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ABSTRACT

In the dynamic world we live in, the transportation of people and goods in a reliable, efficient and timely
manner has grown to be more important than ever. Roads and cities are becoming more congested and
the impact of greenhouse gasses can already be observed. The need for controlling transportation systems,
and specifically fleets of vehicles, more efficiently is therefore now higher than ever. Few methods exist in
the literature which utilise historical data to increase the efficiency of dynamic fleets of vehicles. This work
therefore proposes a novel anticipatory insertion method which incorporates a set of predicted requests to
beneficially adjust the routes of a fleet of vehicles, in real-time. This set of predicted requests is derived, in
advance, from historical data by clustering comparable requests and predicting similar requests when as-
sumed patterns in their occurrence are present. This method is combined with a developed dynamic vehicle
routing solver which makes use of a range of heuristics and adaptive large neighbourhood search. The pro-
posed method is evaluated using numerical simulations on a range of real-world problem instances with up
to 1.655 requests per day. These instances represent dynamic multi-depot capacitated pickup and deliver
vehicle routing problems with time windows. The method is compared with several other approaches and
in order to quantify the added value of making use of historical data, the method is benchmarked against
a comparable reactive approach which also makes use of adaptive large neighbourhood search. It is shown
that, by making use of the proposed method, on average, 4,58% less distance is required to be travelled by a
fleet vehicles while additionally 3,35% fewer vehicles are required to fulfil the same set of requests.
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INTRODUCTION

In an ever more dynamic world the transportation of people and goods in a reliable, ef cient and timely
manner has grown to be more important than ever. Logistics has become the backbone of manufacturing,
food, e-commerce and public transportation industries. As a result expenditures on transportation activities
have risen with economic growth, passing over 1426 billion dollars in 2012, in the United States alone [1].

Due to the scale of these operations, suppliers and distributors have recognised the importance of ef -
cient distribution strategies in order to reduce operational cost and increase the level of service to customers.

Simultaneously, numerous technological advances in the eld of communication and information pro-
cessing have been made which have the potential to bene tthe transportation industry. Especially, the ability
to quickly process vast quantities of data, real-time wireless communication and the tracking of assets using
the global positioning system (GPS) have enabled coordinated real-time transportation. Mainly due to these
technological advances the transportation industry and speci cally urban transportation are going through
rapid and signi cant changes.

First of all an explosive growth of on-demand transportation of passengers, performed by for example
Uber, Lyft and Grab, can be observed across the globe. These services try to use the mentioned technologies
to their full potential and are creating a connected and more centrally controlled transportation network. By
using such networks they are able to control their eets of vehicles more ef ciently while offering a higher
level of service to customers as compared to their (more traditional) competitors.

Second, e-commerce sales have doubled [2] over the past ve years which demands far more from parcel
delivery and courier express service providers within cities. This increased demand does not only consists
of additional volume but a trend towards tighter and same-day delivery time windows can also be observed.
In addition to this a variety of meal and grocery delivery services have been introduced during recent years,
both increasing the number of eets of vehicles inside and around cities even further.

Finally, even though the increase in transportation has offered many comforts, a signi cant price is also
being payed. For example, the cost of traf c congestion in the United States alone is estimated at 300 billion
dollar per year [3]. Furthermore, one third ofall CO , gassesis released in traf c and transport, whereof 80% by
vehicles [4]. Without a doubt it can therefore be concluded that controlling eets of vehicles more ef ciently
is a topic which has many relatively new applications, is under active development but above all appears to
be a necessity in and around ever more congested cities worldwide.

1.1. RESEARCHOBJECTIVE

The objective of this work is therefore to develop an algorithm which is able to more ef ciently control a
eet of vehicles in a situation where additional customers may request service while vehicles are already
driving. The focus is on improving the ef ciency of the eet of vehicles by making use of historical data. The
primary performance indicator while doing this is the total distance travelled by all vehicles while ful lling
all requests. Furthermore, for wide applicability, the focus is on being able to handle relatively large arbitrary
problem instances. Speci cally, the evaluated instances represent dynamic multi-depot capacitated pickup
and deliver vehicle routing problems with time windows of multiple hours. Two clear goals are identi ed:

« Determine how a state of the art reactive approach performs on large dynamic real-world problem
instances.
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« Determine if historical data can be used to improve upon a purely reactive approach when solving large
dynamic real-world problem instances.

1.2. CONTRIBUTIONS

The contributions presented in this work are related to a new developed method for anticipatory routing.
Four contributions can be identi ed, namely:

« A method, based on anticipatory insertion, is proposed which does not rely on assumed arrival proba-
bilities of future requests but instead derives a set of predicted requests purely from historical data.

e The proposed method is evaluated on real-world problem instances with up to 1.655 requests per day.
These instances are multiple times larger than the instances which are generally solved in the literature
related to anticipatory routing.

» The added value of including historical data using the proposed method is quanti ed and put into
perspective by comparing it with a dynamic state of the art reactive method and comparable static full
information approach.

« Itis shown that, by making use of historical data and the proposed method, the comparable state of the
art reactive approach can be outperformed on large real-world problem instances without any detri-
mental side effects.

1.3. CHAPTER OVERVIEW

This work is composed as follows. First, in Chapter 2 an overview of the existing related literature is presented.
Chapter 3 formally describes the problem in mathematical terms and gives an overview of the proposed
method. In Chapter 4, a method for predicting requests based on a set of historical requests is presented.
In Chapter 5 it is described how the set of predicted requests can be incorporated into a dynamic vehicle
routing problem. In Chapter 6 the design of a developed vehicle routing solver, which makes use of heuris-
tics, is described. In Chapter 7 the proposed method is evaluated and compared to several other optimisation
approaches. Finally, in Chapter 8 conclusions and recommendations for future work are presented.



RELATED WORK

In this chapter related work is presented in three different sections. First litature related to the Vehicle Routing
Problem (VRP) is introduced in Section 2.1. Then, several concepts related to the Dynamic Vehicle Routing
Problem are covered in Section 2.2. Finally, literature related to anticipatory routing is covered in Section 2.3.

2.1. VEHICLE ROUTING PROBLEM
The goal of the Vehicle Routing Problem (VRP) is to determine the set of routes for a eet of vehicles to opti-
mally serve a set of customers. This problem was rstintroduced by Dantzig and Ramser in 1959 to improve
the delivery of petrol to gas-stations [5]. Now, over 50 years later, the problem is one of the most researched
combinatorial optimisation problems with countless variations

The vehicle routing problem is a generalisation of the Travelling Salesman Problem (TSP) which was for-
mulated by the Irish mathematician W.R. Hamilton in the 1800s. The goal of the TSP is to nd the shortest
possible route along a given set of cities with known distances between them. Each city can only be passed
once and the route should end at the same city from which it started. An instance of a TSP can be seen in
Figure 2.1.

(a) Input of the problem (b) The solution

Figure 2.1: An instance of a Travelling Salesman Problem
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2.1.1. PROBLEM VARIATIONS

The VRP has numerous variations, amongst others, the Capacitated Vehicle Routing Problem, the Vehicle
Routing Problem with Time Windows and the Pickup and Delivery Vehicle Routing Problem. These variations
are brie y described below.

CAPACITATED VEHICLES

The Capacitated Vehicle Routing Problem (CVRP) is the most researched variation of the vehicle routing
problem [6]. This variation poses a capacity constraint on the vehicles that have to serve customers. This
constraint is either modelled as a nite amount of customers that a single vehicle can visit or as a maximum
amount of load that it can carry at any point during its route execution. Furthermore, it assumes the presence

of a depot from which vehicles start and return to. Also, itis assumed that the eet of vehicles is homogeneous
or in others words, that vehicles all have the same capacity. Two ways to model the problem have recently
been presented by Borcinova [7]. In Section 3.1 the problem de nition used in this work, which contains
capacitated vehicles, is presented.

TIME WINDOWS

The Vehicle Routing Problem with Time Windows (VRPTW) includes time windows which stem from the
fact that customers impose deadlines on earliest and latest service [6]. These constraints add a temporal
scheduling aspect to the, generally only spatial, vehicle routing problem. Because of this extra dimension
the problem complexity also increases. Numerous variations of time constrained vehicle routing problems
exist in literature. Amongst these variations, an important distinction can be made in the "hardness" of the
time windows. Hard time windows can, under no circumstance, be violated whereas soft time windows can
often be violated at the cost of a certain penalty. Regardless of hardness, time constraints at any location i
are generally de ned by an earliest start of service e; and latest start of service |; [8]. Furthermore, generally,
a restriction is also posed on the total route duration of a vehicle  k by a certain maximum allowable duration
Tk. For more on time window constrained routing and scheduling problems the reader is referred to an
extensive survey by Solomon and Desrosiers [8]. The problem de nition, presented in Section 3.1, states that
both customers and vehicles have limited availability caused by time windows.

PickuP AND DELIVERY

The Pickup and Delivery Vehicle Routing Problem (PDVRP) expands on the "regular" CVRP by allowing pick-
ups to occur at other locations than at a single depot [6]. This generally means capacity constraints can be
met more easily as not all load is required to be present in the vehicle at the start of a route. However, it
should be noted that, a pickup should always occur before its corresponding delivery as the load is required
to be in the vehicle. The problem de nition, presented in Section 3.1, describes requests wich consist of both
a pickup and deliver task.

2.1.2. PROBLEM COMPLEXITY

The TSP has been categorised as an NP-hard problem [9]. This means it is highly unlikely that instances of
this problem can be solved within polynomial time (polynomial in the size of the problem instance). Further-
more, the TSP can be seen as a variation of the more general CVRP. This because when the vehicle capacity
is set suf ciently large the CVRP is in essence equal to the TSP [5]. As a result the CVRP belongs to the same
category of problem complexity. In addition to this, Savelsbergh [10] showed that when time windows are in-
troduced the complexity increases even further. It was proven that even nding a feasible solution for a TSP
with time windows is an NP-complete problem in itself. Because of this exact algorithms are rarely able to
solve problem instances with more than a few dozen or hundreds of customers and vehicles (depending on
the problem variation) [11]. Therefore, heuristics are often used to solve larger real-world (or rich) problem
instances. These and other solution methods are described in the following Section 2.1.3.

2.1.3. SOLUTION METHODS

Several categories of solution methods exist for most variations of the vehicle routing problem. A clear sep-
aration between four kinds of methods can be identi ed. This is the separation between exact methods,
classical heuristics, meta-heuristics and neural networks. These categories of methods are be covered below.

EXACT METHODS
Exact solution methods distinct themselves by the ability to nd the provable optimal solution to an optimi-
sation problem. The downside of these kinds of methods is that they generally do not scale well. This means
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even for medium sized problems (containing several hundreds of customers) the required computation time
increases drastically and is generally not acceptable in real-world applications. To illustrate this, Pecin et.
al [12] recently have shown that even with a start of the art branch and bound based method, often several
hours are required to solve problems containing only 360 customers.

However, it is worth mentioning that, when faced with the appropriate problem, results on large problem
instances may still be obtained within a small amount of computation time when using exact methods. For
example in ride-sharing for passenger transport often very tight time constraints need to be met. Because of
these constraints the number of possible solutions is severely reduced. By making use of this fact Alonso et. al
[13] have shown to be able to solve instances with hundreds of requests within seconds using exact methods.
For more on exact methods for solving vehicle routing problems the reader is referred to several extensive
surveys written by Laporte et al. [14, 15].

CLASSICALHEURISTICS

A heuristic can be de ned as an approach to solve a certain problem by using a practical method which is
not guaranteed to yield an optimal solution but is suf cient for reaching an immediate goal. In vehicle rout-
ing research this immediate goal is often nding the best possible solution, according to a certain objective,
within a given amount of computation time. Heuristics distinct themselves by the ability to do this for rela-
tively large instances of rich problem variations. The downside of these methods however is that an optimal
solution cannot be guaranteed.

