at all sensitive to filtering. Keeping in
mind the small test set used for CPLEX, filtering seems to have a mixed effect o
the computation time it needs. We assume that it is caused by the extreme long
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computation times which CPLEX seems to need to find an answer to the harder
objective function used by CPLEX. We recall that this harder objectivetion

is to minimise the number of movements in a minimal make-span. For CPLEX,
filtering seems to have little to no effect on the plan quality.

5.3.4 The Combined Effect of Decomposing and Filtering the Pio
lem Instances

To measure the combined effect of decomposing and filtering the problem in-
stances, we compare the original problem instances with the correspditigired

and decomposed problem instances. Hence, we compare problemésstdbox

(1) with those of box (4) in Figure 5.2.

To create the problem instances of box (4), we have filtered the problem in
stances of box (2). In Figure 5.13, we show the minima, maxima, averages an
standard deviation in percentages of packages, cities, trucks and tacatiich

are left after filtering. Figure 5.13(a) shows that in the decomposedgmmob
instances, all entities are even more abundantly present than in the original
problem instances. This is not surprising since each of the decompuosaddm
instances is a smaller problem instance than the original problem instance. To
create each of the decomposed problem instances, only the start alod@&tiimhs

of the packages are adapted. Other data remains in the problem insteace, s
Appendix B.2, even when it might have become irrelevant, for exampledrinck

the in-flight phase.

packages ctes  tucks locations packages  cities tucks locations

.. Type of Entity . . Type of Entity e .
(a) Entities left, decomposed problem instanfi®s Entities left per decomposed problem in-
combined. stance.

Figure 5.13: Entities left after filtering the (decomposed) problem instaimces
percentages: 0 meaning nothing is left, 100 means everything is left.

When we compare the in-flight phase with any of the other phases, see Fig-
ure 5.13(b), we notice that the in-flight phase benefits the least fromiterenty.
The statistics of the in-flight phase are more similar to those of the complete prob-
lem instances. Of course, all packages present in the complete proldtmde
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are present in the in-flight phase, save for a few packages whi@hthair desti-
nation within the same city as where they start. After all, all packages whiah hav
their destination in another city, need to be brought there by airplane uBeca

the in-flight phase, all cities are reachable, all cities have to exist. Asiagglan
Appendix B.1, we could have removed all locations except the airportweirar,
since those locations are not reachable, because all trucks haveebemred, we
considered that solving algorithms would not consider visiting them. Henee, w
supposed it would not matter if we left all locations in the in-flight phase, whic
is the reason for the relative large amount of locations that is left in thdgmob
instances.

Plan Quality

We can see the effect of both decomposition and filtering on plan quality when
we compare Figure 5.5(a) with Figure5.5(d). If we compare Figure5sitt)
Figure5.5(d), it can be suspected that the combined effect of decdiopand
filtering, is mainly determined by decomposition. Namely, when comparing these
figures, we see the effect of filtering the decomposed problem instai@iase

the two figures are quite alike, the conclusion that filtering contributes little seems
likely to be true.

YAHSP C—1 i YAHSP C—1

60 [ 4 ol
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80 L L
bothecom posed iitered bothyecomposed ltered

(a) The relative effect on the number of moyb) The relative effect on the computation time.
ments.

Figure 5.14: The relative effect of decomposition and filtering combined r&ith
spect to the original problem instances. Negative values mean improvinpdsnh
quality and in computation time.

In Figure 5.14(a), we show the combined relative effect of decompositiwh
filtering on the plan quality. This figure has a striking resemblance with Fig-
ure 5.6, which shows the relative effect of only decomposition. We haea s

in Figure 5.11(a) that filtering has little effect on the plan quality. These two
comparisons consolidate our suspicion that decomposition is the main comntributo
to the combined effect, with respect to number of movements.

54



Of all effects, we have calculated a ratio by dividing the average resfilts o
the pre-processed problem instances by the results of the originaleprob
instances. These ratios are summarised in Table 5.1, and are accompanied b
a valuation. In this table, we also show a theoretical effect, which is caldulate
by multiplying the effect of decomposition with the effect of filtering. From
this table, we can conclude that filtering has no significant effect on the pla
quality, which is conform the suspicion we mentioned earlier in this section.
Decomposition has a minor positive effect on the plan quality of FF, and arlarg
positive effect on the plan quality of YAHSP, which is conform our cosidaos

in Section 5.3.2. Filtering the decomposed problem instances has no additional
effect on the plan quality. Otherwise, the ratio of the combined effect wahitfer

from the theoretical effect.

\ | Filtering | Decomposition| Combined| Theoreticall

YAHSP | ratio 0.98 0.74 0.73 0.72
valuation 0 + + +
FF ratio 0.99 0.95 0.94 0.94
valuation 0 Oo/+ 0/+ 0/+
SGPlan| ratio 1.02 0.99 1.01 1.01
valuation 0 0 0 0
CPLEX | ratio 0.99 0.98 0.98 0.97
valuation 0 0 0 0

Table 5.1: The ratios and valuation of the effect of filtering, the effedeaompo-
sition, the the effect of the combination, and the theoretical combined efigbeo
plan quality.

Computation Time

We can see the effect of both decomposition and filtering on plan quality when
we compare Figure 5.12(a) with Figure 5.12(d). In Figure 5.11(b), we baen

that filtering generally has a positive effect on the computation time. When both
effects on computation time of decomposition and filtering are combined, as in
Figure 5.14(b), the effect resembles the effect of filtering the most.

In Table 5.2, we use the same ratio as described in the previous section, ex-
cept that it is calculated with respect to the computation time. The first conalusio
we can draw from this table, is that filtering always has a positive effedt. A
best, decomposition has hardly an effect on the computation time. In case of
YAHSP, we have already mentioned in Section 5.3.2, we suspect that tligeapp
deterioration on computation time is due to the effects of the extremely small
computation times we have measured. The combined effect is much more positive
than could be expected based on the theoretical effect. Not only aregaltive

55



effects caused by decomposition removed by filtering, the interaction of both
effects contributes positively to the combined effect. Looking at Figurd(&)1
this is not surprising, since this figure shows that filtering the decompasbtem
instances is much more effective.

| \ | Filtering | Decomposition| Combined| Theoreticall

YAHSP | ratio 0.35 2.41 0.35 0.85
valuation +++ - +++ +
FF ratio 0.49 0.94 0.26 0.46
valuation ++ 0o/+ ++++ ++
SGPlan| ratio 0.49 1.01 0.23 0.49
valuation ++ 0 ++++ ++
CPLEX | ratio 0.80 1.19 0.46 0.95
valuation + - ++ 0/+

Table 5.2: The ratios and valuation of the effect of filtering, the effectemfom-
position, the the effect of the combination, and the theoretical combinect effie
computation time.

Summary

The effect of decomposition and filtering combined, resembles the efféitteo

ing when looking at the criterion of computation time. When looking at the cri-
terion of plan quality, the combined effect resembles the effect of filtefmgm
Table 5.1, we can also conclude that decomposition and filtering do notdhtera
plan quality, since no extra effect is visible. In Table 5.2, an extra effegsible,
hence some interaction on computation time between decomposition and filtering
exists. This effect is apparent in Figure 5.13(a), since it shows tteatddcompo-
sition, much more entities can be filtered out. In addition, we can conclude that,
with respect to the computation time, decomposition is only beneficial in combina-
tion with filtering. All in all, we can conclude that all planners benefit mucimfro
decomposition and filtering.

5.3.5 The Effect of Enlarging the Problem Instances

We generated also larger problem instances, of which the details carube fo

in Appendix B.4. To be able to make fair comparisons when we investigate
the change in performance when these larger problem instances aewee
made sure we kept the same proportions between the different variables,

the packages, the trucks, the cities, the locations, and the airplanes. afdebe

to show the effect of scaling we made also small problem instances with these
proportions. After generating these new problem instances, we hpeatesl

the same pre-processing steps, tests and comparisons. Unfortunatlyo d
boundaries on the maximum number of constants in some of the planners and
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also due to limited memory on the computers the maximum size of the problem
instances was 180 packages, 126 cities, a total of 126 times 8 is 1008 Is¢ation
162 trucks and 18 airplanes.

