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Chapter 1

Introduction

In this chapter we rst present the motivation for the resbaddressed in this thesis. Next,
we introduce the framework that we focus on together withsitepe of this research. Fi-
nally, we give a short overview of the applications congdein this thesis and the main
contributions.

1.1 Motivation

Transportation systems such as conveyor systems [55§; sydtems [15] 44], distribution
systemsl[9, 49, 59], and others have always had and will moatio have a major impact
on both our personal lives and society as a whole. From tHestatimes we have relied
on transportation systems to carry bulk resources, to gt ashool or work, or to travel
around the world. We have gone from horse-drawn carts anglsihicycles to high speed
trains and space shuttles. What used to be considered aI(exgt, owning a car) is now
a necessity. Also, there is an increasing need in develogafe, ef cient, and reliable
automated systems for transporting and sorting any kind aterials (see, e.gl, [64] for
systems that transport and sort fruits and vegetables).

We live in a time of continually increasing dependency on eradransportation sys-
tems. Also, due to the increasing need to transport and nasterf farther, and cheaper, we
have become major users of transportation systems. Hdreepmbination of the contin-
uously increasing need for reduction of cost of the transipoiustry and rise of low-cost
carriers requires a cost effective operation of these aatedsystems.

Let us now consider the applications that we focus on in thesis, namely the postal
automation in mail sorting centers and baggage handlingpois. One can notice during
the last decades a considerable increase in the volume cizim®g, catalogs, and plastic
wrapped mail items that have to be handled by mail sortingecsn In the earliest times
the process of sorting the mail involved a series of opematigith human hands at work
every step of the way. This manual process consumes a lomef aind human energy.
Therefore, nowadays, state-of-the-art mail sorting asrdee equipped with dedicated mail
sorting machines in order to be able to handle the large vedumfimail. A similar need for
automatization occurred also in airports where the coimimgrowth of the airport traf c
made the manual operations of handling the baggage too sixgerMoreover, even the

1



2 1 Introduction

conventional sorters based on conveyor belts [10] are biexptoo slow in large and busy
airports. Note that for large and busy airports, the bagdegelling system is one of the
most important factors that determines the airport's efrty and reliability. Therefore,
high speed transportation is required. To this aim, stétheart baggage handling systems
handle the baggage in an automated way using fast indivicklatles. These vehicles
transport the bags at high speeds on a network of tracks [91].

We conclude the motivation for this research with the follogvremark. When the
transportation demand continues to grow and the operafitramsportation systems gets
closer to its limits, one can invest in additional infrasture, carriers, or sorting systems.
As an alternative to solve this problem, in this researchrwestigate, develop, and design
a more ef cient operation of the considered transportatigstems by employing state-of-
the-art control methods![8] and optimization techniqueli [fat also use domain speci c
knowledge.

1.2 Framework and scope of the thesis

In this thesis we focus on a speci ¢ class of transportatimteams, characterized by materi-
als! being processed while they are transported by conveyagmgsbr other transportation

mean$ such as sorting machines, baggage handling, and distibsgistems. These trans-
portation systems have a common modeling framework sireyedte dynamic systems that
exhibit both continuous and discrete dynamics. Hence clhiss of transportation systems
can be modeled as hybrid systems [58, 90]. Let us take as de#neparts of these systems
that consist of conveyor belts. Then the transport of maltedn the conveyors can be mod-
eled as a continuous process, characterized by, e.g.,d¢led s the conveyor, which can in

principle be adjusted continuously. Actions like feedimgitem on the belt, removing the

item, rerouting it, etc. provide discrete actions on theeys

Next we present the scope of this study. Due to increasingdds) the focus of indus-
try is shifting from ensuring safe and automated operatioartsuring quality, reliability,
and performance maximization. But, typically, the perfamoe of automated transportation
systems is limited by mechanical capabilities (such as mari speed of the transportation
means), by the performance of the process devices (ad@éading devices, bar code read-
ing devices, scanners, etc.), and also by the sorting artthgoschemes. In this research
we consider the mechanical capabilities and the performahthe process devices to be
given.