According to Laporte et al. [16] and a more recent review paper by Braekers et al. [17] classical heuristics
have the distinctive property that they do not allow the intermediate deterioration of the solution during the
process of nding a better solution. Classical heuristics can roughly be separated into construction heuristics
and local search heuristics. In this section these heuristics are presented in way speci cally for the problem
variation described in Section 3.1. However they are, in general, also applicable to solving other variations of
the vehicle routing problem.

Construction heuristics are used to create an initial solution to a vehicle routing problem. The goal of
every construction heuristic is therefore to insert unscheduled requests into an existing (empty) solution.
The process and cost of adding a request into an existing route is visualised in Figure 2.2.

The most famous construction heuristic is the Clarke and Wright Savings heuristic [18]. The Clarke and
Wright Savings heuristics works by inserting each request into its own route and then sequentially combining
routes which result in the largest saving in the primary objective (often the total distance travelled). Also the
sequential and parallel cheapest insertion heuristics [19] are often used. The sequential cheapest insertion
heuristic works by computing all insertion possibilities for a request into a single solution and then realising
the possibility which results in the smallest increase in the primary objective. The parallel cheapestinsertion
heuristic expands on this by computing all possibilities for all unscheduled requests and thus, besides choos-
ing the 'cheapest' possibility, also chooses the ‘cheapest' request to insert rst. The regret insertion heuristic
again expands on the parallel cheapest insertion heuristic by computing, for each request, the possible in-
crease in insertion cost (the regret of not inserting it right away) and bases the order by which requests are
inserted on this metric [20].

Figure 2.2: Process and cost of inserting a request into an existing route
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Figure 2.3: Process and cost of removing a request from an existing route

Local Search (LS) operators perform relatively simple actions in an attempt to improve the quality of a
solution. Some of the most widely used LS methods are the shift, rearrange, 2-opt and exchange operators
[21]. How these operators work has been visualised in Figures 2.4 - 2.7. For more on local search heuristics
and their implementation we refer the reader to a survey by Groér et al. [22].

Figure 2.4: Example of the effect of the shift local search operator on existing routes

Figure 2.5: Example of the effect of the rearrange local search operator on an existing route
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Figure 2.6: Example of the effect of the exchange local search operator on two existing routes

Figure 2.7: Example of the effect of the 2-opt local search operator on an existing route

META-H EURISTICS

Meta-heuristics form a different category of solution methods which, generally, make use of classical heuris-
tics. They are in essence higher-level methods which try to select certain classical heuristics that are able to
provide a good solution to the problem at hand. In an attempt to improve on a single heuristic and to achieve
the best results both in terms of solution quality and computation time, generally, multiple heuristics are
used. Several ways to do this have been developed over the past decades.

Simulated Annealing (SA) is an optimisation method inspired by the annealing of metals [23]. In material
science this is a technique which basically encompasses the heating of a metal after which it is slowly cooled
back down. During the heating process molecules are able to reorder or re-orientate themselves which in-
creases the size of the crystalline structures in the material. This is generally seen as improvement of the
quality of the material. While cooling it back down, the molecules slowly become xed and the new (better)
material structure persists. In optimisation the solution is analogue to the molecules of the material. Clas-
sical heuristics or a set of mathematical operations represents the heat which is used to alter the solution
(or the molecules). Furthermore the value of the temperature is analogue to the degree by which solutions
with deteriorating performance are accepted. Therefore, the higher the temperature the more likely it is that
these sets of operations which result in solutions with a worse objective value are accepted. This, initially
high, decaying probability of the acceptance of worse solutions yields a minima-escaping behaviour which
will eventually converge to a (local) optimum as the temperature decreases.

Tabu Search (TS) is a meta-heuristic which was developed by the mathematician Fred. W. Glover [24].
It also builds upon classical heuristics as it uses them to modify a provided initial solution. However, it dif-
ferentiates itself from LS methods in two ways. First of all, it allows for worsening solutions to be accepted
when no improvement can be found. Secondly, from where it lends it name, it remembers previously visited
solutions and marks these as a tabu. This basically means it prevents itself from visiting these solutions again.
With these two properties TS is able to remember and escape previously visited local minima. For more on
TS and several examples of implementations for dynamic vehicle routing the reader is referred to an article
by Branchini et al. [25].
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Genetic Algorithms (GA) are meta-heuristics inspired by the process of natural selection. They originate
from the work done by the American psychology professor John Holland [26]. These methods basically con-
sists of three parts, namely: initialisation, selection and reproduction. During the rst step a set of solutions
is (randomly) generated. These solutions form the initial population. Then each solution is rated using a
certain tness function. In vehicle routing this might be the total distance travelled by all vehicles. Now, as
happens in natural selection, only the best performing solutions survive (or are chosen) during the selection
step. Using the obtained subset, new solutions are generated by combining parts of the different remaining
solutions and adding some random permutations (as also happens with genomes in nature). The selection
and reproduction steps are then repeated until a certain prede ned stopping criterion is reached. For more
on GA and their application to vehicle routing the reader is referred to an article by Hanshar and Ombuki-
Berman [27].

Large Neighbourhood Search (LNS) is a meta-heuristic which was introduced by Shaw in 1997 [28]. As the
name suggests this method tries to increase the search neighbourhood as compared to LS methods. It does
this by relaxing a certain part of the decision variables in the solution when no further improvements can
be found. This basically means that a certain part of the solution remains the same and the other part may
completely be changed. This new problem is then re-optimised. When a better solution is found the process
restarts. When the solution did not improve the method reverts back to the best known solution and selects
a new neighbourhood to modify.

Some of the best results for vehicle routing problems, in terms of quality of the obtained solutions, have
been found using a kind of LNS called Ruin & Recreate (R&R). To illustrate, in the year 2000 Schrimpf et. al [29]
broke several records by combining a R&R approach with SA. A year later Li and Lim [30] introduced sets of
PDPTW instances which they solved using a method which combined LS, SA and TS but did not make use of
R&R. Since then records on these instances have been broken multiple times by methods which do make use
of R&R. First notably in 2004 by Ropke and Pisinger [19] by using a R&R method which makes use of multiple
removal and construction heuristics and a variable search neighbourhood. Then, again in 2006 by Bent and
Van Hentenryck, [31] by combining LNS and SA. Finally, in 2016 and 2019, Christiaens and Berghe [32, 33]
have shown to be able break almost every record by implementing a range of heuristics and introducing a
new kind of removal method called string-removal.

NEURAL NETWORKS

During recent years, neural networks, belonging to the eld of research called machine-learning, have re-
ceived a lot of attention. Primarily because they have outperformed classic approaches in speech recogni-
tion, machine translation and image captioning [34]. A unique property of this category of methods is that

it imposes and requires little to no structure of the problem at hand. Instead this method tries to learn it by
itself. This has both advantages and disadvantages. Advantages are that the learning process itself requires
little human interaction and that it is almost instantaneous in run-time. Disadvantages are that it can be hard

to "mold" the data in to a format which can be used to traina  neural network and that the learning process
requires a lot of computation power. Furthermore, for vehicle routing, in terms of solution quality it does
not seem to rival with conventional solution methods. However, a recent preprint by Kool et al. does show
promising results in terms of solving a TSP with up to a 100 nodes [35].

2.2. DYNAMIC VEHICLE ROUTING

The Dynamic Vehicle Routing Problem (DVRP) is a variation of the vehicle routing problem which has re-
ceived considerably more attention over the last three decades [36]. In contrary to static variations the dy-
namic vehicle routing problem tries to adapt to changing conditions (which in reality often happen every
day). Since the rst paper by Wilson and Colvin [37] numerous problem variations and solutions methods
have been developed to handle all kinds of problems. This work focuses on additional customers requesting
service vehicles are driving. Several concepts related to the DVRP are covered below.

2.2.1. DEGREE OFDYNAMISM

Dynamic vehicle routing problems can be classi ed according to a widely accepted measure, namely the
Degree of Dynamism (DOD). This measure is the number of initially unknown or immediate requests Nimm
as a fraction of the total number of requests nqo; [38, 39]. The Effective Degree of Dynamism (eDOD) expands
on this de nition by taking into account how far ahead information becomes known before it should be acted

upon [39, 40]. In this de nition the time each immediate request becomes known is denoted as tj and the
entire planning horizon stretches from [0, T]. The eDOD is then de ned as denoted by Equation 2.1.
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P i
eDOD A& T (2.1)
Ntot
For problems with time windows the eDOD can be expanded to the eDODyy, by de ning the available
response time r; as a fraction of of the planning horizon. The response timeisdenedas  r; A&l j ti. Here |;
is the end of the time window. The eDODy,, is then de ned as denoted by Equation 2.2.
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2.2.2. PERFORMANCE EVALUATION

The performance of solution methods for DVRP's can be evaluated using competitive analysis. This method
was rstintroduced by Sleator and Tarjan [41]. In this method, online algorithm performance is evaluated by
comparing it to the performance of an of ine algorithm which directly has all information available. More
formally, let P be a minimisation problemand Sa set of instances of P. Let ¢® (I o) be the optimal cost for the
of ine instance |44 which holds for | 2 S. In creating a solution for | o4 all dynamic and stochastic information
is available. This in contrary to an algorithm A used for DVRP's to which this information is revealed in real-
time. Furthermore, let xa(l) be the nal solution to instance |, generated by this algorithm A. Then, similar
to the optimal cost, the cost to this solution can be de nedas  ca(l) £c(xa(l)). Now, the competitive ratio ¢ ,
of an algorithm A is de ned by Equation 2.3 [39].

cal(l
c EA( ) 125 (2.3)
c®(loff)
This ratio basically quanti es the loss of ef ciency stemming from the fact there is not full information.
It is worth mentioning that this ratio requires the optimal solution c” (1 4¢f) which is therefore required to be

solved using an exact method. This renders comparison impossible for many real-life instances as these are
generally unsolvable using these methods.

To overcome this problem, often, a slightly modi ed ratio is used namely the ratio of value of information
Va(l). This ratio is de ned as stated in Equation 2.4.

ca()i callof)
calloff)
This ratio, expressed as a percentage, describes the relative loss in solution quality as compared to the in-
stance which had all information available from the start. In this work competitive analysis is used in Chapter
7 for the evaluation of the proposed method.

Va(l) £ 100 8 12S (2.4)

2.2.3. SOLUTION METHODS

A wide range of solution methods, ranging from linear programming techniques to meta-heuristics, as cov-
ered in Section 2.1.3, are used in the literature to solve DVRP's. [42—45]. However, depending on the degree of
dynamism, maximum allowable computation time and scale of the problem instance certain methods might

be more suitable than others. Unfortunately, no de nitive conclusions have previously be drawn regard-
ing an optimal solution method for certain problems. It can however, be stated that when dealing with large,
loosely constrained problem instances which have to be solved within a limited amount of computation time,
heuristics might be more suitable as compared to exact methods.

2.3. ANTICIPATORY ROUTING

Anticipatory routing describes a eld of research related to the VRP where an attempt is made to anticipate
additional requests and routes are adjusted according to the expectation. Three categories of methods are
identi ed in the literature, namely anticipatory insertion, the multiple scenario approach and waiting- and
relocation strategies. The three categories are described in the following subsections.

2.3.1. ANTICIPATORY INSERTION
The idea of anticipatory insertion is to change routes in advance by incorporating a representation of ex-
pected requests that will become known in the future.
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An example is the method proposed by Hemert and La Poutre [46] which de nes regions where requests
are likely to occur as fruitful regions . By selectively routing vehicles trough these regions they modify existing
routes and end up with different solution as compared to not doing this. They show that by using this method
they are able to improve upon a purely reactive approach. It worth mentioning that their problem instances
are constructed in such a way that they indeed contain  fruitful regions , which their method is speci cally
designed to work on. Furthermore, additional requests are also assumed to arrive according to the same
distribution which is used by their method to assess which regions should be routed through. Finally, for
optimisation, they use a GA which solely makes use of an exchange LS operator for the mutation of solutions.