In the graphs presented in this section, we will see abrupt endings and er
ratic curves of lines appear when the problem instances become too darge f
planner to solve. For example, in Figure 5.15(d) we see that FF has Hidfcu
solving problem instances of 150 and up. The fact that some resultsséyke vs
because we show decomposed problem instances. Hence, the fessulis are
partial results, since some of the decomposed problem instances cowolddx: s

Plan Quality

Figure 5.15 shows linear curves, indicating that the problem instanceslyinea
increase in size. Furthermore, we can see by comparing the upper aed low
graphs of Figure 5.15 that decomposition greatly improves the plan quality of
YAHSP, while the curves of FF and SGPlan stay the same. This is the same as
what we already had seen in Section 5.3.2. Also, we can see by comparitedtth
hand graphs with the right hand graphs in this same figure, that filterirggsale
planners FF and SGPlan to be able to solve more problem instances. Weecan s
that the larger the problem instance, the more movements it takes to find a solution

CPLEX had much difficulties solving even the smallest problem instances
(see also Figure 5.16), therefore, we have mostly results of the filteréd an
decomposed problem instances. In Figure 5.15(d), we can see tworeraasis

of CPLEX, which are clearly below the other curves. These measurements
are caused by CPLEX not having solved one of the phases of the desethp
problems. ALNS-PDPTW is still very slow in computing solutions to the problem
instances. In case of the unfiltered decomposed problem instanceayeveut-off

the computation time after approximately 4000 seconds.

In Figure 5.15(d), we can see that if CPLEX solves a filtered and decom-
posed problem instance, it can compete with the other planners with réepect
the plan quality. Again, ALNS-PDPTW generates plans of the highest quality
The conclusions we have drawn from the experiments we covered eartlds
section seem to hold.

Computation Time

In Figure 5.16, we can see that when the problem instances get langéest as
expected, more time to find a solution. However, FF is extremely sensitive to an
increase in size, while YAHSP is not. Indeed, we can see that the cuivE isf
steepest on the logarithmic scale. However, not even FF shows a logdurea.
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Figure 5.15: The calculated plan quality in the number of move actions from veh
cles needed to solve each of the larger problem instance.

The curve of ALNS-PDPTW is positioned highest in the graph. Indeedok

much computation time to solve the problem instances. However, it seems that the
larger the problem instances the more the curve flattens, more than FF @nSGP
The same effect can be seen with YAHSP. CPLEX solved too few problem
instances, hence, we cannot deduce a trend from these figuree dbmpare
Figure 5.16(a) with Figure 5.16(b), in which we show respectively thdtergd
complete problem instances and the corresponding filtered problem iestane

can see that filtering causes SGPlan to be able to solve a few problem ésstanc
more.

We can think of an explanation why ALNS-PDPTW is this slow. ALNS-PDPTW

is based on LNS. As described in Section 3.2.2, LNS selects some nodesigere
and reinsert into the problem to find a better solution. This selection is made on a
certain measurement of relatedness. A natural choice is to considey thad&re
geographically close to each other, more related than those further @wiytu-
nately, as described in Section B.3, we have “abused” the x- and gioates and
replaced them by a city number and a location-number. If these locatiorid tveu
plotted, a perfect grid would appear, in which every column would rejites city
(Figure 5.17). A node in another city might be geographically closer amdftire
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Figure 5.16: The computation time in seconds against a logarithmic scale.

a natural choice for LNS, it is not a good choice in order to find rapidlglaten

to the problem we are looking at. It would be interesting to repeat our tegis wh
we can modify the selection-criteria of the LNS algorithms in ALNS-PDPTW to
our special case.

Summary

The conclusions we have previously drawn with respect to computation time and
plan quality still hold. We expected that the OR solvers would show better per-
formance measured in time when solutions to larger problem instances had to be
computed. This seems not to be the case.
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Figure 5.17: The green nodes are geographically close to the bluelHodever,
the real distance between the blue node and the green node in, for exaityple
is 3 steps.
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Chapter 6

Conclusions and Future Work

In this chapter, we will present the conclusions we have drawn frortidpes.3.
We will also discuss the questions raised during our research, which baghtb-
ject to further investigation.

6.1 Conclusions

In Section 1.5, we have presented our research questions. In thimseatiovill
answer them, one by one. Before we answer the main research questons|

go over the sub-questions which address the change of performaac® dhe
pre-processing steps applied to the problem instances. From the anevieose
sub-questions, the answers to the main questions can be deduced. Warwill s
with the question which was actually a precondition to our research.

The question which was actually a precondition to our research was: Is it
possible to create a VRP variant which is equal to the Logistics Planning Rrable

It was widely believed that it should be possible, and indeed it is, as we hav
shown in Section 3.4.1.

We have applied two pre-processing steps: decomposition and filtering. We
have also combined these two pre-processing steps. Decomposition wistthe
pre-processing step we applied to the problem instances. In Section We3.2,
showed that especially the plan quality of YAHSP improves after decompasition
Anticipating on the answers of the main questions, we might say that YAHSP
exchanges speed for accuracy, since it is the fastest in solving thepro
instances compared with the other planners and solvers used duringstrasate
Decomposition has no clear effect on the computation time.

The second sub-question concerns the change of performancefikeng.

We have removed some of the superfluous data from the problem instamnces
Section 5.3.3, we have shown that filtering has little effect on the plan quality of
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the found solutions by Al planners. The plan quality of the OR solvers does
change at all. With respect to the computation time needed to find a solution to the
problem instances, we can conclude that filtering has a large posite@.efthis
conclusion also holds in case of the in-flight phase, although a smaller awioun
packages, cities, and above all, locations are removed from this phapaied to

the pre- and post-flight phases.

The third sub-question concerns the change of performance wheimgee
sition and filtering are combined. As shown in Section 5.3.4, the effect of the
combined pre-processing steps is the same as the best of each. Weinelvded

that filtering has mainly an effect on the computation time, and decomposition has
at least an effect on YAHSP regarding plan quality. We see the samerpatien

we combine decomposition and filtering: as for plan quality, the effect is similar
to decomposition, as for the computation time, the effect is similar to filtering.

The last sub-question concerns the behaviour of the planners andrssolv
when the problem instances are enlarged. We have seen in Section 5a8.5, th
YAHSP solved the most problem instances. The other Al planners, used to
much memory, which caused them to fail. CPLEX and ALNS-PDPTW also
used too much memory, which caused them to run very slow. With respect to
the computation time needed to solve the problem instances, the planner FF was
most sensitive to enlarging, while YAHSP was the least sensitive. We hewe a
seen that the number of vehicle movements increases linearly with respeet to th
problem instances. The problem instances are designed such thatréesen

size is also linear, while keeping the layout of the problem the same. We assume
that, under afore said conditions, the optimal solution will also increase lynear
Under this assumption and previously mentioned conditions, it could be said tha
the plan quality stays constant when the problem instances are enlarged.

The answer to the question whether VRP approaches and Al appsoache
show the same sensitivities to the previous pre-processing steps islyelyest.

Of course, some are more sensitive than others. For example, YAHSHhs, w
respect to the plan quality, quite sensitive on decomposition. CPLEX benefits
obviously from decomposition too, since even the smallest complete problem
instances took too long to be solved by CPLEX, which could be solved after
decomposition.

Finally we can answer the main questions. Secondly, we can answer the
most important question: “Can a VRP approach for solving the Logisticsiign
Problem be competitive with an Al planning approach?”, with respect to both
computation time and plan quality. It is possible to solve problem instances
of the Logistics Planning Problem domain by using (rich) VRP approaches.
Although, as far as we have shown, it is not advisable to do so. Both ERInH
ALNS-PDPTW are very slow. On the other hand, ALNS-PDPTW and CPLE
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generate generally shorter routes and have therefore better plan gquaiidSP
is fast, but seldom generates the most efficient route.

Summarising, whether a VRP approach can be competitive with an Al ap-
proach depends on what measurement is considered most important, dionputa
time or plan quality. For now, a VRP approach cannot compete if effeesgen

is measured in computation time, although we have to keep in mind that at least
ALNS-PDPTW was not designed for these kind of problems. If effeci@ss is

only measured in plan quality, ALNS-PDPTW and CPLEX can compete.

6.2 Future Work

The work presented in this thesis, can be continued in several ways.of-ab,
some modifications can be made to our research, based on some obsgmvation
made during the experiments.

The in-flight phase was considered the hardest phase to solve in dsompar
with the pre- and post-flight phases. Although we constructed the in-fiighite
such that all “not airport” locations were present but not reachatsid, should
therefore not disturb the performance measured in time, it might have ccause
the planners and solvers to search for a solution in a wrong directionoutdw

be interesting to see if the unreachable locations indeed “distract” the pdanne
and solvers. To answer this question, the performance, measured iteoiom
time, of planners and solvers on problem instances with and without uraiglach
locations should be compared.

It might be possible to create a more efficient model of the Logistics Plan-
ning Problem. It would be interesting to see whether this would improve the
computation time needed to solve the problem instances. Finally, we recommend
further research to investigate whether a preprocessing method likeni3aap
would reduce the computation time of CPLEX.