Typical control problems of the speci c class of transpticla systems that we consider
in this thesis — transportation systems handling materiaége the following: coordination
and synchronization of the processing units, preventigamf and deadlocks, prevention
of buffer over ow, avoiding damage of the goods, maximiratof performance, and cost
minimization.

In this thesis we investigate methods that can be used tadesttly control the consid-
ered class of transportation systems so that their oveealbpnance is maximized when
taking into account the issues we have just enumerated —} teaathe mechanical capa-

1we will not consider transportation systems for people dnmly for materials.
2E.g. in large airports baggage is transported not only usimyeyor systems, but also using fast individual
vehicles.



1.3 Research overview 3

bilities and the performance of the process devices areidenesl to be given; moreover,
in this thesis we do not consider the problem of minimizing ttosts. Currently, most
higher-level control methods for these systems are baseeiotnalized control and/or on
ad-hoc techniques. But centralized control of large-ssgtems is often not feasible in
practice due to computational complexity, communicatieerbead, and lack of scalability,
while using ad-hoc techniques, typically, does not yiele liest possible performance of
the system.

Note that in this thesis we consider only two applicationthef class of transportation
systems that handle materials, namely sorting machinesilsorting centres and baggage
handling in airports. However, the control approaches Watdevelop in this thesis are
not restricted to the considered applications only, buy ttan similarly be applied to other
transportation systems, e.g., power distribution syst@maswater management, automated
guided vehicles in warehouses, or traf ¢ systems.

1.3 Research overview

This section gives an overview of this research, emphasia@pplications that we focus
on.

Postal automation

First we discuss the postal automation application. Theszetwo types of mail sorting
machines, the rst designed to process postcards and setitd, the second designed to
handle large mail items such as newspapers, catalogs, ayel&ters. In this thesis we
focus on the latter. These large mail items are shortly délkgs”. Brie y, a state-of-the-
art at sorting machine, operates as follows. First, thes are fed into the machine via a
feeding device. Then conveyor systems transport the atls aconstant speed towards the
sorting part of the machine. Meanwhile, the stamp used fetgue is voided, the address
and the postal code are located, and the necessary infomisgxtracted and printed on the
atin form of a bar code. This ensures a transport delay lihgeveral seconds allowing the
system to achieve sorting information on-line before thd itean reaches the code printing
phase. Next, the ats (which have been previously identivéd bar codes) are inserted
into transport boxes by inserting devices; the boxes cémypieces with constant speed
and sort them into their destination bins, see, e.g., Fidiulleand Figuré 112, according to
the selected sorting scheme. Figlrd 1.1 illustrates thienggpart of a state-of-the-art at
sorting machine developed by Siemens. This at sortingesystonsists of transport boxes
at the top, one level of intermediate pockets that can haldraé ats in order to sort the
items into delivery sequence, and destination bins (thgtiplains of Figuré 1]2).

The throughput of a basic system sketched above can be atepney designing a
system where the bottom part consisting of destination bamsmove bidirectional with
variable speed.

Then for the new system (where the bottom part can move) weugd simulation to
determine a fast event-driven model. This model of the atiag system will then be used
for model-based control. The goal of the model-based cetsas to compute the speed
pro le of the bin system that maximizes the throughput of sloeting machine.
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Figure 1.1: Sorting part of a at sorting machine. Picturewgge: Siemens AG, Infrastruc-
ture Logistics, 2009.

Figure 1.2: Dropping a atinto a bin. Picture source: Sien®eAG, Infrastructure Logistics,
2009.
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Problem statement One can state the control problem that we want to solve a#sll
Given a buffer of ats known in advance due to the delay linghef ats' preparation phase,
the optimal speed pro le of the bin system has to be computdtiat the throughput of the
sorting machine is maximized.

Control approaches In order to compute the optimal speed pro le of the bin systesm
will implement and compare different variants of optimahtol with various degrees of
complexity, namely: (1) optimal control with a piecewisenstant speed on time intervals
of variable length, (2) optimal control with a piecewise stamt speed on time intervals of
constant length, (3) optimal control with a constant speed, (4) model-based predictive
control with a piecewise constant speed on time intervat®ngtant length. The considered
control methods will be compared for several scenarios.