A slightly different method is proposed by Ghiani et al. [43]. They propose sampling requests from an
assumed future arrival distribution and than adding these sampled requests to the current problem de ni-
tion. This problem is then solved. Where additional requests should then be inserted is based on the solution
which includes the sampled requests instead of on the one which does not. For optimisation they use se-
guential cheapest insertion and the shift and rearrange LS operators. They report "dramatic" improvements
upon a purely reactive approach on synthesised problem instances with up to 300 customers. Finally it is
worth mentioning that they "have assumed that the requests arrive according to a known stochastic process"
and that "Future work should be aimed at verifying how robust our approach is whereas demand sampling is
based on an approximation of the arrival process".

2.3.2. MULTIPLE SCENARIO APPROACH

The Multiple Scenario Approach (MSA) is a method proposed by Bent and Van Hentenryck [47] which ex-
pands upon anticipatory insertion methods. They propose a method which creates different scenarios by
sampling requests from an assumed future arrival distribution multiple times. In each scenario a different set
of requests is assumed to arrive in the (near) future and is added to the problem de nition. These scenar-

ios are then seperatly optimised in parallel. When an additional request arrives, the best insertion location
within all scenarios is determined. The insertion location which is best most frequently, amongst 50 scenar-

ios (according to a consensus function), is then chosen. For optimisation they make use of an unspeci ed
local search method. On synthesised problem instances with up to 100 customers they report "dramatic" im-
provements upon purely reactive approaches. It is worth mentioning that, in obtaining these results, again

the actual arrival distributions of future requests are used by the proposed method.

More recently Ghiani et al. [48] compared the performance of anticipatory insertion to the multiple sce-
nario approach in solving the dynamic and stochastic TSP. They concluded that anticipatory insertion offers
comparable performance to MSA while requiring less computational resources.

Finally, Saint-Guillain et al. [49] expand on the MSA with their Global Stochastic Assessment (GSA) ap-
proach which, instead of computing a set of solutions, creates a single solution which best suits all scenarios.
They conclude that this method produces competitive results with respect to MSA. However they also report
that their stochastic evaluation over 150 scenarios is approximately 10 2 more expensive (in terms of required
computational resources) as their reactive approach which makes use of LS and SA.

2.3.3. WAITING - AND RELOCATION STRATEGIES
The idea of waiting strategies is to let vehicle wait at certain locations when it is estimated that additional re-
guests will be made known near the current location of the vehicle. In such a situation it may be more appro-
priate to idle for a certain amount of time than to move away from the speci c location and having to return to
it at a later time. Thomas [50] shows that in a single vehicle case, on instances with up to 50 customers, wait-
ing strategies which make use of stochastic information can improve upon strategies which do not. Branke
et al. [51] show, that for the one and two vehicle case and instances with up to 200 customers, making use of
the appropriate waiting strategy can signi cantly increase the probability of being able to service additional
customers while, at the same time, reducing the average required detour for servicing customers. Ichoua et
al. [44] show comparable results on relatively larger problem instances with up to 6 vehicles and 200 cus-
tomers. To determine the waiting locations they segment space and time into cubes which each receive their
own Poisson arrival distribution. When the probability of arrival within a cube is high enough, and vehicle
currently resides within this cube, a "dummy" customer is generated which forces the vehicle to wait at that
speci ¢ location. For optimisation they make use of TS which makes use of the cross exchange LS operator
for the modi cation of existing solutions. They show a reactive approach can be improved upon, especially in
the case of "critical" situations involving a small eet size and high requests arrival rates. Finally, in obtaining
these results, again the actual arrival distributions of future requests are used by the proposed method.

The idea of relocation strategies is to move vehicle to locations where requests are expected and no ve-
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hicles are available. These strategies are used in urgent problem contexts (where time windows are narrow),
often to be able to service more customers as compared to not using them. Given that relocation causes ad-
ditional distance to be travelled, employing this strategy often works contradictory to reducing operational
cost. These strategies nd their origin in ambulance dispatching. A variety of ambulance dispatching and
relocation methods are covered by Andersson and Varbrand [52]. More recently, these methods have also
found applications in other problem contexts such as the rebalancing of empty taxi's to be able to better ser-
vice future demand [53]. It is worth mentioning that, for relocation, the method requires vehicles to be idle.
Depending on the length of time windows of requests this may or may not ever happen.






PRELIMINARIES

In this preliminary chapter the solved problem is formulated in mathematical terms in Section 3.1. Further-
more, an overview of the proposed method is presented in Section 3.2.

3.1. PROBLEM DEFINITION

In this section the de nition of the problem that is solved is covered. This is done in two parts. First, the
static problem de nition is described in Section 3.1.1. Second, the actual problem, the dynamic problem, is
described in Section 3.1.2 by making use of the static problem de nition.

3.1.1. STATIC PROBLEM
Formally, the static problem can be de ned as follows. Let G A&(N, A) be a directed graph where A de nes a
setofarcsand N ZEP[ D[ S[ E de nes asetof nodes. Let P de ne a set of pickup nodes, D de ne a setofthe
corresponding deliver nodes, Sde nes a set of vehicle starting nodes and E de ne a set of vehicle end nodes.
Furthermore, R de nes a set of requests of length n where each request r; is de ned by the pickup node
N; and deliver node Npa;i. Each pickup node N; has an associated positive load g; which should be picked
up at that node. This load is required to be delivered to its corresponding deliver node NnAi which means its
associated load g, Aj has the same value, only negative. All pickup and deliver nodes also have a nhon-negative
service duration d; which de nes for how long a vehicle should stay at node  N; before it is considered to be
serviced. The service of each node N; should start within a uniquely con gurable time window starting at
e and ending at |;. Let V de ne a set of vehicles of length m where each vehicle V| should start its route at
starting node Nopak (Or Sk) and end its route at end node NonamAk (Or Ex). Furthermore each vehicle Vg has
a limited capacity equal to Q. Indirectly, each vehicle Vi also has a time window during which it is able to
service pickup and deliver nodes. This time window is de ned by the time windows of the start and end node
of the route. More speci cally, vehicles may only depart from their starting node Nonik (or Sy) after atime
eonAk and should be at their end node before atime |,,amAk (Or Ex). Lastly, allarcsin Afrom node N; to node
N; are de ned by an associated travel cost ¢j; and travel time t; ;.

The objective of the problem is to nd a circuit, of minimal travelling cost, servicing all pickup and de-
liver nodes while meeting all constraints. The problem, using a three-index vehicle ow formulation, can be
de ned as denoted by Equation 3.1. In this formulation all symbols are de ned as listed in Table 3.1.

The objective function denoted by Equation 3.1a calculates the total travelling cost. The total travelling
cost is a summation over the routing cost of all possible arcs multiplied by a corresponding binary variable
xi'"j which indicates whether the arc is traversed or not. Speci cally, the set of binary variables xi'"j (i2N,j2
N,k 2 K) indicate which arcs from node N; to node N;j are performed by each vehicle V. This objective
function is subject to multiple constraints to ensure the problem de nition is obeyed.

The rst set of constraints 3.1b ensures that the set of variables xikj can only be binary. Constraints 3.1c

ensure that all arcs have different starting and end nodes. Constraints 3.1d ensure that each pickup is serviced
a single time by a single vehicle. Constraints 3.1e ensure that each individual pickup and deliver node have
as many arcs towards it as there are arcs originating from it. Constraints 3.1f ensure that the number of arcs
originating from a deliver node by a vehicle is equal to the number of arcs originating from its corresponding
pickup node by that same vehicle. Together constraints 3.1d, 3.1e and 3.1f ensure that each pickup is assigned
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to a single vehicle, that the corresponding deliver is assigned to the same vehicle and that continuous routes

are formed.

Constraints 3.1g ensure that the starting node for each vehicle can only be serviced by its appropriate
vehicle. Similarly, constraints 3.1h ensure that the end node for each vehicle can only be serviced by its
appropriate vehicle. Constraints 3.1i, 3.1j ensure that a single arc originates from each start node and no arcs
go towards them, forcing them to be the starting node for each route. Similarly, constraints 3.1k, 3.1l ensure
that a single arc goes towards each end node and no arcs originate from them, forcing them to be the end

node for each route.

Constraints 3.1m ensures that the time between the start of service of two nodes, when an arc occurs, is
at least equal to the travelling time between the two nodes and the service duration of the rst node. These
constraints also ensure subtours are eliminated. Constraints 3.1n ensures that each pickup node is serviced
before its corresponding deliver node. Constraints 3.10 ensure that the start of service for each node is within
its de ned time window. Constraints 3.1p ensure that the load on board of each vehicle after servicing a node
is at least equal to the load it had on board at the previous node plus the load of the node it just serviced.
Together with constraints 3.1q this ensures that the upper and lower bounds on the capacity of each vehicle

are not exceeded.

This three-index vehicle ow formulation is basically the same as described by Laporte and Cordeau [54],
however additionally, this formulation allows vehicles to have unique start and end locations, different from

a single depot.

Finally, it is worth mentioning that even though this problem formulation can be used in conjunction
with one of many available mixed-integer programming solvers, a solution method based on heuristics will
be used during the evaluation in Section 7. This is because exact methods do not scale as has been described
in Section 2.1.3. The latter means that this formulation is merely used as a way to convey the speci cs of the

static problem.
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Table 3.1: Symbols used in the vehicle ow formulation

Symbol Description

\Y, Set of vehicles

Vi Vehicle in set V

m Number of vehicles in set V

Qxk Capacity of vehicle Vy

G Undirected graph consisting of nodes N and arcs A

N Set of nodes in graph G

R Set of requests

R Requestin set R

n Number of requests in set R

P Subset of N containing all nodes where a load needs to be picked up

D Subset of N containing all nodes where a load needs to be delivered to

S Subset of N containing a single starting node for each vehiclein V.

E Subset of N containing a single end node for each vehiclein V.

N Node inset N

xi'"j Boolean which indicates the presence of an arc in the solution fromnode  N; tonode N; performed by

vehicle Vi
A Setofarcs from nodes N; to nodes N; ingraph G which are represented by their associated routing cost
¢ j and travel time t; ;

gi Load being picked up or delivered at node N;

di Non-negative service duration at node N;

Ci i Travel cost from node N; to node Nj

tj j Travel time from node N; to node N;

g Earliest starting time at which service may start at node N;

I Latest starting time at which service may start at node  N;

[e,1i] Time window for start of service at node N;

Bik Time at which vehicle k started servicing node N;

Qf Load of vehicle Vy after servicing node N;

Ki Time at which request i becomes known

S Solution

Rs Set of scheduled requests in solution S

ns A Rsj Number of scheduled requests

lis Requesti from set of scheduled requests

Rus Set of unscheduled requests

nus £ Rysj | Number of unscheduled requests

lius Requesti from set of unscheduled requests

w Set of routes

W Route belonging to set W ful lled by vehicle k

Zy Sequence of tasks (or nodes) ful lled by route  wy

7 E K] Number of tasks (or nodes) ful lled by route  w

2y Task at position | in sequence Z ful lled by route  w/

es| Earliest possible start of task at position | in sequence Z ful lled by route  wy

Isk | Latest possible start of task at position | in sequence Z, ful lled by route  w

T Time

Ra Dynamic stream of additional requests that are made known at a certain time

R¢ Dynamic stream of requests that are (being) ful lled at a certain time

3.1.2. DYNAMIC PROBLEM

The static problem described in Section 3.1.1 becomes dynamic with the introduction of, for each request, a
time k; at which the request becomes known and a time dimension along which these events occur. While
progressing along this time dimension, because of the time at which requests become known, the set of re-
quests R will become larger. This means the previously described static problem de nition will change at
discrete time events. Because of this, many updated static problem variations are required to be solved con-

secutively.

Furthermore, while the time T progresses, the time window during which a vehicle is available may start.
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It may also happen that, as a result of solving a previous static problem variation, a solution is found where
this vehicle is required to service several nodes. This means that a vehicle may already be driving around and
may already have started servicing nodes. It is assumed that once service has started, it can not be undone
(oritis not ef cient to do so). This means that while time progresses and nodes are being serviced, additional
constraints are being put on the solutions of future static problem de nitions based on the solutions which
were previously obtained and are being executed.