ALNS-PDPTW was not designed for the Logistics Planning Problem. As
explained at the end of Section 5.3.5, it would be interesting to repeat dsr tes
when we can modify the selection-criteria of the LNS algorithms in ALNS-
PDPTW to our special case. It might improve the computation time needed to
solve the problem instances.

It would also be interesting to see how a specially designed solving algo-
rithm for the Logistics Planning Problem would perform. Neither CPLEX nor
ALNS-PDPTW are specialized solvers for this problem domain. CPLEX is a
general mixed integer problem solver, ALNS-PDPTW is not fit for thisbjgm
domain.
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Another interesting and natural successor of this research projectimtme the
direction of this subject. In this research project, we took an Al bencharaitkve

tried to convert it into an OR problem. That is, to take the Solomon benchmarks
used by the OR community and try to rewrite them using PDDL notation. The
Solomon benchmarks are commonly used in the OR community to test new
solvers on their performance. If these benchmarks can be rewrittenDi Rtbe
performance of the Al planners can be graded to their measurements.
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Appendix A

The Basic VRP and Variants

Since the introduction of the basic Vehicle Routing Problem (VRP) in 1959 by
Dantzig and Ramser [15], several different notations for the samdegonobave
been made, which are all useful in their own way. That is, every notatien h

a solving-method that uses the structure by which the problem is written down.
Below, we will present the different notations of this NP-hard probled $41].

A.1 Notations of the Basic VRP

In the notations below, variablg; is the costs for moving from customérto
customerj, there are: customers in total. Variable is a truck, there are: trucks
in the problem. Variable&);, is the capacity of truclk andg; is the demand of
customer.

Definition 1 VRP notation 1 by Fisher and Jaikumar, 1978, 1981 [23, 24]
Let

S 1 if truck k visits customey immediately after customey
kT 0 else,

and

~_J 1 iftruck k visits customet,
Yk = 0 else.

Minimise
ZCijZ$ijk (A.l)
1,J k

under following preconditions.
1 ifi=23,...,n,
Zk:y““ - { 0 ifi=m. (A2)
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Zﬂcijkzzwjik:yik,lSiﬁnalﬁkﬁm- (A.4)
j j
d wpr<|S1-1,5C{2,3,...,n},1<k<m (A.5)
j

yir € {0,1},1 <i<n,1 <k <m. (A.6)

Elucidation of the above: Constraint A.2 guarantees that every custonasr is
signed to exactly one truck, and that the route of every truck containsejhat.d
Constraint A.3 negotiates the limited capacity of the trucks. The constraints A.4
ensure that every truck visits and leaves every to him assigned custemaity,
constraint A.5 prevents sub routes in the TSP for triick

Definition 2 VRP notation 2 by Christofides, Mingozzi and Toth, 1980 .[8]

We assume that all admissible routes of truck 1, the truck with maximuncitgpa
are known and numbered from= 1 tor = 7. Let M, be the set of customers in
route r, andd,- the costs of this route. LeY; be a subset of previous routes that
contain customet, i.e. N; = {r : i € M,. Foreveryr, 1 < r < 7, let K, be
the withr corresponding cargo, i.eK, = >, ¢.- We assume that routes are
numbered such thdt;, > Ky > --- > K;. For every truckk let r;, be the smallest
value ofr, such thatk, < Q. That implies that truck k has sufficient capacity for
router ifft r > 7. Itis obvious that; = 1. Letr,,.1 = 7 + 1. Now let

[ 1 ifrouterisused
=1 0 else.

The basic VRP then boils down to minimising

> dy, (A.8)
r=1

1We use the word ‘iff’ as short for ‘if and only if’.
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under following preconditions.

Y p=12<i<n (A.9)
TENi
’I"k+171
Y oy <krp#Ergnl<k<m, (A.10)
r=1
>y =m. (A.11)
r=1
yr €{0,1},1<r <7 (A.12)

Elucidation of the above: Constraint A.9 ensures that every customeritisdvis
only once. Constraint A.11 guarantees that the number of routes is teqtied
number of trucks. Finally, constraint A.10 ensures that no truck is asdigmoute
that exceeds its capacity.

Both previous two mathematical notations are integer programming problems.
The next notation is more dynamic.

Definition 3 VRP notation 3 by Christofides, Mingozzi and Toth, 1981 [9]

LetN ={2,3,...,n} be the set of all customers. For evéfyC N let f(k,T)be

the minimal costs for serving the customerslirby the firstk trucks. Further,

let v(7") be the minimal costs for solving the TSP defined by the depot, the cus-
tomers inT" and¢(T') = ;. ¢;- The dynamic programming recursion formula

is initialised fork = 1 by f(1,7") = v(T), VT, and fork > 2 further defined by:

f(k,T) = min(f(k = 1,7 = 5) +o(S)) (A.13)

under preconditions:

k-1

a(T) = ) Qr <q(S) < Qy, (A.14)
k=1

SN = T) < q(S) < La(D) (A.15)

for which the left hand inequality in (14) is only validkif£ m. Further, the sets T
have to satisfy:

m k
g(N) = D Qp<a(T) <) Q. (A.16)
k=k+1 k=1
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Elucidation of the above: Constraint A.16 is in the second inequality depende
constraint A.14. Constraint A.13 is the set of customers that is assigned to truck

k in such manner that the resulting costs are minimal. The constraints A.14, A.15,
and A.16 ensure that(T") andv(T") are not calculated for situations that can only
lead to exceeding of one or more capacities. The right hand inequality in A.14
ensures that truck is not overloaded, while the left hand inequality guaranties
that the firstk — 1 trucks are not overloaded. Constraint A.15 expresses that the
load of truckk is at least equal to the average load of the firstucks and at least
equal to the average load of the last— £ trucks, i.e., the average load of the first

k trucks> ¢(.S) = the load of truckk > the average load of the lakt— m trucks.

It only serves to limit the number of subseis Finally, the right hand inequality

in A.16 implies that the firsk trucks together can serve the customer§'jrand

the left hand inequality implies that the remaining customers can be served by the
remainingm — k trucks. It is assumed that the firkttrucks together serve the
customers irf".

A.2 VRP Variants Overview

The basic VRP can be extended in several ways. Below we have somplesas
found in [18]. The list presented here is far from conclusive. Mawepproblems
can be found in the literature, although perhaps under different nahiles the
basic VRP, some problems are also known by different names. Also, samesn
represent different problems in the literature. As an example, the pickdule-
livery problem, which is also known as VRP with pick-up and delivery. Hlso

a name under which the VRP with backhauls can be found. In some pickelp a
delivery problems it is allowed to interchange goods between customers, o
not.

e Capacitated VRP (CVRP) [55]: CVRP is a VRP in which the travelling
costs will be minimized while having a fixed number vehicles with uniform
capacity which must serve known customer demands. The demands are a
certain amount of uniform goods are which are initially located at a depot.
Summarising, the additional constraint that every vehicles must have uni-
form capacity is the difference between a CVRP and a VRP.

e VRP with time windows (VRPTW) [13]: The additional restriction which
is the difference between a VRP and a VRPTW is that in VRPTW a time
window is associated with each customnet V', defining an intervale,, e;]
in which the customer has to be served. The intefglly] at the depot is
called the scheduling horizon or the time window.

e Multiple Depot VRP (MDVRP) [37]: It is not uncommon that a company
has several distribution centres or depots from which it serves its custome
If the customers are clustered around depots, it is possible to model this
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distribution problem as a set of basic VRP’s. However, if itis less cle&twh
customers are served from which depot, a Multiple Depot Vehicle Routing
Problem should be solved. A number of vehicles is based at each depot.
Each vehicle originates from one depot, services the customers assigned
that depot, and returns to the same depot. Again, serving all customers while
minimising the number of vehicles and travel costs, is the objective.

Periodic VRP (PVRP) [3]: In classical VRP’s, the period for which a plan-
ning is made, is usually a single day. The PVRP extends this planning period
to M days.

Split Delivery VRP (SDVRP) [2]: In the classical VRP’s a demand from

a customer is entirely met by one vehicle, no partial deliveries are allowed.

SDVREP is a relaxation of the VRP in which several vehicles can serve the

same customer if it reduces overall costs. This relaxation facilitates the cus-
tomers to have demands equal to or even larger than tha capacity of a vehicle
In [20] it is concluded that it is more difficult to obtain the optimal solution

in the SDVRP than in the VRP.

Stochastic VRP(SVRP) [43]: SVRP are VRP’s in which one or more ran-
dom components exist. Three examples of SVRP @trechastic customers
Each customerp; is part of the problem with a probability;, and absent
otherwise. Stochastic demand€tach customer has a random demand
Stochastic timesService timesj; and travel timeg;; are randomly deter-
mined. In SVRP, two stages are made for getting a solution. A first solution
is determined before knowing the values of the random variables. In-a sec
ond stage, when the values of the random variables are known, &tbare
action can be taken.