In uence of the structural changes In this thesis we will also discuss the in uence of
the structural changes on the throughput. In particulamwileconsider structural changes
such as increasing the number of feeding devices, chanig@igdorresponding inserting
point around the transport boxes, and increasing the \glotthe transport boxes.

Baggage handling

Regarding the baggage handling process in large and bysyrsir we consider the most
challenging part of the automation, namely the part of thgghge handling system where
the bags are transported at high speeds by destination eetiédes (DCVSs) running on
a network of tracks, see e.g. Figure 1.3. As illustrated guFé 1.3, a DCV is a metal
cart with a plastic tub on top, being propelled by linear iciiibn motors similar to roller
coasters.

Currently, the track networks on which the DCVs transpoet blaggage have a sim-
ple structure, the DCVs being routed through the systemgusinting schemes based on
preferred routes. These routing schemes adapt to respotid: @ecurrence of prede ned
events as follows. Each junction has a logic controller atabiup table storing preferred
routes from that junction to all unloading stations. Herit#&e currently preferred route
is blocked due to e.g. jams or buffer over ows, then the nexbé-preferred-route of the
lookup table is chosen and the switch out of that junctionggted accordingly. However,
the load patterns of the system are highly variable, depenain, e.g., the season, time of
the day, type of aircraft at each gate, or the number of passerior each ight [17]. So,
prede ned routes are far from optimal. Therefore, in thissis we will not consider prede-
ned preferred routes, but instead we will develop and cora cient control methods to
determine the optimal routing in case of dynamic demand.

Problem statement One can state the route choice control problem as followserGa
demand of bags (identi ed by their unique code) enteringdi®d/-based baggage handling
system, and the network of tracks, the route of each DCV (faogiven loading station to
the corresponding unloading station) has to be compute@gciio operational and safety
constraints, such that all the bags to be handled arriveeiteénd points within given time
windows.
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Figure 1.3: DCVs running on a network of tracks. Photo cosytef Vanderlande Indus-
tries.

Control approaches and control frameworks In order to ef ciently determine the route
choice of each DCV, we will rst consider predictive and histic control approaches.
These control methods will be implemented in a centralidedentralized, and distributed
manner. Furthermore, we will also propose a hierarchicatrobframework that consists
of a 2-level control structure with local switch controBext the lowest level and one higher-
level supervisory network controller. In this control frawork, switch controllers provide
position instructions for each switch in the network. Théemion of switch controllers is
then supervised by a network controller that mainly takes céthe ow instructions for
the switch controllers.

Computing the optimal route choice yields a nonlinear, morex, mixed integer opti-
mization problem. The computational efforts required ttedmine the optimal route choice
are high, and therefore, solving this optimization probleay become intractable in prac-
tice. Consequently, we will also present an alternativeaggh for reducing the complexity
of the computations by writing the nonlinear optimizaticwolglem as a mixed integer lin-
ear programming (MILP) problem. The advantage is that fot Ribptimization problems
solvers are available that allow us to ef ciently compute tilobal optimal solution. The
solution of the MILP problem can then be used directly or asnitfal starting point for
the original optimization problem. To assess the perforeaf the proposed control ap-
proaches and control frameworks, we will consider a benchmese study, for which the
methods will be compared over several scenarios.
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1.4 Main contributions

The main contributions of this research with respect togd@ttomation and baggage han-
dling are the following:

Postal automation

We will propose an event-driven model for the continuounseti at sorting system
which has been designed such that the destination bins cea Iondirectionally with
variable speed.

We will develop and compare ef cient model-based controtimes to compute the
speed pro le of the destination bins that maximizes the aigfgput of the at sorting
machine. In particular, we will consider variants of optlroantrol with gradually
decreasing complexity and model predictive control.

Baggage handling

We will propose an event-driven model for the continuonsetDCV-based baggage
handling system that will be used for model-based control.

We will develop and compare ef cient model-based controtimes to compute the
optimal routing of DCVs transporting bags from a given amitp a given destination

such that the performance of a DCV-based baggage handlgtgrsyis maximized.

In particular, we consider centralized, decentralized] distributed model predic-

tive control, and heuristic approaches. We will also prepasierarchical control

framework for determining the route choice control of a DBased baggage han-
dling system.