More speci cally, the presence of an arc ( xi'"]. A1) within future solutions is required when a vehicle has

already started servicing the node the arc is going towards (thusif T , BJK). Furthermore it is also assumed
that once a vehicle has started driving towards a node, the arc towards that node is also required to be present
(thusif T, Bjk i tj,j). Given that requests consist of both a pickup and a deliver task which are required to
be serviced by the same vehicle, an arc towards the deliver node is also required to occur, when a vehicle
is constrained to service the corresponding pickup task. However, because of the structure of the problem
formulation listed in Equation 3.1, this constraint will be met when an arc towards the pickup node is required

to be present.

Because of the effects described in the previous two paragraphs, the structure of the dynamic problem,
regardless of the used solution method, is as visualised in Figure 3.1. In this visualisation it can be seen that
time acts upon the world. As time progresses additional requests ( Ry) become known. Furthermore, as time
progresses, vehicles are driving, which at discrete time events generates requests that are being ful lled (  Ry).
These vehicles do this based on a previous solution ( S) which is created using a solution method (or solver).
Based on the two information streams and the previous solution a new solution is required to be continuously
generated.

Figure 3.1: Dynamic problem structure

3.2. METHOD OVERVIEW
The related work presented in Chapter 2 shows that:

« Presented methods which incorporate historical data often require a signi cant amount of computa-
tional resources and have therefore only been evaluated on instances with up to 300 customers (and
are generally evaluated on problem instances with up to 100 customers) [43, 46—49].

* Instead of deriving an arrival probability for additional requests from historical data, often additional
requests are generated based on an assumed arrival probability which is also made available to the
used method [43, 46—49]. This is not possible in any real-world application.

 Solving large instances of VRP's, with arbitrary time window lengths, to optimality, is currently not pos-
sible. However, using heuristics and a large amount of computational resources, relatively good results
can be obtained [19, 29, 31, 32, 55].

» Presented methods which incorporate historical data often use a relatively small set of heuristics as
compared to the state of the art in static and dynamic vehicle routing [43, 46—49].

In order to improve upon the current state to the art for solving large dynamic real-world problem in-
stances, while making use of historical data, we propose to:

» Develop an anticipatory insertion method which only makes use of a single representation of reality
and solely relies on historical data as input.
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 Develop a dynamic vehicle routing solver which makes use of variable large neighbourhood search, a
state of the art method for solving vehicle routing problems.

Speci cally, the proposed method for improving upon a purely reactive approach consists of two parts.
First, based on historical data, a representation for a set of requests which are predicted to occur later is
created in advance. Second, using this representation, the solution of the DVRP is adjusted so that requests
which actually appear later can be serviced more ef ciently when they become known. How these two parts
affect the dynamic problem structure shown in Figure 3.1 is visualised in Figure 3.2. The two parts, creating
the representation (predicting requests) and adjusting the solution (incorporating predicted requests) are
covered in Chapters 4 and 5. The design of the solver, the remaining component, is covered in Chapter 6.

Figure 3.2: Method overview






PREDICTING REQUESTS

The goal of predicting requests is to nd a representation of a set of requests which are currently unknown,
will be made known and are required to be serviced within in a certain future time frame. As this representa-
tion will be used to steer routes of vehicles to speci ¢ locations at speci c times, both the spatial and temporal
properties of predicted requests should, to a certain degree, match with the actual later appearing requests.

Existing methods used for clustering and time series forecasting are by themselves only able to solve part
of this problem. Therefore a structure, which combines several of these methods, is proposed. It is worth
mentioning that this structure can be used for the prediction of arbitrary multi-dimensional objects which
occur along a time dimension.

The general idea is to group historical requests which are similar so that it might be possible to reveal
patterns in their occurrence across the time dimension. The method consists of three parts. First, requests are
clustered on relevant dimensions to create groups named request types Second, the number of occurrences
of each request type is predicted using a prediction model. Then, by creating the same number of requests
based on the requests belonging to a request type, predicted requests are generated. How request types are
exactly generated and how predicted requests are generated using these requests types will be described in
Sections 4.1 and 4.2. Finally, guidelines for how often such a prediction should be performed are covered in
Section 4.3.

4.1. GENERATING REQUESTTYPES

Request types are generated by making use of clustering. As a wide range of clustering methods exists, an
appropriate method should be chosen. Therefore an appropriate method for clustering multi-dimensional
objects which occur along a time dimension is rst chosen in Section 4.1.1. This chosen clustering method is
brie y covered in Section 4.1.2. Speci ¢ measures that are used to improve the performance for the purpose
of clustering requests are covered in Sections 4.1.3 and 4.1.4. Finally which parameters should be chosen
when clustering is described in Section 4.1.5.

4.1.1. CHOOSING A CLUSTERING METHOD
To choose an appropriate method for clustering requests, several considerations should be taken into ac-
count. These considerations are as follows:

« When no knowledge about requests types or patterns within the data are available, supervised cluster-
ing methods can not be used. An unsupervised clustering method is therefore required.

« Given that the amount of request types that need to be generated is unknown, clustering methods
which require the number of clusters as a parameter can not be used. This means the relatively fast and
highly popular K-means clustering algorithm[56] or Ward clustering [57] are less appropriate.

* Requests may be called ‘similar' when values across most or all dimensions do not differ much. This
means that density-based clustering methods such as DBSCAN [58] or HDBSCAN [59], which allow
wide non-spherical clusters to be created, may be less appropriate. This is because, for example, re-
quests which have a very dissimilar pickup location may be clustered together. It may even be argued
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that, when clustering requests, it is preferred to specify a maximum allowable dissimilarity for all re-
quests belonging to the same cluster (or request type).

 To be able to cluster requests, the (dis)similarity of requests should be determined. Any implementa-
tion should either allow for the input of a (dis)similarity function so that values can be calculated while
clustering or should allow for the input of a (dis)similarity matrix so that values can be pre-computed.
However, when such a matrix is computed for hundreds of thousands of requests the available amount
of random-access memory within most computers is quickly exceeded. For example, when dealing
with a 100 thousand requests, an upper triangular (and therefore symmetrical) dissimilarity matrix con-
tains 5 billion values. As the storage of a double in  C++requires 8 bytes, storing such a matrix requires
at least 32,25 gigabytes of memory. Requiring this amount of memory makes handling such matrices
troublesome. Depending on the problem size, having an implementation available which allows to
input a custom (dis)similarity function is therefore preferable or the only viable option.

* When large sets of historical requests are required to be clustered, methods which have a relatively
low time complexity are preferred. It is worth mentioning that the number of methods which do scale
well is very limited, when only considering implementations available for Python, as can be seen in
Appendix B.

* When large sets of historical requests are required to be clustered, methods which already have been
implemented very ef ciently are preferred.

When taking these considerations into account, Hierarchical Agglomerative Complete Linkage Clustering
(HACLC) is found to be most suitable for the purpose of clustering requests. This is because of the following
reasons:

« Itis an unsupervised clustering method and thus no prior information is required about the data.
« It does not require the number of clusters (or request types) as an input parameter.

« Itis possible to specify a maximum allowable dissimilarity for all requests belonging to the same cluster
(or request type).

« Even though the worst case time complexity of the implementationof ~ O(n2log(n)), where n is the num-
ber of requests, is relatively high, several problem speci ¢ measures can be used, to improve clustering
speed, as is described in the following section.

« Afast C++ based implementation for Python is available within SciPy [60].

« The implementation allows for the input of a custom (dis)similarity function whereby a (dis)similarity
matrix, which might exceed random-access memory limits, does not have to be pre-computed.

The only real alternative, BIRCH clustering [61], is not chosen because the available implementations do
require the computation of a (dis)similarity matrix. Also, the clustering result depends on the order of the
inputted requests which is not favourable in terms of reproducibility.

4.1.2. HIERARCHICAL AGGLOMERATIVE COMPLETE LINKAGE CLUSTERING

In HACLC [62], at the beginning of the process, each object is assigned to its own cluster. Then, the two clus-
ters which have the minimum distance (or maximum similarity) according to a linkage method, are merged
into a new single cluster. For example, two requests which have similar pickup locations according to travel-
ling distance between may be clustered together. With this modi ed set of clusters the process is repeated,
when no stopping condition is supplied even until all objects belong to the same cluster.

The result of the clustering process can be visualised using a dendogram as shown Figure 4.1. It can be
seen that all objects start as individual clusters at the bottom and have been merged into a single cluster at
the top. Now, by de ning a minimum similarity (or maximum dissimilarity), the number and composition of
clusters can be chosen. In Figure 4.1 this choice has been visualised using the red dashed line. In this example
six clusters are created.

Furthermore, complete linkage clustering states that the distance between two clusters is de ned by the
maximum distance between two objects belonging to either one of the clusters. This means that two clusters
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will only be merged if the maximum distance between all objects in the resulting cluster is below the chosen
threshold.

Finally, with the mentioned time complexity and the fact that historical data-sets may quickly contain
more than hundreds of thousands of requests, the computation time required for clustering can quickly grow
beyond practically usable bounds. To overcome this problem, two measures to reduce the required compu-
tation time, are used. These measures are be covered in the following section.

Figure 4.1: Visualisation of hierarchical clustering. The tree structure is called a dendogram. The red dashed line visualises the chosen
measure of (dis)similarity at which the dendogram is "cut off' which determines the number and composition of clusters

4.1.3. IMPROVING CLUSTERING SPEED

To speed up clustering, two measures, which may reduce the number of requests that need to be clustered
simultaneously, are used. The rst measure exploits the property of HACLC that the most 'similar’ clusters are
clustered into larger clusters initially. By only considering unique requests (and effectively already merging
duplicate requests) the number of requests that need to be clustered is reduced while maintaining the same
clustering result as compared to not doing this. It is worth mentioning that duplicate requests are not actually
removed from historical data but they simply receive the same cluster label. Second, to reduce the number of
requests that need to be clustered even further, clustering on multiple levels is used. This measure is covered
in the next section.

4.1.4. CLUSTERING ON MULTIPLE LEVELS

When clustering requests, similarity might not be scaled uniformly across all dimensions. To still be able to
cluster on these dimensions a custom function which scales certain dimensions for calculating the similarity
of requests can be used [63]. However, it could be that a dissimilarity in a leading dimension means two
requests are not similar, regardless of their similarity across other dimensions. For example, when the pickup
location of two requests are not close to each other it may already be concluded that two requests are not
similar, regardless of possibly similar deliver locations and time windows. To make use of this knowledge,
clustering on multiple levels is used. Depending on problem context, it might be bene cial to simultaneously
cluster on multiple dimensions, cluster sequentially on single dimensions or sequentially do a combination
of both.

When clustering on multiple levels, a set of requests is rst clustered on a portion of the relevant dimen-
sions to separate the complete set into multiple subsets. These smaller subsets are then further separated.
This process has been visualised in Figure 4.2. In this gure a set of requests is rst separated along the "x"
dimension where after individual subsets are then further separated along the "y" and "z" dimensions. By
using this method it is possible to create subsets of requests which show similarity across all dimensions.

An advantage of clustering on multiple levels is that the number of requests which are being clustered
simultaneously is (heavily) reduced at each level. This makes the usage of clustering methods with higher
time complexities viable or more ef cient depending on the number of requests that need to be clustered.

A disadvantage of clustering on multiple levels is of course that when a separation has been made on
a higher level based on one dimension, requests will not be transferred to another subset even though this
might be more logical based on other dimensions at lower levels.

It is worth mentioning that when a set of requests is separated again and again, very few requests might
remain within certain subsets. When this happens it might be impossible to discover any pattern across the
time dimension, regardless of the used prediction model. As the problem allows for a partial prediction (in
the sense that only a certain part of the requests is predicted and others remain unexpected) it might be
bene cial to ignore these subsets, increasing computational ef ciency. In Figure 4.2 ignoring these subsets,
possibly on different levels, has been visualised with red crosses.
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Figure 4.2: Clustering multidimensional data on multiple levels. To small remaining subsets of the data may be ignored at different
levels. This is visualised with red crosses.