VRP with Pick-up and Deliveries (VRPPD) [29, 56]: In the VRPPD, it

is possible for customers to return some goods. Of course, returninfy goo
may not cause the capacity of the vehicles to exceed. This restriction make
the planning problem more difficult, it can lead to vehicles capacities be-
ing used sub-optimal, longer travelling distances or that more vehicles are
needed. Therefore, it is common that restricted situations are considered
where all delivery demands start from the depot and all pick-up desnand
shall be brought back to the depot, so no interchanges of goods Ivetinece
customers are possible. Another alternative is relaxing the restrictionlithat a
customers have to be visited exactly once. Another usual simplification is to
consider that every vehicle must deliver all the commodities before picking
up any goods.

VRP with Backhauls (VRPB) [40]: The VRPB is a VRP in which cus-
tomers can demand or return some commodities. So in VRPB it's needed to
take into account that the goods that customers return to the deliver vehicle
must fit into it. The critical assumption in that all deliveries must be made on
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each route before any pick-ups can be made. This arises from thindact
the vehicles are rear-loaded, and rearrangement of the loads ondkedta

the delivery points is not deemed economical or feasible. The quantities to
be delivered and picked up are fixed and known in advance. VRPB is simila
to VRPPD with the restriction that in the case of VRPB all deliveries for
each route must be completed before any pick-ups are made.

¢ Vehicle Routing Problem with Satellite Facilities(VRPSF) [4]: An impor-
tant aspect of the VRP that has been largely overlooked is the use ltifesate
facilities to replenish vehicles during a route. When possible, satellite re-
plenishment allows the drivers to continue making deliveries until the close
of their shift without necessarily returning to the central depot. This situatio
arises primarily in the distribution of fuels and certain retail items.

Combinations of the above are also possible. Some examples of those combina-
tions are Split Delivery VRP with Time Windows (SDVRPTW), Capacitated VRP
with Pick-up and Deliveries and Time Windows (CVRPPDTW), Periodic VRP
with Time Windows (PVRPTW) and Multiple Depot VRP with Time Windows
(MDVRPTW).

A.3 The RPDPTW Model

In the RPDPTW there are a number of requests to be carried out by astxed
vehicles. Each request consists of picking up a quantity of goods dboaton

and delivering it to another location. The objective of the problem is to find a
feasible set of routes for the vehicles so that all requests are seraeddsuch
that the overall travel distance is minimized. A feasible route of a vehicleldhou
start at a given location, service a number of requests such that theityagf the
vehicle is not exceeded, and finally end at a given location. A pick-ufelivery
should take place within a given time window. Furthermore, each requsst ha
an associated pick-up precedence number, and a delivery preeed@mber. A
vehicle must visit the locations in non-decreasing order of precedeseese(g.
Sigurd et al. [64] for more information on other uses of precedenceti@nts).
Since not all vehicles may be able to service all requests (e.g. due to thsicah
size or the absence of some cooling compartments) we need to ensureetlyat ev
request is serviced by a given subset of vehicles. Between any tabtdos we
have an associated, non-negative distance and travel time. It is asthahtrdvel
times satisfy the triangle inequality. This assumption implies that any removal
of requests from a feasible route will keep the route feasible with respebt
imposed time windows [58].

A.3.1 A Formal Description of RPDPTW

A more formal description of the RPDPTW is as follows [57]: A problem inséan
of the pick-up and delivery problem containsrequests andn vehicles. The
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problem is defined on a grapt? = {1,...,n} is the set of pick-up nodes,
D = {n+1,...,2n} is the set of delivery nodes. Requess represented by
nodesi andi + n. K is the set of all vehicle§/X| = m. One vehicle might not
be able to serve all requests, as an example a vehicle like an airplane tzantho
but on an airportK; is the set of vehicles that are able to serve requed{ C P

is the set of pick-ups an®; C D is the set of deliveries that can be served by
vehicle k. Thus foralk andk : k € K; < i € P. Ni € Di. Requests where
K; # K are calledspecial requestefineN = P U D andN, = P, U Dy. Let

Tk = 2n + k, k € K and7)k = 2n + m + k, k € K be the nodes that represents
the start and end depot, respectively, of vehicl& he graphz = (V, A) consists
ofthenoded” = NU{r,..., 7} U{r,..., 7}, } andthearcsi =V x V. For
each vehicle we have a sub-gra@h = (4, Ay), whereVy, = N U {7} U {7}
andA; = Vi, x V;. For each edgégi, j) € A we assign a distaneg; and a travel
time ¢;;. Distances and times are assumed to be non-negaljye: 0, t;; > 0.

It is also assumed that the times satisfy the triangle inequality:< t; + t;;

for all 4,5,1 € V. To simplify modelling the elimination of sub tours and the
pick-up-before-delivery constraint ,it is also assumed that; + s; > 0.

Each nodei € V has a service time;, which represents the time needed
for loading and unloading, and a time winddw, b;] in which the visit should
take place. A vehicle is allowed to arrive early at location, i.e., before thedsta
the time window, it has to wait until the start of the time window before the visit
can be performed. For each node N, I; is the amount of goods that must be
loaded onto the vehicle at the particular noide; 0 fori € P andl; = —1I;_,, for

1 € D. The capacity of vehiclé € K is denoted’}.

Four types of decision variables are used in the mathematical model of Raafpke
zijk, 4,J € V, k € K is a binary variable which is one if the edge between node
7 and nodej is used by vehiclé& and zero otherwiseS;;, i € V, k € Kis a
non-negative integer that indicates when vehiclgarts the service at locatian

L., i € V, k € K is anon-negative integer that is an upper bound on the amount
of goods on vehiclé: after servicing nodeé. S;. and L;; are only well-defined
when vehiclek actually visits node. Finally z;, i € P is a binary variable that
indicates if request is placed in the request bank. The variable is one if the
request is placed in the request bank and zero otherwise.

A.3.2 The Mathematical Model of RPDPTW

The following mathematical model is, unlike ours in Section 3.4.1, not as integer
linear program. The authors considered it unnecessary since theytiselproblem
instances heuristically [57]. The mathematical model is:

min o Z Z dij ik + B Z (&;wk - a7k> + 7 Z 2; (A.17)

keK i,jeA keK S
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Subject to:

) wigp+tzm=1 VieP (A.18)
keEK; jeEN
S @ik — Y Timyig=0 VkeK\Vie P (A.19)
JEVR JEVR
Y wnge=1 VEeK (A.20)
jEPU{TL}
Y wigr=1 VkeK (A.21)
1€DRU{}

Y migp— Y ww=0 VkeK\VjeN (A.22)

1€V 1€V
Tijk = 1= Si+ s + ti; < Sjk Vk € K, V(Z,j) € Ayg (A.23)
a; < Si, < b Vke K,\YicV (A.24)
Sik < Sn-i-z',k Vk € K,Vi € P, (A25)
Tijk = 1= L, + lj < ij Vk € K, V(i,j) € A (A.26)
L, <Cp VkeK,YieV, (A.27)
Lok=1Lyr=0 VkeK (A.28)
zijp €{0,1}  Vke K,¥(i,j) € A, (A.29)
ze{0,1} VieP (A.30)
Sik>0 VkeK\VieV (A.31)
L, >0 VkeKVYicV, (A.32)

The objective function minimizes the weighted sum of the distance travelled (
the sum of the time spent by each vehiclg,(and the number of requests not
scheduled~).

Constraint A.18 ensures that each pick-up location is visited or that the cor
responding request is placed in the request bank. Constraint A.lifesribat the
delivery location is visited if the pick-up location is visited and that the visit is
performed by the same vehicle. Constraints A.20 and A.21 ensure thatcéeveh
leaves every start terminal and a vehicle enters every end terminal. €ogéth
constraint A.22 this ensures that consecutive paths betweandr; are formed

for eachk € K.

Constraints A.23, A.24 ensure th&t; is set correctly along the paths and
that the time windows are obeyed. These constraints also make sub tours impos
sible. Constraint A.25 ensures that each pick-up occur before thesponding
delivery. Constraints A.26, A.27 and A.28 ensure that the load variabéd 08

rectly along the paths and that the capacity constraints of the vehiclespested.
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Using this general model, several rich VRP’s can be described. W& ref
to [58] for detailed descriptions of these transformations.
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Appendix B

Pre-processing and Enlarging the
Problem Instances

In this chapter, we will describe the problem instances in detail. We will descr
on which criteria the filtering of the problem instances was done and we will
explain why some further filtering is left out. Furthermore, we will explain how
we decompose the problem instances. We will end this chapter with desdfiking
way we have enlarged the problems after the description of the transfomedtio
an original planning problem instance to a VRP problem instance.