1.5 Thesis outline

The objective of this thesis is to develop ef cient contradtinods that can be used in order to
increase the ef ciency of the considered transportatisieays (sorting machines for large
mail items in post sorting centers, and baggage handlingpoms). Figure 1.4 presents a
graphical road map depicting the organization of this thesi

According to this graphical road map, the persons intedeist¢he postal applications
only should read the thesis using the following order: Céaegt Section 2.1 and 2.2.1
of Chapter 2, Chapter 3, and Chapter 5. The persons intdresteaggage handling only
should read the thesis using the following order: ChapteCHapter 2, Chapter 4, and
Chapter 5.

The thesis is structured as follows. In Chapter 2 we brietyaduce the concepts of op-
timal control and centralized, decentralized, distribytnd hierarchical model predictive
control that will be later on used in this thesis in order toimally transport (sort or route)
the to be handled items ( ats or bags respectively). Fordlemtrol methods we present
the theoretical framework, the algorithms that can be usedder to solve the optimization
problems, together with their advantages and issues.
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Chapter 1.
Introduction

Chapter 2.

Optimal and mode
predictive control

[ ]
| l

Chapter 3. Chapter 4.
Postal automation Baggage handling

|

\ Y
Chapter 5.

Conclusions and
future research directions

Figure 1.4: A road map of the thesis.

Next, in Chapter 3, we present the postal automation agjaita First, we describe
the automated sorting process and the current issues o$sa afaat sorting machines in
general. Then, we propose a new design for a at sorting ayskairthermore, we elaborate
the simplifying assumptions made in order to obtain a fasttion model, the continuous-
time event-driven model to be used, the operational consstaand the control objective
that has to be achieved. Next, we propose several controbapipes for determining the
velocity of the system transporting the bins, and compageptfoposed control methods
based on simulations. Finally, we also discuss the in uesfdbe structural changes on the
throughput.

In Chapter 4 we present the baggage handling applicationst, kve describe the au-
tomated baggage handling process and the current contiollons of a baggage handling
system. Afterwards, we present the simplifying assumgtimade in order to obtain a fast
simulation model, the nonlinear event-driven model of tHe\MEbased baggage handling
system, the operational constraints, and the desired aooibjective. Furthermore, we
propose several control approaches for determining thenaptouting of bags through the
baggage handling system and then we compared them (basidudat®ons) on benchmark
case studies, over a set of scenarios.

Finally, in Chapter 5 we present the conclusions of thisithasd possible directions
for future research.



Chapter 2

Optimal and model predictive
control

In this chapter we brie y introduce the concepts of optimahtrol and model predictive
control that will be later on used in this thesis. The chajgestructured as follows. In
Section 2.1 we present the theoretical framework, the @viginumerical optimization al-
gorithms, the advantages, and the issues of optimal corsoit will be noted in Section

2.1, the optimal control method becomes intractable intpraor any systems with large
control horizon as the ones that we consider in this thesigerdfore, in Section 2.2 we
also introduce the concept of model predictive control weh&maller optimization prob-
lems have to be solved. However, since centralized modéigirnee control may still re-

quire high computational efforts, in Section 2.2 we alsocdbg the working principle of
decentralized and distributed predictive control apphesc Finally, we will also introduce
the concept of hierarchical control which will be then cormda with the concept of model
predictive control.

2.1 Optimal control

Several methods for solving dynamic optimization probldrage been developed. In this
section we present the general concept of optimal contnel,algorithms that could be
used to solve the resulting complex optimization probleansl, also the advantages and the
disadvantages of this approach.

2.1.1 Theoretical framework

Optimal control is a standard method for solving dynamidrojziation problems, when
those problems are expressed in continuous time. The dptoné&ol problem consists of
nding the time-varying control law( ) for a given system such that an objective function
J is optimized while satisfying the operational constraintposed by the model, see, e.g.,
[37, 46, 53]. Hence, this is an open-loop approach (the obitputs of the system are
computed using only the current state of the system and tlkehod the system). So, the

9



10 2 Optimal and model predictive control

open-loop approach does not use any feedback to determiethertthe desired goal has
been achieved.

:

. !