4.1.5. CLUSTERING PARAMETERS

The methods described in the previous sections have several unspeci ed parameters for the clustering of
requests. The rst parameter is if requests should be clustered using multiple levels. Second, for each indi-
vidual cluster level several parameters should be speci ed. The required parameters for each cluster level are
as listed in Table 4.1.

Table 4.1: Parameters to be de ned at each clustering level

Column

Description |

Dimensions Which dimensions or parameters of a request are used for clustering at this level

Distance function A function which de nes how the dissimilarity is computed based on the parameter values along
the dimensions that are used for clustering. For example when a pickup location is expressed as
a latitude and longitude coordinate set, the distance between requests could be computed using
the great circle distance [64] between the two points on earth.

Threshold The maximum allowable dissimilarity to use while clustering at this level. The threshold should
be expressed in the same unit as the value which is computed by the distance function.

To set these parameters appropriately an analysis of the historical data and the context of the problem is
required. Therefore, no statements regarding setting cluster parameters are presented in this general method
description. However, a problem speci ¢ analysis, in which parameters are determined for the instances
described in Section 7.1.1, is presented in Sections 7.1.2 and 7.1.3. This analysis may serve as inspiration for
setting the described parameters appropriately in other problem contexts.

4.2. GENERATING REQUESTS

The process of generating requests using requests types consists of two parts. First, using a prediction model,
for each request type, the number of occurrences during a future time frame is predicted. Second, this num-
ber of representations is generated based on the requests belonging to the requests type. To do this, a pre-
diction model should rst be chosen. How a prediction model is chosen is described in Section 4.2.1. The
chosen prediction model is described in Sections 4.2.2 and 4.2.3. Finally, how representations are created is
described in Section 4.2.4.

4.2.1. CHOOSING A PREDICTION MODEL
A prediction model is required to predict the total number of occurrences of requests, belonging to a certain
request type, within a future time frame. To do this all requests which belong to a certain object type are
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grouped into comparable time frames. For example, when the goal is to predict the number of requests
occurring tomorrow, requests are grouped into days which yields a table of occurrences for each date. For
such data structures a variety of time-series forecasting methods are available to predict values for future
time frames. Amongst these methods are:

+ Naive approach (where yia1 ZEY;)

» Simple average

* Moving averages

* Holt-Winters Method [65]

 Autoregressive Moving Average (ARMA) models [66]

« Autoregressive Integrated Moving Average (ARIMA) models [66]
* Neural Networks [67] [68]

As can be experienced during rush-hour in any city, the amount of transportation is not constant during
the entire day. Something similar can be seen across the week, often, at least, the amount of transportation is
different during weekends. This means for a prediction of requests to be accurate it should probably make use
seasonality and should probably be able to deal with strongly varying time-series. Because of these reasons
the rst three methods listed above can be ruled out.

Therefore only the Holt-Winters and ARIMA (which also can represent an ARMA model when the differ-
encing term is set to zero) are investigated further. When investigating seasonal ARIMA models it is found
that the quality of the prediction is determined by the autoregressive (P), differencing (D), moving average
(Q) terms and seasonality parameter (m). Even when the seasonality parameter is set to a weekly pattern
which appears to be present within the problem instances (described in Section 7.1.1), the other three are
still required to be chosen. Given that each request type requires its own model and thousands of request
types may be present, these parameters are required to be chosen fully automatically within a relatively small
amount of computation time. A method proposed by Hyndman and Khandakar [69] is used to do this by
making use of the implementation in the  pmdarimapackage available for Python. The same is done for the
Holt-Winters model by making use of the exponential smoothing method available within the statsmodels
package. Itis observed that both methods predict approximately three times the amount of request that are
actually made known. Even when rounding down the predicted amounts, in an attempt to make predictions
more conservative, still more than double the number of requests is predicted.

Furthermore, neural networks are not used as these methods also often also require a signi cant amount
of tuning and computation time before good results are obtained [68].

Therefore, even though the evaluated methods are being used very successfully in other problem con-
texts, it appears that results are not very promising when being used for the prediction of the number of
occurrences of individual request types without any human interference. Because of this it is chosen to use a
relatively straightforward prediction model which also has a parameter that allows for the conservativeness
of the prediction to be chosen. The method, which makes use of the Relative Frequency of Occurrence of
requests is described in the following sections.

4.2.2. RELATIVE FREQUENCY OFOCCURRENCE

The Relative Frequency of Occurrence ( If ), or also called empirical probability, is the ratio of the number of
outcomes in which a speci ed event occurs to the total number of trials. In predicting requests the number
of trials is determined by the number of comparable time frames available in historical data. For example,
when the goal is to predict the number of requests occurring tomorrow, historical data can be grouped into
days which would yield a table of occurrences for each date. The number of outcomes in which a speci ed
event occurs is then de ned by the number of days a request of a speci ¢ request type occurred. For example,
if a request type occurred a single time on six days within a historical data set with a length of one week then
the rf 4 for the future time frame equals % 140, 86.

Furthermore, a different rf , can be obtained by making use of assumed patterns within the data. For
example, when a weekly occurrence is assumed and the future time frame is a Thursday, the number of trails
may be limited to only contain previous Thursdays instead of all (week)days. If there is indeed a weekly
recurrence present this yields a much higher rf 5. When using multiple patterns, multiple  rf ,'s are obtained
whereof the maximum is chosen for each predicted request.
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Tia Ti3 Ti2 Ti1 f o Tio Tia Ti3 Ti2 Ti1 rf o Tio Tia T3 Ti2 Ti1 o Tio
2 3 2 1 1.00 1 2 3 2 1 1.00 1 2 3 2 1 1.00 1
1 2 1 0 0.75 2 1 2 1 0 0.75 2
0 1 0 0 0.25 3
0 0 0 0 0.00 3

Table 4.3: Example of how the If 4 is determined based on historical time frames  T; 4 until T; 1. Inthe rst four columns the number
of occurrences of requests, belonging to a single request type, are listed. In the last column the number of expected requests within a
certain future time frame T, g is listed. On each row the rf ¢ for the additionally predicted request is listed in the fth column. Left:
determining the rf o ofthe rst predicted request. Middle: determining the rf o of the second predicted request. Right: determining the
rf o of the third and nal predicted request.

4.2.3. PREDICTING THE NUMBER OF OCCURRENCES
It may happen that historical time frames contain multiple occurrences of a single request type. When this
is the case, multiple occurrences of that request type should, ideally, also be predicted for the future time
frame. To enable this, the number of occurrences within historical time frames is updated each time an
additional request is predicted. More speci cally, after each prediction, the number of occurrences within
each historical time frame is reduced by one. This means that the rf 4 for subsequent predicted requests
belonging to the same request type will eventually reach zero. Whenthe rf , reaches zero, no further requests
are predicted. An example of this process has been shown in Table 4.3. In this example three requests are
predicted for a future time frame T, ¢ based on the occurrences within four historical time frames T, 4 until
T, 1. Itcan be seen that each predicted request receives a different rf 4.

Therefore, by de ning aminimum required  rf  the number of predicted requests can be controlled. Hav-
ing this threshold allows for the prediction of a small number of requests which all have a relatively high rf o
or the prediction of a larger number of requests where some may have a relatively low  1f 4. Generally, lower-
ing this threshold allows to create predictions with more true positives but at the cost of having (even) more
false positives.

4.2.4. CREATING REPRESENTATIONS

After clustering a set of requests into a request type and predicting the number of occurrences for that request
type, actual predicted requests can be generated. Two simple methods for creating representations of request
types are:

« Taking the mean of all requests belonging to the request type

« Random sampling from the requests belonging to the request type

Given that HACLC creates clusters whereof all requests are within a certain speci ed distance from each
other, circular shaped clusters are created when using spatial data. As it can be argued that a circular shaped
cluster can be best represented by its centroid, the mean of all requests belonging to a request type is used
as a representation. However, as the obtained location might not be a node of the road network, the nearest
node or path of the road network is chosen for route calculation.

4.3. HORIZON AND FREQUENCY

The prediction horizon determines for how far into the future, requests should be predicted. The prediction
frequency determines how often this set of predicted requests is updated. Determining the ideal prediction
horizon and frequency depends on the speci cs of the problem context. However, when choosing a long
prediction horizon, the time frame for which requests are being predicted naturally becomes longer.

When the used time frame is longer the method will basically look further ahead. This means an attempt
will be made to take into account requests which will become known in a relatively long time from now when
creating solutions for requests which are currently known.

It makes sense to assume that the further away requests become known in the future, the less effect their
presence will have on any routes in the near future. This means that, in general, increasing the prediction
horizon beyond a certain amount might not have any bene cial effect.

Even more so, when the arrival rate of additional requests is relatively high, increasing the length of the
prediction horizon means a relatively large amount of additional requests are taken into account simulta-
neously. If a large amount of requests is added to a vehicle routing problem, the complexity of solving the
problem increases tremendously. When dealing with limited available computation time this might cause a
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solver to come up with worse solutions as compared to taking a smaller number of predicted requests into ac-
count. Predicting a smaller number of requests and thus having a shorter prediction horizon might therefore
be bene cial (or might even be required to remain within solvable problem sizes in certain contexts).

For every problem context both the prediction horizon and prediction frequency should therefore be cho-
sen so that, at any point, a limited amount of predicted requests reside within the problem that is being
solved. This amount should roughly be in the order of a several hundred to a thousand requests given that
the current limit for solving a pickup and deliver vehicle routing problem (even in a static context, without
computation time constraints) is less than a few thousand requests.
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This chapter will cover how the requests that were predicted, using the method described in Chapter 4, are
used to alter the solution of a DVRP so that later actually appearing requests can be served more ef ciently
when they become known. As shown in Figure 3.2, this part of the method assumes that the current solution

(9), the additional requests ( Ry), the ful lled requests ( R¢) and the predicted requests ( Rp) are available as
input. Transforming this input into the output composed of a modi ed solution ( 39, a set of modi ed addi-
tional requests ( Rg) and the unmodi ed set of requests which are (being) ful lled ( Rt ) consists of three parts.
These three steps will be described, more in detail, in the following sections.

5.1. ADDING PREDICTED REQUESTS

Each time requests are predicted these requests are all added to the set of additional requests to create the
modi ed set of additional requests ( Rg /E(Ra,Rp)). By doing so, predicted requests are mixed together with
already made known requests which actually need to be ful lled. Therefore, when the updated static problem

is solved by a vehicle routing solver, the predicted requests will be seen as regular' requests. Because of this,
during the optimisation process, simply by the presence of these predicted requests, routes will be adjusted
so that these predicted requests can also be ful lled ef ciently.

5.2. REPLACING PREDICTED REQUESTS

The process of adding predicted requests works relatively straightforward as described in the previous sec-
tion. The process of, at some point, removing these predicted requests to accommodate for additional re-
guests which are actually made known is however less trivial.

Essentially, when the predicted requests would be removed after generating a solution, routes with room
for servicing additional requests would be obtained. However, when requests are removed from the problem
de nition and any re-optimisation would be performed, this room and the structure of the previously ob-
tained routes would almost de nitely be lost in the process of nding a better solution. Therefore, predicted
requests can not simply be removed at any time to accommodate for additional requests which are actually
made known. To prevent losing the structure of the solution imposed by the presence of the predicted re-
quests, each individual predicted request is preferably removed only when it can directly be replaced by a
similar additional request which was made known.

This poses a challenge as each time an additional request is made known, it should be determined if a
predicted request should be removed and if so, which one. In other words, it should be checked if a predicted
request, which is ‘similar’ is part of the current solution and if so, this request should be removed. To enable
this operation, a request classi er is introduced.

This classi er makes use of the generated request types and cluster levels which were described in Section
4.1. Given that all request types are distinguishable and all predicted requests are based upon them, they can
be used to match additional requests to predicted requests.