As mentioned in Section 5.1, will use two VRP solvers, CPLEX and ALNS-
PDPTW. In order to do experiments on CPLEX, we had to make a mathematical
model of the Logistics Planning Problem. This was described in Section 3.4.1,
along with how to modify the data of instance of Logistics Planning Problem
accordingly. Because of this model we can compare a general LP optiwither
general planners.

Before we could compare the performance of the ALNS-PDPTW solver
with the planners, we needed to modify the problem instances. ALNS-PDPTW
cannot deal with packages that have to be served by several vebigesto their
end-locations. Therefore, ALNS-PDPTW can only be compared withldrenprs

on the coordinated or the, with the Arbiter-0 method, decomposed probldsts. A
the ALNS-PDPTW solver requires the input in a different format, andraltoat,

we found out that much data in the original problem instances was supesflin

this chapter, we will discuss how we implemented all three file conversions.

B.1 Filtering the Problem Instances
The problem instances are described in STRIPS, which is explainedtiniS2¢S.

When we looked into the STRIPS problem instances, it was noted that mtech da
was superfluous. For example, ten packages were generated \otworad to
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reach a certain destination. The consequence of that was that eighgpacould

be deleted. This meant also that some trucks did not have to drive, whialemea
that many locations are not visited. If not even a airplane starts at theataitp®
whole city can be dismissed. In this section we will discuss the conditions on
which data was filtered out, but first we will introduce the a problem instamce
STRIPS format.

Because it is easier to explain the filtering process from an example, we
will present a small problem in STRIPS, see Table B.1. The file starts with a
section in which all used variables are gathered. The type of the variable is
established in theni t section, which is the second section. Inithe t section,

the relations between the variables are described also. Every line caadag a

kind of normal sentence if the second word is read before the first, antiitid at

last. For examplecityl4-3isin-city cityl4. Finally, there is agoal
section, which states the destinations of the packages.

B.1.1 Filtering of Unused Packages

As can be seen in the example, two packages;kagel andpackage2 do

not occur in thegoal section. Therefore, there is no need to keep them in the
input file. So every entry referring to these variables can be deleteshnhe rare
occasions the destination of the package is the same as the start locatise. The
packages can be removed also.

B.1.2 Filtering of Unused Cities and Locations

If we look at the cities where the packages need to be picked up or daslivee

see that the cities 2, 3, 6, 7 and 14 are not used. However, we camnoie every
entry of that city yet. At some city airports, there is an airplane, in the example a
cityl,cityl0,andtwoatityll. Since we do not wantto remove airplanes,
we only remove the cities that do not occur in the start and end locations of
packages and the start locations of airplanes. In the example, the citig6,2,3
and 14 plus all references to them can be removed, because no arstariérom

the airport of those cities. Of course, when the existence of the city oplgruis

on the fact that an airplane starts at its airport, it is not needed to keethatl o
locations in that city.

This method of removing cities and locations is quite rude and certainly

does not remove all superfluous locations. We will get back to the chéiceto
filtering any further in Section B.1.4.
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B.1.3 Filtering of Unused Trucks

To find the trucks that can be removed, it is better to find the trucks thateded

first. In principle, every package needs two trucks, one for preftrginisportation

and one for post-flight transportation. Because of the layout of the eitygba
complete graph with equal distances, packages that start at the samenl@eaitio
share the same truck, even if they do not have the same destination. Thernumb
of trucks is in this case minimized, while the travelling distance stays the same.
When in the future, for example, euclidean distances will be used, paskagnot

this easily be combined in one truck, so then we will still need a truck per gacka

If a package starts at the airport and has to go to another city, it does not
need a truck in the starting city. However, if its destination is within the same city,
it does need one. Of course, if a package is delivered at an aifpartize in-flight
phase and that airport is its destination, no truck is needed for this paakége
post-flight phase.

In order to minimize the number of trucks and the travelling distance, we
decided to add to the post-flight transportation phase the packagesthahba
destination within the same city as their start location and this start location is the
airport. The other packages that need only within-city transportationdatedsto

the preflight transportation phase. The idea behind it is that in the prefiigise,

a truck might be present at that location and therefore most suitable tapick-
this package. If, on the other hand, the package would be served inshdight
phase, the truck might have been moved to the airport and should go back to
pick-up the package, which costs one movement extra. If a packageaslalat

the airport, it is often the case that a truck needs to go to the airport in thigipre
phase, to deliver a package. It would be a waste of movements and iirticls
truck would not wait at the airport until other packages would arrive tesed
post-flight transportation. Then it can perform all deliveries in one go.

After using these filtering rules we end up with the problem instances that
is shown in Table B.2. As can be seen, the cities 2, 3, 6, 7, and 14 areednss/

are the packages 1 and 2. Since in this example only one truck exist pamdjty,
the trucks belonging to the unused cities are removed.

B.1.4 Further Filtering

Some further filtering can be done. It was chosen not to, because fribstdata
that can be removed now are based on the properties of a complete gthph w
equal distances between nodes. An example of this is removing all locatloars o
than the ones used. Because all routes are of the same length, it is mssticeat
routes. However, using different weights for each path, it might berettake a
route via another location (Figure B.1).
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Figure B.1: If all distances between locations are uniform, than the mosieeffi
way to travel from location A to location B is directly. If the distances between
locations are not uniform, it might be beneficial to travel via C.

B.2 Decomposing the Problem Instances

For every original input file, we created three smaller problem instaacesrding

to the Arbiter-0 method [72], or more generally, the depth-partitioning algorithm
of Steenhuisen [66]. Those methods are explained in Section 4.3. We ody ma
a slight adaptation of this method, which cannot generally be used, bugddisp
for the Logistics Planning Problem domain.

B.2.1 Adaptation of the Arbiter-O Method

The Arbiter-0 method, proposed by Valk [72], generalised in the deattitipning
algorithm of Steenhuisen [66], is a pre-planning coordination technidniehwin
short, orders the tasks such that all tasks for which the preconditiemaetl; are
carried out first. We differ a bit from the Arbiter-0 method. If we follow thebiter-

0 method to the letter, all tasks that can be performed, should be perforoed.
ever, some tasks are independent from others. In case of the Lodiiiusing
Problem, those are the tasks of transporting a package which start diolcan
tions are within the same city. According to the Arbiter-0 method, these task are
performed in the preflight phase. Because these tasks are indepehdemnis ac-
tually no reason why they can not be performed in the post-flight phdmefore,

we chose to put in the post-flight phase the tasks starting at the airpagbarngla
location within the same city, for the reasons already mentioned in Section B.1.3.

B.2.2 The Implementation of Arbiter-0

To explain how the Arbiter-0 method was implemented, we will go further on
the example of Table B.1. There are seven packages left. Let us takaggac
number 9 as an example of the general case. Its start locatiort ig4- 2 and its
goal location isci t y11- 2. These locations are not of the same city, so it has to
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go by airplane. Therefore, the package has to visit the airpaeci bfy4 which

is at locationci t y4- 3 and that ofci t y11 which is at locationci t y11- 3.
From this we can construct the start and end locations of the packagehn ea
phase. In the preflight phase it starts at locatiort y4- 2 and ends at location
city4-3. In the in-flight phase it starts at locatiari t y4- 3 and ends at
locationci t y11- 3. In the post-flight phase it starts at locationt y11- 3 and
ends at locatioli t y11- 2 and then the package is where it should be.

Sometimes, either the preflight phase or the post-flight phase is not needed
or even both phases can be omitted. For package 3, the latter is the des®tdt
gofromcityl2-3tocityl-3, which are both airports. Therefore, there will
only be an entry for package 3 in the in-flight file.

Package 6 does not need to go by airplane. Its end location is in the same
city as its start location. Since the start location is not an airport, the enttlgifor
package will occur in the pre-flight phase. This is also a nice example to dtastr
the choice explained in Section B.1.3. Because we put this package ingbrte-fl
transport, it can share the truck with package 8 that conveniently stains same
location and needs to go to the airport too. If package 6 was put in theljgbdt-
phase, the truck would be at the airport because of package 8. Tdkevinuld
have to go back and forth to transport package 6, which is a waste ofmeois.

If, to make the argument complete, the start and end locations of package6 w
reversed, hence it would start at the airport, it is obvious that it is mdicestt to
put it in the post-flight phase.

We made three copies of the file in Table B.1, and replaced the start and
end locations according to whether it would become the pre-, post-, agim-fl
file. That resulted in the files in Table B.3, B.4 and B.5 respectively.