The developed classi er, which tries to assign a request type label to an additional request, is listed in
Algorithm 1. The procedure starts with all generated request types being a candidate for matching with the
additional request. Then, while looping over all cluster levels, the procedure tries to narrow down the number
of candidate request types by removing them when the additional request is too dissimilar to the centroid of
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a request type as de ned by the distance function and threshold at each cluster level. It may happen that an
additional request is dissimilar to all request types. When this happens the additional request is considered to
not match with any predicted request and thus no predicted request is removed. When a single request type
remains as a candidate, a predicted request belonging to that request type is removed if one resides within
the current solution. If multiple request types remain as candidates, the one for which the centroid is closest
to the additional request is chosen as the nal candidate. Only a request belonging to that nal request type
is attempted to be removed.

Algorithm 1 Classifying additional requests

1: procedure CLASSIFYINGADDTIONAL REQUESTYrequestTypes, clusterLevels, additionalRequest)
2: for clusterLevel 2 clusterLevels do

3 for requestType 2 requestTypes do

4 d A distance (centroid (requestType),additionalRequest, dimensions (clusterLevel))
5: if d >0.5threshold (clusterLevel) then

6: requestTypes A removeFrom (requestType, requestTypes)
7: end if

8: end for

o: end for

10: if length (requestTypes) == 0 then

11: return O

12: else if length (requestTypes) == 1 then

13: return label (requestType[0])

14: else

15: return label (closest(requestTypes, additionalRequest))

16: end if

17: end procedure

If a predicted request is indeed removed, the corresponding additional request is directly inserted using
sequential cheapest insertion (a common insertion heuristic of which the implementation is covered in Sec-
tion A.1.2). This insertion creates a modi ed solution ~ S° Furthermore, the additional request is removed
from the modi ed set of additional requests Rg. Given that a predicted request which is similar to the corre-
sponding additional request was removed, it is likely that its pickup and deliver tasks will be inserted at the
locations whereof the predicted request was previously removed from. However, given that the two requests
are almost never exactly the same, an insertion at the described locations might not be feasible due to time
or capacity constraints. This means that even though a replacement is attempted, the inserted request might
sometimes still end up at a different location within the solution.

5.3. REMOVING PREDICTED REQUESTS

When predicted requests are only being replaced, a certain portion of them is likely to never be removed from
the created solution. This because it is unlikely that a prediction will, for each request type, contain not more
requests than additionally will be made known. In other words, some more requests of a speci ¢ request type
will often be predicted. Therefore, it is likely that some predicted requests will remain within the solution
when only using the two previously described methods for adding and replacing predicted requests.

If vehicles are made to realise a proposed solution this means that, at some point, a vehicle will be directed
to drive towards the pickup location of a predicted request. It can be both detrimental and bene cial to do
this depending on the fact if a similar additional request will still be made known while driving towards that
location.

When a similar additional request is made known, this request can directly be ful lled which was con-
cluded to be most ef cient according to previously performed optimisations. Even more so, when a request
has very narrow time constraints, being in the proximity of the pickup location might even be a requirement
for being able to ful | the request at all. In such a situation a vehicle is essentially being relocated to allow
ful Iment of a future request. Deciding not to remove predicted requests can therefore be seen as a variation
upon the relocation strategies introduced by Bent and Van Hentenryck [70].

When a vehicle is relocated and an appropriate request is not made known, additional distance might be
driven for no reason. In this case the decision of not removing a predicted request results in behaviour that is
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contradictory to the objective of minimising the total distance driven by all vehicles. Furthermore, it can be
argued that it makes little sense to prioritise a possibly occurring request over requests that might are already
be known and can possibly also be ful lled by the same vehicle. Postponing ful lling these requests may in
the end require additional vehicles to ful | all requests within their time constraints. Again, the consequences
of doing so might be contradictory to the objective of minimising the total distance driven by all vehicles.

Choosing whether remaining predicted requests should be removed therefore depends on the speci cs of
the problem context, the accuracy of the prediction and the reticence of the prediction. However, given that
the urgency of requests in the evaluated problem context is generally not very high (as will be described in
Section 7.1.2), it chosen to remove predicted requests. Both methods described in the following subsections
are used to do so.

5.3.1. MADE KNOWN REMOVAL
First, predicted requests can be removed when the current time exceeds the time at which they were supposed
to be made known ( T , k;j). The reasoning behind this is as follows. A predicted request is supposed to be
similar to an additional request. This means that the time at which a predicted request is made known (even
though it is inserted earlier) is also similar to the time the additional request is estimated to be made known.
When no additional request will appear anymore it means the predicted request will be removed rela-
tively early. This means that possible commitments, that may have been made, due to the structure of the
solution imposed by the presence of the predicted request, may be kept to a minimum. Given that the solu-
tion is subject to constant re-optimisation this allows, relatively early, for a change in the solution structure
if bene cial. Even when such a change is made and an additional request is still made known a little later,
re-optimisation allows the solution to revert back to the previous structure. Naturally, this is only the case
when no obstructing commitments have been made in the mean time.

5.3.2. To BE REALISED REMOVAL

Even when using made known removal in might still happen that a vehicle will be directed to drive towards the
pickup location of a predicted request. This may happen when the moment at which a request is made known
is close to the start of the pickup time window and the travel time towards the pickup location is relatively
long. To prevent this from happening, predicted requests are also removed when a vehicle is about to start
travelling towards its pickup location. When some additional slack is introduced and predicted requests are
removed even a little earlier, re-optimisation may still be possible so that requests sequenced after the to be
removed request may be scheduled more favourably.






VEHICLE ROUTING SOLVER

This chapter describes how a vehicle routing solver is designed speci cally for the purpose of this research.
As shown in Figure 3.2 this solver represents one of the three components of the proposed method for solv-
ing the problem described in Chapter 3.1. First, some general design considerations are described in Section
6.1. Then, the actual design of the solver is described in Section 6.2. To check if the solver can be appropri-
ately used for one the three components in the proposed method, the performance of the implementation is
validated in Section 6.3. Finally, a developed visualisation tool for this vehicle routing solver is presented in
Section 6.4.

6.1. CONSIDERATIONS

As described in Section 2.1.3, some of the best solutions ever found for a range of vehicle routing problem
have been found by making use of Ruin & Recreate (R&R) methods [19, 29, 31, 32, 55]. It is therefore decided
to base the design of the developed solver on this method.

Given that the idea of R&R methods is to make (educated) guesses on which part of the solution should
be ruined and then reconstructed, there is generally no guarantee of obtaining a better solution during a
single iteration. However, it has been shown that when many of these iterations are performed often small
improvements can be found which gradually lead to some of the best solutions ever found for a range of
problem instances. One goal for a good DVRP solver, which makes use of R&R methods, should therefore be
to perform as many iterations as possible within the limited available computation time. As more iterations
are the only way towards better solution quality, speed is important.

Furthermore, some of the latest record breaking solutions for static vehicle routing problems have been
found by implementing a range of R&R heuristics [19, 29, 31, 32, 55]. In solving static problem variations it
therefore appears to be bene cial to implement different kinds of heuristics to be able to increase the chances
of being able to escape speci c local minima. However, when solving dynamic problem variations, the avail-
able computation time is often in the range of seconds to several minutes instead of up to multiple hours.
This means there is simply not enough time to extensively let a wide variety of heuristics attempt to improve
a certain solution. Also, implementing additional heuristics, in a very computationally ef cient manner, re-
quires a lot of time. Because of these reasons, it is decided to implement a limited range of construction, LS
and removal heuristics and to make these as fast as possible.

In that sense the design of the solver is chosen to be rather similar to the design as described by Ropke
and Pisinger [19]. However, their approach is improved upon or deviated from in several ways. The speci cs
are covered in the following section which describes the design of the solver.

6.2. DESIGN

To solve VRP's the solver goes through three phases namely construction, LS and R&R. Furthermore, the R&R
phase is parallelised to be able to perform as many iterations as possible on all modern hardware. Therefore,
the general structure of the solver is as shown in Figure 6.1. In this gure each block represents a process and
blocks stacked upon each other occur in parallel. Which methods are used during each individual process is
described in the following subsections.
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Figure 6.1: Phases of the developed vehicle routing solver. Each block represents a process. Vertically stacked blocks are processes that
are executed in parallel. The Ruin & Recreate phase is parallelised to use modern hardware to its full potential.

6.2.1. CONSTRUCTION

A construction method is required to create an initial solution. All construction methods used by Ropke and
Pisinger [19], namely sequential cheapest insertion, parallel cheapest insertion and regret insertion are im-
plemented. Furthermore, a new construction heuristic is developed which makes use of the relatedness of
requests and tries to insert requests which are clustered together into a single route. Therefore, this method
is named cluster insertion. How this construction heuristic and the construction heuristics from the litera-
ture exactly work and are implemented is described in Section A.1. The often used Clarke and Wright Savings
[71] heuristic is not implemented because it is not compatible with the problem variation de ned in Section
3.1. The heuristic is not compatible because vehicles are allowed to have different starting- and end loca-
tions. Finally, when using sequential cheapest insertion, unscheduled requests are rst sorted from longest
to shortest travel distance (from the pickup to the deliver location) in an attempt to start with scheduling
the 'hardest' requests rst. The order of the unscheduled requests is not of importance for the other three
construction heuristics.

To determine the most appropriate default construction heuristic, the methods are compared. Given
that these methods are also required for the R&R procedure described in Section 6.2.3, spending a signi -
cant amount of time to ef ciently implement these methods can be justi ed which makes a relatively good
comparison possible. To compare the performance of the four construction heuristics both in terms of the
quality of the obtained solutions as in the amount of computation time that they require, several experiments
are ran on 58 instances with approximately 500 requests which require up to 100 vehicles. These instances
and the hardware that these experiments are run on are described in Section 6.3.1. The results of the experi-
ments are presented in Figures 6.2 and 6.3. The two sub gures in Figure 6.2 each show the distribution of the
percent deviation from the corresponding best known solutions for one of the two objectives, for each con-
struction heuristic. It can be seen that the sequential cheapest insertion heuristic performs worst in terms
of both objectives. The parallel cheapest insertion heuristic performs best in terms of the number of ob-
tained routes and distance travelled. However, cluster insertion closely matches the performance of parallel
cheapest insertion in terms of the distance travelled. When looking at computation times it can be seen that
sequential cheapest insertion and cluster insertion show comparable performance. The parallel cheapest in-
sertion heuristic is approximately 10 times slower and two regret insertion heuristic is approximately a 100
times slower.

Given that the main objective of the instances that are evaluated in Chapter 7 is to minimise the distance
travelled and the developed cluster insertion heuristic shows performance comparable to that of parallel
cheapest insertion while requiring approximately 10 times less computation time, this heuristic is chosen for
the construction phase. By merely using this construction heuristic solutions are obtained on average in 126
milliseconds. These solutions require, on average, 73,86% more distance to be travelled as compared to the
corresponding best known solutions.
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Figure 6.2: Performance comparison of different construction heuristics. On the left the obtained relative differences in the number of
routes as compared to the best known solutions, for instances of approximately 500 requests, when only using different construction
methods. On the right the obtained relative differences in the distance travelled as compared to the best known solutions, for instances
of approximately 500 requests, when only using different construction methods.

Figure 6.3: Performance comparison of different construction heuristics. Distributions of the required computation time, for instances
of approximately 500 requests, when only using construction methods. On the left including regret insertion. On the right without regret
insertion to better show the differences between the remaining methods.

6.2.2. LOCAL SEARCH
Initially it was decided to recreate the solver developed by Ropke and Pisinger [19] given that is showed good
results while only using a relatively small range of heuristics. However, in an attempt to improve upon their
results it is decided to implement some LS operators as well (given that they did not make use of LS). In
choosing which LS operators should be implemented the required time for proper implementation and the
effect that operators might have on the quality of the obtained solutions are weighed. It is estimated that the
rearrange and shift operators (as visualised in Figures 2.5 and 2.4) may have a considerable impact on the
quality of the obtained solutions. This is because the relocation of individual requests is something that the
described R&R method is not able to do which means this operator may be able to improve certain solutions
where R&R might not be able to do so. Furthermore, given that methods for unscheduling and reschudeling
requests are also required to be ef ciently implemented for the R&R procedure, this operator can be im-
plemented relatively easily by reusing certain parts of the implementation. The same holds for the two-opt
operator (as visualised in Figure 2.7) as only a section of a route is required to be reversed and feasibility of
the solution needs to be checked. Furthermore, the reversal of a set of nodes is also something which the R&R
procedure is not able to do except by unscheduling an entire route. The also popular exchange operator is
not implemented because the number of possibilities that is required to be considered during each iteration
is roughly n? where n is equal to number of requests. Given that, in roughly the same amount of computation
time, thousands of R&R iterations may be be performed, which may result in the same exchange operations,
instead it is decided to put additional effort into making the implementation as fast as possible. How the LS
operators are exactly implemented is described in Section A.2.

To evaluate the effectiveness of the implemented LS operators the same experiments as described in Sec-
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tion 6.2.1 are run while now going through both the construction and LS phase. The results of the experiments
are shown in Figures 6.4 and 6.5. For comparison, the results obtained using cluster insertion are also added.
Again, the two sub gures in Figure 6.4 each show the distribution of the percent deviation from the cor-
responding best known solutions for one of the two objectives, after going through the two phases. It can
be seen that by using LS operators, solutions are obtained on average in 1544 milliseconds. These solutions
require, on average, 17,85% more distance to be travelled as compared to the corresponding best known so-
lutions. This means that by adding roughly a second worth of LS, much better solutions can be obtained
as compared to only using the slightly slower parallel cheapest insertion heuristic for construction (which
would require approximately the same amount of computation time). These results therefore justify the cho-
sen construction heuristic and appear to be worth the time used for the implementation of the local search
operators.

Figure 6.4: On the left the obtained relative differences in the number of routes as compared to the best known solutions, for instances of
approximately 500 requests, when going through different phases. On the right the obtained relative differences in the distance travelled
as compared to the best known solutions, for instances of approximately 500 requests, when going through different phases.

Figure 6.5: The required computation time, for instances of approximately 500 requests, when going through different phases.

6.2.3. RUIN-AND-RECREATE

The Ruin & Recreate (R&R) procedure is also inspired by the procedure described by Ropke and Pisinger [19].
However, in an attempt to improve upon their approach it is decided to deviate from their approach in several
ways, namely:

» Several additional removal methods are implemented to be able to escape from a larger range of local
minima. It is chosen to do this as Laporte et. al [55] have shown that this is bene cial. Because of this
the method makes use of 8 removal methods and 4 insertion methods. Both sets of methods are listed
in Tables 6.1 and 6.3.

« It is decided not to implement a procedure where certain removal methods are chosen more or less
frequently based on their performance during previous iterations. Given that Ropke and Pisinger [19]
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showed that their preference for a certain removal method was at most 7 times as large as compared
to the least preferred removal method it is decided to instead put additional effort into making the
implementation as fast as possible. Given that it is likely that an ef cient implementation may be sev-
eral orders of magnitude faster as compared to one which has not been implemented well, it appears
it might be more appropriate to spend additional time on the implementation than to add additional
complexity to the method.

« Similarly, amongst other reasons, it is also decided not to implement a SA approach which may accept
worsening solutions. It is decided to do so even though promising results have been obtained by using
this method on static VRP's, as was described in Section 2.1.3. One of the reasons for doing this is that
when solving DVRP's the static problem de nition may often change which makes it hard to set an ap-
propriate rate by which the temperature should decrease and worsening solutions should be accepted.
Furthermore, as the problem de nition changes often it might not make much sense to explore the
solution space around worse solutions when improvements may still be found near the current best
solution. Finally, there is less time available to be able to explore the solution space around worse solu-
tions because of the limited available computation time.

« Itis decided to use a different procedure for the selection of insertion heuristics. Given that a differ-
ence of two orders of magnitude can be observed in the computation time used by different insertion
heuristics it is decided to use the relatively slow ones less frequent. As the time required for the re-
moval of requests is nearly negligible compared to the time required for the insertion of requests (using
any insertion method), the used insertion method dictates how many R&R iterations can be performed
within a certain amount of time. Therefore, for example, roughly a hundred R&R iterations can be per-
formed using sequential cheapest insertion in the same time a single iteration can be performed using
two-regret insertion. Because of this a method which adapatively selects insertion heuristics is used.
How this method works is described below.

To improve the solution as quickly as possible, initially only the relatively fast sequential cheapest inser-
tion heuristic (as described in Section A.1.2) is used. When no improvement can be found (for some itera-
tions) more time-consuming insertion heuristics are also used. Simultaneously, the search neighbourhood is
gradually enlarged with each iteration in which no solution improvement is found (or in other words, more
requests may be removed during the following iterations). When a solution improvement is eventually found,
there is no reason to assume that the obtained solution can also be seen as such a 'hard to get out of' local
minima. Therefore, the procedure reverts back to the relatively fast sequential cheapest insertion heuristic
and the small search neighbourhood. How this procedure is exactly implemented is described in Section A.3

Finally, the R&R procedure is parallelised by letting multiple procedures run simultaneously. When any of
these procedures nds a solution improvement during an iteration, the improved solution is directly copied
to a global best solution shared by all procedures. As each procedure creates a copy of this global solution
during each iteration, the improved solution is immediately used to nd further improvements. The inef -
ciency caused by the parallelised global solution update is thereby limited to, at most, a single iteration for
each separate procedure. Given that each procedure is able to perform several hundreds of iterations per
second (on problem instances with approximately 500 requests) the inef ciencies caused by parallelisation
are relatively small, even when multiple solution improvements are found per second.
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Table 6.1: Removal methods used in the Ruin & Recreate procedure

| Name | Description
randomRequests Sequentially unschedules n times arandom request. The ideais to improve
the solution by ruining a different part of the solution virtually every time.
randomRoutes Sequentially unschedules n times all requests within a random route. The

idea is to improve the solution by reconstructing a set of routes in a dif-
ferent way virtually every time. Even though the same requests may be
removed, unscheduled requests are randomly ordered which means a dif-
ferent solution may be found when using a sequential insertion method.

routesWithLeastRequests

Sequentially unschedules n times the route with the least number of
scheduled requests. The idea is to improve the solution by ruining routes
which contain the least number of requests so that less routes may be used.

mostCostlyRoutes Sequentially unschedules n times the route which has the largest travelling
distance. The idea is to improve the solution by ruining the most costly
routes so that a reconstruction may yield a less costly route.

mostCostlyRequests Sequentially unschedules n times the request which by itself causes the

largest increase in travelling distance. The cost is equal to the negative re-
moval cost visualised in Figure 2.3.

randomRequestAndRelatedTolt

Unschedules a random request. Furthermore, the n requests which are
most related to this request (according to the measure described in Section
A.1.5) and at most n requests which are incompatible with this request are
also unscheduled. The idea is to improve the solution around a certain
request by ruining a relatively large neighbourhood around the request.

randomRouteAndRelatedTolt

Unschedules all requests within a random route. Furthermore for each un-
scheduled request also the 2 requests most related to it (according to the
measure described in Section A.1.5) and up to 2 requests which are incom-
patible with it are unscheduled. The idea is to improve the solution around
a single route by also ruining a small neighbourhood around it.

mostCostlyRequestAndRelatedTolt

Unschedules the requests which by itself causes the largest increase in trav-
elling distance. The cost is equal to the negative removal cost visualised in
Figure 2.3. Furthermore, the n requests which are most related to this re-
quest (according to the measure described in Section A.1.5) and at most n
requests which are incompatible with this request are also unscheduled.
The idea is to improve the solution around the most costly request by ruin-
ing a relatively large neighbourhood around the request.

Table 6.3: Insertion methods used in the Ruin & Recreate procedure

| Name

Description

sequentialCheapestinsertion

Sequential cheapest insertion which is is implemented as described in Section
A.1.2.

parallelCheapestinsertion

Parallel cheapest insertion which is implemented as described in Section A.1.3.

twoRegretInsertion

Regretinsertion which isimplemented as described in Section A.1.4 where

k A2.

threeRegretinsertion

Regretinsertion which is implemented as described in Section A.1.4 where

k A3.

6.2.4. REDUCING ROUTES

A method for reducing the number of routes that is being used within a solution is also implemented. This
method is a variation upon a method introduced by Nagata and Braysy [72]. The method basically makes
use of an ejection chain and tries to insert remaining unscheduled requests by removing easily insert-able

requests.

The procedure starts by removing a random route from the solution. Then, while no stopping condi-
tions is reached, each unscheduled request is attempted to be inserted using sequential cheapest insertion
(as described in Section A.1.2). When it is not possible to insert a request using this method, an attempt is
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made to insert the request using least hardest removal insertion. Least hardest removal insertion is a method
which attempts to make it possible to insert a certain request, into an existing solution, by removing a set
of scheduled requests which together have the smallest sum of a 'hardness' parameter. To enable this, each
request has an own hardness integer value which is stored and initialised at zero. Each time it is not possible
to insert a request using both sequential cheapest insertion and least hardest removal insertion, the hardness
value for that request is incremented by one. By doing this, eventually, requests which are hard to insert will
get a relatively high hardness value and are therefore unlikely to be removed to allow the insertion of other
requests. If eventually all requests are inserted, an additional route is removed and the process starts again.
It is worth mentioning that this algorithm is only used by the developed solver when the main objective
is to reduce the number of routes. When this is the case the algorithm is used alternately with the Ruin &
Recreate procedure. The different phases the solver goes through are then as illustrated by Figure 6.6. How
this algorithm is implemented is described in Appendix A.4.

Figure 6.6: Phases of the developed vehicle routing solver when the main objective is to reduce the number of routes.

6.3. VALIDATION

To validate if the developed solver can be used as a tool to evaluate the proposed method to improve dynamic
route optimisation, both in terms of solution quality and speed, a large number of experiments is ran. The
setup of these experiments is covered in Section 6.3.1. The results of these experiments are presented in
Section 6.3.2.

6.3.1. EXPERIMENTAL SETUP

The experimental setup for assessing the performance of the solver is covered in the following subsections.
Given that currently no widely used benchmark instances for the dynamic PDPTW exist, static benchmark

instances are used to evaluate performance. These instances, the stopping conditions and hardware used in
these experiments are described in the following subsections.

INSTANCES

Experiments were ran on sets of instances consisting of approximately 50, 100, 200, 300, 400 and 500 requests.
These sets were originally introduced by Li and Lim [30] and designed to "have a variety of distribution prop-
erties". These instances can currently be regarded as a research benchmark for the PDPTW, mainly due to the
website of the Transportation Optimization Portal of SINTEF Applied Mathematics which holds frequently
updated tables of the currently best known solutions together with references to the related research in which
they were found. The primary objective of these instances (after scheduling all requests) is to minimise the
number of routes. The secondary objective is to minimise the total travelling distance.

STOPPING CONDITIONS

Two stopping conditions for the termination of each experiment are used. First, a maximum computation
time of 60 seconds is set. This to, in some degree, emulate the computation time constraints which have to
be dealt when solving DVRP's. Second, the experiment is also terminated when the value, rounded to two
decimal places, for each objective is less than or equal to the corresponding objective value of the best known
solution. A strictly equal comparison is not used because the "SINTEF" website rounds objective values to
two decimal places for the determination of the best known solution. Furthermore, for possible reproduction,
the best known solutions which were available on September 17 " 2018 are used for comparison.
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H ARDWARE

These experiments are ran on an HP ZBook Studio x360 G5 Mobile Workstation with an Intel Core i7-8750H
Coffee Lake processor. This processor supports 12 parallel threads which are used by the parallelised R&R
and route reduction procedure.

6.3.2. RESULTS

In this section a summary of the results of the experiments for evaluating the performance of the imple-
mented vehicle routing solver is presented. Given that the tables with the individual results take up a con-
siderable amount of space these have been included in Appendix C. A summary of the performance in terms
of the quality of the obtained solutions is presented in Figure 6.7. The two sub gures each show the distri-
bution of the percent deviation from the corresponding best known solutions for one of the two objectives,
for all sets of instances. In other words, these gures summarise the last two columns of all tables listed in
Appendix C. It can be seen that for all instances with approximately 50 requests, all best known solutions are
found. The same be said for roughly half of the instances with approximately 100 requests.