Simply replacing the start and end location in the file of Table B.1 is quite rude
and introduces many superfluous data. Fortunately, we had just explaime
filtering method, which we will also use to clean up these three files, resulting in
Table B.6, B.7 and B.8.
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B.3 Practical Mapping or Transformation

Before we could test the performance of both planners and ALNS-RD)RVe
had to make the problem instances fit for ALNS-PDPTW. We will use Tablé B.1
as an example. We will first explain the format of the file, later we will point out
some problems that occurred because of this format.

We create the problem instances for ALNS-PDPTW using the data from
files like those in Table B.6, B.7 and B.8. Due to the size of the problem, we will
use a different problem as an example. The most interesting data in thalfiltere
and coordinated problem instances are the starting locations of the packag

airplanes and trucks, and of course the end-locations of the pack@iesdata

of the planning problem instances we use to explain the creation of the proble

instances for ALNS-PDPTW, is gathered in Table B.9.

At the first line in Table B.10 there are two numbers. The first represeats th
number of requests. The number of requests is equal to the sum of theenumb
of packages in the planning problem instances. In this case, there is aftotal
four requests. The second is the number of vehicles. The number iofesls
equal to the sum of the number of airplanes and trucks in the planning proble
instances. In this case, there is also a total of four vehicles. It is a cemmdhat

the number of requests and vehicles are equal, most often they are not.

On the second line are some variables used intern by ALNS-PDPTW. We
refer to Rgpke [57] for the precise meaning of these variables.

In the next block of lines, the vehicles are defined. Every line has the feamat:
<vehicle id> <capacity> <start x coord.> <start y coord. >

<end x coord.> <end y coord.> <tinme w ndow begi n>

<time wi ndow end>. The first number is just an identification number of
the vehicle. It is not used in any calculation. The next number is the maximum
capacity of the vehicles. The maximum capacity should be larger or equal tha
the total number of packages in each transportation phase to simulate unlimited
capacities. We have derived this number from the total unique packadbe in
planning problem instances.

The following two numbers represent the start location of the vehicle. Orig-

inally, these are the x- and y-coordinates of a node. We do not represdes

with coordinates, but with a city number and a location number. We replace the
x-coordinate with the city number and the y-coordinate with the location number.
Itis required by ALNS-PDPTW that each vehicle returns to a depot Viihesthed.

In the Logistics Planning Problem, we do not know, nor care were the legdmc

up when they have finished their pick-up and delivery requests. Tdrera depot

is introduced into the problem, and represented with city and location with number
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zero, which are the two zero’s following the start location.

The last two numbers represent the time window. We do not use a time
restriction, so we have to make sure the time window is large enough. In
Section 3.4.1, we showed how the maximum duration for each instance of the
Logistics Planning Problem could be calculated. We use the same number here

In next block of lines, the requests are defined. Every line has the same
format:

<request id> <demand> <pi ck-up x> <pi ck-up y> <delivery x>
<delivery y> <pick-up tine w ndow start> <pick-up tine wi ndow end>
<delivery tinme wi ndow start>< delivery tine wi ndow end>

<pi ck-up node precedence><delivery node precedence>

<nunber of vehicles that can serve this requests>

<list of vehicles that can serve the requests>. The first number

is just an identification number, it is not used for any calculations. Thenseco
number is the size of the package. Since in the Logistics Planning Problem,
the size of the packages are of no concern since the capacity of thdéegediie
infinite, we chose for a value of one. If we would choose a differentlmer here,

the maximum capacity of the vehicles would have to be adjusted accordingly.

The next four numbers are the pick-up and delivery locations. We tlsed
same substitution of the coordinates with the city and location numbers as we
used by the definition of the vehicles. The following four numbers reptabe
pick-up time window and the delivery time window. Both pick-up and delivery
time windows are equal for one request, because we do not want toun&adore
constraints on when to pick-up or deliver packages. We use the time wénidow
make the distinction between the pre-flight, post-flight and in-flight stagbe. T
time windows are calculated according the description of the maximum duration
in Section 3.4.1.

The next two numbers are used to establish precedences between the re-
quests. In ALNS-PDPTW, it is already ensured that requests aredpigkéefore
they are delivered. We do not want to put extra restrictions on the ardehich
requests are served, other than to make the distinction between the diffeases.
Therefore, we use the same precedence number for the pick-uglpreesand the
delivery precedence, and we number the pre-, in- and post-flight wéhteo and
three respectively. It is sufficient to make the distinction between the phisseg
either the time windows or the precedences. To keep the input and outpgut file
more understandable, we use both. The final numbers connect thiesetiit the
request. The first of them represents the amount of vehicles, thef st oum-
bers are the identification numbers of the vehicles that are able to servecthést.

The last two blocks represent the distance-matrix and the time-matrix. We
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do not make a difference between time and distance, hence the two matrices
are equal. The nodes in ALNS-PDPTW are numbered as follows. First the
start-location of the first request, then the end-location of the first stquehis

is repeated until the last request, then followed with the start-location and the
end-location of the first vehicle etc. The matrices are then generated thleng
following rules. The distance between the same locations, hence the renges h
the same location number and the same city number, is equal to zero. Thealistanc
from any location to the depot is zero too. This way we do not introduce extr
movements while using a depot. The distance from a location to another with
the same city number has a distance of one. All other distances are equal to th
maximum length in which the problem could be solved. This is done to discourage
a vehicle to use that path, since in the original problem, this link does not exist.

B.4 Enlarging the Problem Instances

After testing with the original problem instances and the derivatives of tlitem,
appeared that the hardest problems had more or less the same propmetioesn

the variables. The number of cities was about 0.7 times the number of packages
The number of locations in a city was on average 8. This number did noedeed
to be proportional in the number of packages. The goal is to enlarge dbé&epr
instances, and therefore the variables, in such a way that the distribdittbe o
packages would stay the same. The scaling is already in the number of cities,
therefore, the total number of locations will grow in the right proportion.e Th
number of trucks was about the same amount as the number of packatjghttyr

less, hence we chose for 0.9 times the number of packages. It folloaextiie
original problem instances that the number of airplanes was about éiglanes

per city. We considered that an excessive amount. An average loadpddkages

per airplane was decided to be quite reasonable. Using these proporéhave
generated larger files.

To eliminate the possibility that the problems after filtering would become
much smaller, we made sure that all packages would also get a goal lodation.
the original problem generator, the number of packages that wouldhrigtihe
goal function was randomly decided.

We had to make sure that every city had at least one truck. Since the pro-
portions we applied to generate the files ensures that the amount of citiedlexrsma
than the number of trucks, we assigned the first trucks to the cities in the fiofjow
way: truck 1 to city 1, truck 2 to city 2, etc. The remaining trucks we have
distributed over the cities randomly. The location where a truck would stat wa
also determined randomly. The locations where packages would startngstd fi
were also determined randomly, as was the location where an airplane wartld s
The latter has been done by randomly choosing a city number and combining it
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with the airport-number.

Furthermore, generating large problem instances could be done rathights
forward, while keeping the planning-format in mind. After this initial creatién o

new files, we have performed the same pre-processing steps as withdinalor
files.
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(define (problemstrips-Iog-x-3)
(:domain | ogistics-strips)
(: obj ects package9 package8 package7 package6 package5 packaged

package3 package2 packagel cityl4 cityl3 cityl2 cityll
cityl0 city9 city8 city7 city6 city5 city4 city3 city2
cityl truckl14 truckl13 truck12 truckl1ll truckl10 truck9
truck8 truck7 truck6 truck5 truck4 truck3 truck2 truckl
pl ane4 pl ane3 plane2 planel cityl4-3 cityl4-2 cityld-1
cityl3-3 cityl3-2 cityl13-1 cityl2-3 cityl2-2 cityl2-1
cityll-3 cityl1l-2 cityl1l-1 cityl0-3 cityl0-2 cityl10-1

city9-3 city9-2
city7-2 city7-1
cityb5-1 city4-3
city2-3 city2-2
(:init (obj

city9-1 city8-3
city6-3 city6-2
city4-2 city4-1
city2-1 cityl-3

city8-2 city8-1 city7-3
city6-1 cityb5-3 city5-2
city3-3 city3-2 city3-1
cityl-2 cityl-1)

package9) (obj package8) (obj package7) (obj package6)
(obj package5) (obj package4) (obj package3) (obj package?)
(obj packagel) (city cityl4) (city cityl3) (city cityl?2)
(city cityll) (city cityl0) (city city9) (city city8)
(city city7) (city city6) (city cityb) (city city4)
(city city3) (city city2) (city cityl) (truck truck14)

(truck truck13) (truck truck12) (truck truckll)
(truck truck10) (truck truck9) (truck truck8) (truck truck?)