Figure 6.7: Summary of the results available in Appendix C. On the left the obtained relative differences in the number of routes as

compared to the best known solutions, for all sets of instances, when solving for 60 seconds, are shown. On the right the obtained relative

differences in the distance travelled as compared to the best known solutions, for all sets of instances, when solving for 60 seconds, are
shown.

For larger problem instances often solutions are found which use more routes but require less distance
to be travelled. Because of the hierarchical objective structure it can at least be concluded that the route
reduction procedure (as described in Section 6.2.4) is not able to be on par with state-of-the-art methods
when allowed only 60 seconds of computation time. Given that this algorithm is merely a relatively easy
implementable variation upon a more extensive method described in the literature and is tested under severe
time constraints, this is not surprising. Also, given that route reduction is not an objective of the instances
described in Section 7.1.1, this is not seen as a problem.

Furthermore, it appears that solutions with fewer routes will generally require more distance to be trav-
elled. Because of this effect, it is hard to draw conclusions about the ability of the solver to nd solutions with
a minimal distance travelled when a solution with the same number of routes is not obtained.

In an attempt to be able to draw such conclusions regarding solver performance, experiments on the
instances with approximately 500 requests were performed again, now with 600 seconds of available compu-
tation time. A summary of the quality of the obtained solutions as compared to having 60 seconds of available
computation is shown in Figure 6.8. Solutions with the same number of routes are now obtained for at least
20% of the problem instances. When only looking at these problem instances it can be seen that the relative
differences in terms of the distance travelled are more or less between 0 and 10% as compared to the best
known solutions which were found without any restrictions on the amount of available computation time.

In presenting these results it is worth mentioning that a large part of the 600 seconds is spent trying to re-
duce routes. The R&R procedure, which actually minimises distance, only operates during a relatively small
portion of the available computation time. Furthermore, on the majority of the instances the relative differ-
ence in distance travelled ranges roughly between +10 and -10% with a mean around zero. Therefore, when
looking at minimising the distance travelled, even though no hard conclusions may be drawn, it appears that
when using the developed solver at least solutions within 10% of the best known solutions can be found on
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relatively large problem instances within the order of magnitude of seconds. Furthermore, every best known
solution found by Ropke and Pisinger [19] is found within 60 seconds of computation time.

Also, when speci cally looking at computation times, it can be seen that all best known solutions for
instances with approximately 50 requests are, on average, found in 1052 milliseconds. When four outliers,
in terms of computation time, are neglected the average even becomes 139 milliseconds. This means that
the same or better results are obtained over 7400 times faster than reported by Li & Lim [30] and over 470
times faster than reported by Ropke and Pisinger [19]. In doing so it can be concluded that the developed
implementation is able to signi cantly outperform both implementations, even when Moore's law is taken
into account which suggests that computational power must have grown by a factor 64 (2 °) over the past 12
years.

Finally, in presenting these results it is worth mentioning that the developed solver does not produce fully
deterministic results. This is caused by the parallelised R&R procedure which, depending on the run time of
individual threads, may sometimes nd certain solutions improvements faster. Given that any solution im-
provement causes a global solution update which is used by all threads during following iterations, obtaining
a (slightly) different solution can steer the solver into a different direction within the solution space. This
often causes the solver to get stuck or terminate at a different location within the solution space. As at least
hundreds of solution improvements are generally found during each optimisation and hundreds of iterations
are performed per second, this behaviour is almost certain to occur which means that, with relative certainty,
it can be said that no two solutions will be the same when the best known (or optimal) solution is not found.
As in the literature the best results, after running the same experiment multiple times, are often presented
[33], the conclusions drawn in this section still hold even as each experiment is run only once.

Figure 6.8: Summary of the results available in Appendix C. On the left the obtained relative differences in the number of routes as
compared to the best known solutions, for instances with approximately 500 requests, when solving for 60 and 600 seconds, are shown.
On the right the obtained relative differences in the distance travelled as compared to the best known solutions, for instances with
approximately 500 requests, when solving for 60 and 600 seconds, are shown.

6.4. VISUALISATION

A visualisation tool is developed to be able to visually inspect solutions. This tool is not only able to visualise
solutions after the optimisation is performed but is also able to dynamically visualise the global best solution
while an optimisation or simulation is actually running. The tool consists of two views namely the timetable
view and the routes view. Both views are visualised in Figures 6.9 and 6.10. It is worth mentioning that these
views, besides them being dynamic, can also be interacted with.
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Figure 6.9: Zoomed-out timetable view of the visualisation tool. Time is listed on the x-axis. Each row represents a vehicle. The grey
blocks indicate that a vehicle is travelling. The blue blocks indicate that a vehicle is ful lling a task. The visualised solution is the best
known (found) solution belonging tothe  Ic1_10_1 problem instance which belongs to the set of SINTEF benchmark instances described
in Section 6.3.1. This instance contains 527 requests and the solution requires 100 vehicles.

Figure 6.10: Routesview of the visualisation tool. Time is represented by the vertical z axis. Space is represented by the x and y axes. Each
line represents the route of a vehicle through space and time. The vertical line segments indicate that a vehicle is stationary for a certain
amount of time which suggests that it is ful lling a task. The visualised solution is the best known (found) solution belonging to the
Ic1_10_1 problem instance which belongs to the set of SINTEF benchmark instances described in Section 6.3.1. This instance contains
527 requests and the solution requires 100 vehicles. The depot location of this instance (where all vehicles start and end) is located in
the middle of the x and y axes.



EVALUATION

To evaluate the anticipatory method, a variety of experiments is required to be performed. To do thisin a con-
trolled environment, where the contribution of the anticipatory method can be isolated, it is decided to use
numerical simulations. How these simulations are set-up, and which problem instances will be solved while
simulating, will be described in Section 7.1. Given that real-time simulations take a considerable amount of
time and running a variety of experiments is desired, the effect of the simulation speed is rstinvestigated, in
Section 7.2, to determine if time-consuming experiments can be run using less computation time. The pre-
diction model of the anticipatory method has several parameters that are required to be set. To investigate
the sensitivity of the anticipatory method to these parameters two additional sets of experiments are covered
in Section 7.3 and Section 7.4. Finally, to meet both research goals and investigate how multiple strategies
perform on a range of problem instances, four strategies are compared in Section 7.5.

7.1. EXPERIMENTAL SET-UP

In this section the experimental set-up used to perform numerical simulations is covered. First, the real-
world problem instances and historical data that is used are described in Section 7.1.1. Second, an analysis
of the instances and the historical data is performed in Section 7.1.2. How, based on this analysis, several
method parameters are set is described in Section 7.1.3. Other optimisation strategies that are used to com-
pare the performance of the anticipatory method to, are described in Section 7.1.4. Then, how the multiple
required components for evaluation are implemented is described in Section 7.1.5. How these components
are combined in order to perform simulations is described in Section 7.1.6. Finally, the hardware used for
running these experiments is described in Section 7.1.7.

7.1.1. INSTANCES

Obtaining problem instances that meet all conditions required to be used for evaluation of the anticipatory
method is challenging. This is because not only a set of dynamic requests is required but also a much larger
set of historical requests is required. Because of the latter, the few synthesised Solomon-based benchmark
instances [73] available for dynamic pickup and deliver vehicle routing can not be used for evaluation.

This means either a large amount of effort should be put into synthesising data or data should be found
elsewhere. Given that the signi cance and objectivity of self synthesised data will always be questionable, es-
pecially when the goal is to nd patterns in the occurrence of requests, it is decided not to synthesise problem
instances.

Instead it was decided, prior to this research, to collaborate with industry so that real-world instances
could be obtained. Therefore, this research is performed in collaboration with ORTEC. This collaboration has
made it possible to make use of data of one of their customers. The customer in question is a transportation
company who deals with the relatively urgent delivery of owers to and from growers, distributors and auc-
tions in The Netherlands and Belgium. The company will be referred to as "the transportation company" for
the remainder of this thesis.

In creating problem instances using data from the transportation company, a signi cant amount of time
is spent on approximating the real-world problem as close as possible. Measures that are taken to do so are
described below.
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REQUESTS

Hundreds of thousands of actual historical requests are extracted from copies of production databases. Al-
most all request parameters are literally being used. The only parameters that are synthesised are the duration
of the pickup tasks and the duration of the deliver tasks. These durations are set to equal the request quantity,
only then in minutes. Given that the quantity of requests ranges from 1.0 to 43.0 (a full vehicle load), unload-
ing a full vehicle is estimated to take 43 minutes. These values are con rmed to roughly coincide with reality
by an ORTEC consultant. Finally, both the pickup and deliver time windows of all requests are required to end
later than 06:00:00 AM and should start before 18:00:00 PM to ensure that all requests can be ful lled while
vehicles are available. Requests that do not meet these constraints are neglected.

VEHICLES

A suf cient number of a 100 vehicles is assumed to be available at each one of the ve actual depot locations

of the transportation company. Each vehicle is required to return to the same depot location as it originated
from. Furthermore, vehicles are assumed to have a capacity of 43.0 in the unit of the to be transported goods,
just as is the case in reality. Finally, all vehicles are assumed to be available, each day, between 06:00:00 AM
and 23:59:59 PM.

DISTANCE AND TRAVEL TIME VALUES
To obtain realistic distance and travel time values, hundreds of thousands of addresses are geocoded using
ORTEC cloud services to obtain actual coordinates for all locations. Using these coordinates, tens of millions
of fastest path calculations are performed using ORTEC cloud services to obtain actually used distance and
travel time matrices speci cally for the type of vehicles that is used by the transportation company.

DATES

Given that the available data sources contain requests up to 2018, all instances are created using request
data belonging to the year 2017. Furthermore, given that the transportation company dispatches vehicles
every single day, each day is seen as a separate possible problem instance. To circumvent having to deal
with historical data that is inconveniently stored in either winter or summer time, dates of instances were
chosen so that all data within the same historical data-set makes use of the same time zone. Furthermore, it
was chosen to use 8 weeks of historical data for each instance. The created problem instances are listed in
Table 7.1. For the remainder of this thesis, these instances will be referred to by their name as listed in the

rst column of the table. Based on the start of the summer time (March 26

th in 2017) and the fact that two

months worth of historical data are required, instances A through E are chosen to represent each day of the
work week of week 22. To have no overlapping data with the rst set of instances, the instances F through J
are chosen to represent each day of the work week of week 32. The DOD of the described instances ranges
from 0,70 to 0,93.

Table 7.1: Created problem instances

Name Date Weekday Requests [#] \ Historical data used for prediction

A 2017-05-29 | Monday 1.655 2017-04-02 UTAI 2017-05-28, 59.633 requests
B 2017-05-30 | Tuesday 1.399 2017-04-03 UTAI 2017-05-29, 59.900 requests
C 2017-05-31 | Wednesday | 1.227 2017-04-04 UTAI 2017-05-30, 59.965 requests
D 2017-06-01 | Thursday 1.179 2017-04-05 UTAI 2017-05-31, 60.498 requests
E 2017-06-02 | Friday 949 2017-04-06 UTAI 2017-06-01, 61.489 requests
F 2017-08-07 | Monday 1.251 2017-06-12 UTAI 2017-08-06, 38.699 requests
G 2017-08-08 | Tuesday 821 2017-06-13 UTAI 2017-08-07, 38.400 requests
H 2017-08-09 | Wednesday | 840 2017-06-14 UTAI 2017-08-08, 38.147 requests
| 2017-08-10 | Thursday 722 2017-06-15 UTAI 2017-08-09, 38.147 requests
J 2017-08-11 | Friday 474 2017-06-16 UTAI 2017-08-10, 37.788 requests

7.1.2. HISTORICAL DATA ANALYSIS

After processing the raw data to create the instances described in Section 7.1.1, several tables of historical
data are obtained. The contents of these tables is as listed in Table 7.2. In an attempt to better understand the
data that needs to be dealt with, an analysis of the data is performed.
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