(truck truck6) (truck truckb)
(truck truck2) (truck truckl)

(truck truck4) (truck truck3)
(airplane pl aned)

(ai rplane plane3) (airplane plane2) (airplane planel)

(location cityl4-2) (location cityl4-1) (location cityl3-2)
(location cityl3-1) (location cityl2-2) (location cityl2-1)
(location cityll-2) (location cityll-1) (location cityl0-2)
(location cityl0-1) (location city9-2) (location city9-1)
(location city8-2) (location city8-1) (location city7-2)
(location city7-1) (location city6-2) (location city6-1)
(location city5-2) (location city5-1) (location city4-2)
(location city4-1) (location city3-2) (location city3-1)
(location city2-2) (location city2-1) (location cityl-2)
(location cityl-1) (airport cityl4-3) (location cityl4-3)

(airport cityl3-3)

(location cityl2-3)

(airport cityl0-3)
(location city9-3)
(airport city7-3)
(location city6-3)
(airport city4-3)
(location city3-3)
(airport cityl-3)

(location cityl3-3)

(airport cityll-3)

(location cityl0-3)

(airport city8-3)
(location city7-3)
(airport city5-3)
(location city4-3)
(airport city2-3)

(location cityl-3)

(airport cityl2-3)
(location cityl1l-3)
(airport city9-3)
(location city8-3)
(airport city6-3)
(location city5-3)
(airport city3-3)
(location city2-3)

(in-city cityl4-3 cityl4) (in-city cityl4-2 cityl4)
(in-city cityl4-1 cityl4) (in-city cityl3-3 cityl3)
(in-city cityl3-2 cityl3) (in-city cityl3-1 cityl3)
(in-city cityl2-3 cityl2) (in-city cityl2-2 cityl2)
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(in-city cityl2-1 cityl?2)
in-city cityll-2 cityll)
in-city cityl0-3 cityl0)
in-city cityl0-1 cityl0)
in-city city9-2 city9)
(in-city city8-3 city8)

in-city cityll-3 cityll)
in-city cityll-1 cityll)
in-city cityl0-2 cityl0)
in-city city9-3 city9)

in-city city9-1 city9)

in-city city8-2 city8)

in-city city7-3 city7)
i
i
i
i
i

A~ AN AN~

(in-city city8-1 city8)
(in-city city7-2 city7) n-city city7-1 city7)
(i n-city city6-2 city6)

n-city city5-3 cityb)
n-city city5-1 city5)
n-city city4-2 city4)

~

in-city city6-1 city6)
(in-city city5-2 cityb)
(in-city city4-3 city4)
(in-city city4-1 city4)
(in-city city3-2 city3)
(in-city city2-3 city2)
(in-city city2-1 city2)
(in-city cityl-2 cityl)

in-city city3-3 city3)
in-city city3-1 city3)
in-city city2-2 city2)
in-city cityl-3 cityl)
i

(
(
(
(
(
(
(
(
in-city city6-3 city6) (
(
(
(
(
(
(
(
(in-city cityl-1 cityl)

(at plane4 cityl0-3) (at plane3 cityl-3)
(at plane2 cityll-3) (at planel cityll-3)
(at truckl4 cityl4-1) (at truck13 cityl3-1)
(at truckl2 cityl2-1) (at truckl1ll cityll-1)
(at truckl1l0 cityl10-1) (at truck9 city9-2)

(at truck8 city8-2) (at truck7 city7-1) (at truck6 city6-2)
(at truck5 cityb-1) (at truck4 city4-2) (at truck3 city3-2)
(at truck2 city2-1) (at truckl cityl-1)
(at package9 city4-2) (at package8 city9-1)
(at package7 cityl-2) (at package6 city9-1)
(at package5 cityl2-2) (at package4 city8-1)
(at package3 cityl2-3) (at package2 cityl2-2)
(at packagel city8-3))
(:goal (and (at package9 cityll-2) (at package8 city5-3)
(at package7 city10-3) (at package6 city9-3)
(at package5 city10-1) (at package4 cityl13-1)
(at package3d cityl-3))))

Table B.1: Example problem in STRIPS format.
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(define (problemstrips-Iog-x-3)
(:domain | ogistics-strips)
(:objects package9 ... package3 cityl3 cityl2 ... city8 city5
cityd cityl truck1l3 ... truck8 truck4 truckl
plane4 ... planel cityl1l3-3 ... city8-1
cityb-3 ... cityb5-1 city4-3 ... city4-1
cityl-3 ... cityl-1 )
(:init (obj package9) ... (obj package3)
(city cityl3) ... (city city8) (city city5) (city city4)
(city cityl) (truck truck13) ... (truck truck8)
(truck truck4) (truck truckl)
(airplane planed4) ... (airplane planel)
(location city13-3) ... (location city8-1)
(location city5-3) ... (location city5-1)
(location city4-3) ... (location city4-1)
(location cityl-3) ... (location cityl-1)
(airport cityl3-3) ... (airport city8-3)
(airport city5-3) (airport city4-3) (airport cityl-3)
(in-city cityl1l3-3 cityl1l3) ... (in-city city8-1 city8)
(in-city cityb5-3 cityb) ... (in-city cityb-1 cityb)
(in-city city4-3 city4) ... (in-city city4-1 city4)
(in-city cityl-3 cityl) ... (in-city cityl-1 city1l)
(at planed cityl0-3) ... (at planel cityll-3)
(at truck13 city13-1) ... (at truck8 city8-2)
(at truck4 city4-2) (at truckl cityl-1)
(at package9 city4-2) ... (at package3 cityl2-3))
(:goal (and (at package9 cityll-2) ... (at package3 cityl-3))))

Table B.2: The example file in STRIPS format after filtering.
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(define (problemstrips-Iog-x-3)
(:domain | ogistics-strips)
(:objects package9 ... packagel cityld ... cityl
truckl4 ... truckl plane4 ... planel
cityl4-3 ... cityl-1)
(:init (obj package9) ... (obj packagel)
(city cityld) ... (city cityl)
(truck truck14) ... (truck truckl)
(airplane planed4) ... (airplane planel)
(location cityl4-3) ... (location cityl-1)
(airport cityl4-3) ... (airport cityl-3)
(in-city cityl4-3 cityl4) ... (in-city cityl-1 cityl)
(at planed4 cityl0-3) ... (at planel cityll-3)
(at truckl4 cityl4-1) ... (at truckl cityl-1)
(at package9 city4-2) ... (at packagel city8-3))
(:goal (and (at package9 city4-3) (at package8 city9-3)
(at package7 cityl-3) (at package6 city9-3)
(at package5 cityl2-3) (at package4 city8-3))))

Table B.3: The preflight phase of the example file in STRIPS format.

(define (problemstrips-Iog-x-3)
(:domain | ogistics-strips)

(: objects package9 ... packagel cityld ... cityl truckl4 ... truckl
planed4 ... planel cityl4-3 ... cityl-1 )
(:init (obj package9) ... (obj packagel)
(city cityl4) ... (city cityl)
(truck truck14) ... (truck truckl)
(airplane planed) ... (airplane planel)
(location cityl4-3) ... (location cityl-1)
(airport cityl4-3) ... (airport cityl-3)
(in-city cityl4-3 cityl4) ... (in-city cityl-1 cityl)
(at planed4 cityl0-3) ... (at planel cityll-3)
(at truckl4 cityl4-1) ... (at truckl cityl-1)
(at package9 cityl11-3) ... (at packagel city8-3))

(:goal (and (at package9 cityll-2) (at package5 cityl0-1)
(at package4 cityl3-1))))

Table B.4: The post-flight phase of the example file in STRIPS format.
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(define (problemstrips-1og-x-3)
(:domain | ogistics-strips)
(: objects package9 ... packagel cityld ... cityl
truckl4 ... truckl planed4 ... planel
cityl4d-3 ... cityl-13)
(:init (obj package9) ... (obj packagel)
(city cityl4) ... (city cityl)
(truck truck14) ... (truck truckl)
(airplane planed4) ... (airplane planel)
(location cityl4-3) ... (location cityl-1)
(airport cityl4-3) ... (airport cityl-3)
(in-city cityl4-3 cityl4) ... (in-city cityl-1 cityl)
(at planed cityl0-3) ... (at planel cityll-3)
(at truckl4 cityl4-1) ... (at truckl cityl-1)
(at package9 city4-3) ... (at packagel city8-3))
(:goal (and (at package9 cityll-3) (at package8 city5-3)
(at package7 cityl0-3) (at package5 cityl0-3)
(at package4 cityl3-3) (at package3 cityl-3))))

Table B.5: The in-flight phase of the example file in STRIPS format.
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(define (problemstrips-Iog-x-3)
(:dormain | ogistics-strips)

(:objects package9 ... package4
cityl2 ... city8 city4 cityl truckl1l2 truck9 truck8
truck4 truckl plane4 plane3 plane2 pl anel
cityl2-3 ... cityl2-1 cityll-3 cityl0-3
city9-3 ... city8-1 city4-3 ... city4-1
cityl-3 ... cityl-1)
(:init (obj package9) ... (obj package4)
(city cityl2) ... (city city8) (city city4) (city cityl)

(truck truckl12) (truck truck9) (truck truck8)
(truck truck4) (truck truckl)

(airplane planed4) ... (airplane planel)

(location cityl2-3) ... (location cityl2-1)
(location city9-3) ... (location city8-1)
(location city4-3) ... (location city4-1)

(location cityl-3) ... (location cityl-1)

(location cityl1l-3) (location cityl0-3)

(airport cityl2-3) ... (airport city8-3)

(airport city4-3) (airport cityl-3)

(in-city cityl2-3 cityl2) ... (in-city cityl2-1 city12)
(in-city cityll-3 cityll) (in-city cityl0-3 cityl0)
(in-city city9-3 city9) ... (in-city city9-1 city9)
(in-city city8-3 city8) ... (in-city city8-1 city8)
(in-city city4-3 cityd4) ... (in-city city4-1 city4)
(in-city cityl-3 cityl) ... (in-city cityl-1 cityl)
(at plane4 cityl10-3) ... (at planel cityll-3)

(at truckl1l2 cityl2-1) (at truck9 city9-2)

(at truck8 city8-2) (at truck4 city4-2)

(at truckl cityl-1) (at package9 city4-2)

(at package8 city9-1) (at package7 cityl-2)

(at package6 city9-1) (at package5 cityl2-2)

(at packaged4 city8-1))

(:goal (and (at package9 city4-3) (at package8 city9-3)

(at package7 cityl-3) (at package6 city9-3)
(at package5 cityl2-3) (at package4 city8-3))))

Table B.6: The preflight phase of the example file in STRIPS format aftenitfidte
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(define (problemstrips-Iog-x-3)
(:dormain | ogistics-strips)
(: objects package9 package5 package4 cityl3 cityll cityl0 cityl

truckl13 truckll truckl10 planed4 ... planel
cityl3-3 ... city13-1 cityl1l1-3 ... cityl0-1 cityl-3)

(:init (obj package9) (obj package5) (obj package4)

(:goal

(city cityl3) (city cityll) (city cityl0) (city cityl)
(truck truck13) (truck truckll) (truck trucklO0)

(airplane planed4) ... (airplane planel)
(location cityl13-3) ... (location cityl3-1)
(location cityl1-3) ... (location cityl0-1)

(location cityl-3) (airport cityl3-3) (airport cityll-3)
(airport cityl0-3) (airport cityl-3)

(in-city cityl13-3 cityl3) ... (in-city cityl3-1 city13)
(in-city cityll-3 cityl1ll) ... (in-city cityl0-1 cityl0)
(in-city cityl-3 cityl)

(at planed4 cityl0-3) ... (at planel cityll-3)

(at truck1l3 cityl3-1) (at truckll cityll-1)

(at truckl1O cityl10-1) (at package9 cityll-3)

(at package5 cityl0-3) (at package4 cityl3-3))

(and (at package9 cityll-2) (at package5 cityl0-1)
(at package4d cityl3-1))))

Table B.7: The post-flight phase of the example file in STRIPS format altier- fi

ing.
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(define (problemstrips-1og-x-3)

(:domain |ogistics-strips)

(:objects package9 ... package3 cityl3 ... city8 cityb city4
cityl planed4 ... planel cityl3-3 ... city8-1
cityb-3 ... city4-1 cityl-3 ... cityl-1)

(:init (obj package9) ... (obj package3)

(city cityl3) ... (city city8)

(city cityb) (city cityd4) (city cityl)

(airplane planed) ... (airplane planel)

(location city13-3) ... (location city8-1)

(location city5-3) ... (location city4-1)

(location cityl-3) ... (location cityl-1)

(airport cityl3-3) ... (airport city8-3)

(airport city5-3) (airport city4-3) (airport cityl-3)

(in-city cityl3-3 cityl3) ... (in-city city8-1 city8)

(in-city city5-3 city5) ... (in-city city4-1 city4)

(in-city cityl-3 cityl) ... (in-city cityl-1 cityl)

(at planed cityl0-3) ... (at planel cityll-3)

(at package9 city4-3) (at package8 city9-3)

(at package7 cityl-3) (at package5 cityl2-3)

(at package4 city8-3) (at package3 cityl2-3))

(:goal (and (at package9 cityl1l-3) (at package8 city5-3)

(at package7 cityl0-3) (at package5 cityl0-3)
(at package4 cityl3-3) (at package3d cityl-3))))

Table B.8: The in-flight phase of the example file in STRIPS format afterifitjer
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I Ipreflight
(at plane2 cityl-2)
(at planel city2-2)
(at truck4 city4-1)
(at truckl cityl-1)
(at package3 cityl-1)
(at packagel city4-1))
(:goal (and (at package3 cityl-2)
(at packagel city4-2))))

/I postflight
(at plane2 cityl-2)
(at planel city2-2)
(at truckl cityl-1)
(at package2 cityl-2))
(:goal (and (at package2 cityl-1))))

/1inflight
(at plane2 cityl-2)
(at planel city2-2)
(at packagel city4-2))
(:goal (and (at packagel city3-2))))

Table B.9: The relevant data of a planning problem instance for makirggmo
instances for ALNS-PDPTW.
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Table B.10: The VRP problem instance derived from a coordinated dackd

planning problem instances.
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Appendix C

Graphs

In this chapter, we show the graphs used in Chapter 5 again for detaitiygstth
the exception of the tables and box-and-whisker plots.
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Figure C.1: Figure 5.3(b): The number of movements needed to solve tleabrig
problem instances in Detail.
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Figure C.2: Figure 5.4: A detailed view of the computation time that was needed
to solve the original problem instances.
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Figure C.3: Figure 5.9(a): The effect of decomposition on computation tirtreeof
original problem instances. Negative values mean that the decompasddrpr
instances are solved in less seconds than the original problem instance.
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(a) Figure 5.5(a): The original problem instances.
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(b) Figure 5.5(b): The filtered decomposed problem instances.

Figure C.4: Figure 5.5 upper graphs: The number of movements to findt&osolu
to the problem instances. The upper graphs show the complete problencesta
the lower graphs show the decomposed problem instances, the lefsgghpiv
the unfiltered problem instances, and the right graphs show the filteoddepr
instances.
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(a) Figure 5.5(c): The unfiltered decomposed problem instances.
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(b) Figure 5.5(d): The filtered decomposed problem instances.

Figure C.5: Figure 5.5 lower graphs: The number of movements to find a solutio
to the problem instances. The upper graphs show the complete problencesta
the lower graphs show the decomposed problem instances, the lefsgghpiv
the unfiltered problem instances, and the right graphs show the filteoddepr
instances.
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(a) Figure 5.12(a): The unfiltered complete problem instances.
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(b) Figure 5.12(b): The filtered complete problem instances.

Figure C.6: Figure 5.12 upper graphs: The computation time in secondsadkat w
needed to solve each problem instance. In case of a decomposedrphudtiEnce,

we added the computation time of the in-flight phase to those of the post- and
pre-flight phases.
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(a) Figure 5.12(c): The unfiltered decomposed problem instancebined.
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(b) Figure 5.12(d): The filtered decomposed problem instancesioechb

Figure C.7: Figure 5.12 lower graphs: The computation time in seconds tkat wa
needed to solve each problem instance. In case of a decomposedphudtiEnce,

we added the computation time of the in-flight phase to those of the post- and
pre-flight phases.
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(a) Figure 5.15(a): The unfiltered complete problem instances.
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(b) Figure 5.15(b): The filtered complete problem instances.

Figure C.8: Figure 5.15 upper graphs: The calculated plan quality in theetumb
of move actions from vehicles needed to solve each of the larger prob&amae.
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(a) Figure 5.15(c): The unfiltered decomposed problem instaneekined.
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(b) Figure 5.15(d): The filtered decomposed problem instancesioechb

Figure C.9: Figure 5.15 lower graphs: The calculated plan quality in the numbe
of move actions from vehicles needed to solve each of the larger probitamae.
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(a) Figure 5.16(a): The unfiltered complete problem instances.
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(b) Figure 5.16(b): The filtered complete problem instances.

Figure C.10: Figure 5.16 upper graphs: The computation time in seconidsizga
logarithmic scale.
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(a) Figure 5.16(c): The unfiltered decomposed problem instanecekined.
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(b) Figure 5.16(d): The filtered decomposed problem instancesioechb

Figure C.11: Figure 5.16 lower graphs: The computation time in secondsstigain
logarithmic scale.
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