. optimal controller !
linitial |
' measurements

,,,,,,,,,,,,,,, - optimization control inputs
control

———=| actions
objective,
constraints

real system

Figure 2.1: Optimal control — working principle. The conltaxtions that the optimal con-
troller obtains as result of solving the optimization preb over the entire simu-
lation period, become control inputs for the real systemféealback involved).

As illustrated in Figure 2.1, the formulation of an optimahtrol problem requires the
following information:
a model of the system to be controlled,
an objective function to be optimized,

boundary conditions and other operational constraintsherstates, the inputs, and
the outputs of the system, and consequently of its modelifih&s and the outputs
of the system correspond to the control actions and the memsumnts of the optimal

controller, respectively).

Then the standard formulation of an optimal control probéam be written as follows:

min J(x(to); u)

subject to
( X(to);u)= 0
( X(to);u) O

where

X(to) is the staté of the system at time instatwith tg the initial simulation time,
u represents the continuous control actions for all the imcigariable$ over the
simulation periodtg;to+ ™) with 5™ the length of the simulation period,

( x(tp);u) = 0 is the system of equality constraints,

( X(tg);u) Ois the system of inequality constraints.

The system of equality and inequality constraints of theddad formulation above de-
scribes the continuous-time model of the real system arapisational constraints.

Note that for some problems the exact model of the systembearmitten analytically,
and then optimal control methods can give the global optsuokition only if the problem is

1Consider a traf ¢ light controlled intersection with 4 arraed 4 traf ¢ signals. Then the state of the system
at a given time instant consists of the length of queues okéficles in front of each traf c light at that time
instant. Then the decision variables can be for exampleirte instants when the color changes for each traf ¢
light.
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convex or if the solution can be computed analytically, seg., [23, 29, 62]. However, for
systems with models that cannot be written analytically,, &ontinuous-time event-driven
systems as those we refer to in this thesis, one can use roaneptimization algorithms
to compute the optimal solution, see Section 2.1.2. Howemehis case the continuous
adjustment of the control sighal so as to optimize the objedtinctionJ is not possible
using digital control. Hence, in practice one has to dispeathe model and to compute a

with tg given byty = to+k s.
Then the standard formulation of a discrete-time optimakicd problem becomes:

min J9(x(to); U )
subject to
d(x(to);U ) = 0
d(x(to);U) O

where the system of equality and inequality constraints/atatescribes the discrete-time
model of the real system and its operational constraintanpes of such formulation can
be found in Chapter 3 and Chapter 4.

2.1.2 Numerical optimization algorithms

The solutions to most optimal control problems cannot benébly analytical means. As
a result, it is necessary to employ numerical methods toesoptimal control problems.
Over the years, many numerical procedures have been ded:lofsolve optimal control
problems as will be detailed next.

In order to solve nonlinear, nonsmooth optimization protgeone may use specialized
search algorithms [31] such asquential quadratic programmirajgorithms [28], ompat-
tern search4], genetic algorithm¢$67], andsimulated annealinfl8]. Furthermore, if the
optimization problem is also a mixed integer problem, thea oan solve it using the pre-
vious algorithms adapted to compute control inputs thatesgicted to integer values, or
other specializethixed-integer nonlinear programmiraggorithms [35, 54], otabu search
[32].

Note that all these algorithms performacal search starting from initial search points
which are either xed, given by the user, or randomly chosgrthe optimization algo-
rithms. As a consequence, they tatal optimal solutions. Hence, these algorithms do not
guarantee the global optimal solution. Therefore, for atgms that start the search from
xed or random points given by the user one should use matipitial points while for
algorithms that start the search from random initial fel@séiolutions (randomly chosen by
the optimization algorithm), one has to start the optim@ateveral times, and hence, use
multi-run optimization.

2.1.3 Advantages and issues

One advantage of optimal control is its ability to contro$t®ms with multiple inputs and
multiple outputs, and also its explicit way of handling ctvamts on control actions, states,



12 2 Optimal and model predictive control

and outputs. Another advantage is that optimal control oggltan give the optimal so-
lution when the exact model of the real system can be writtealyéically. However, in
practice many of the systems to be controlled are highlyineat, and their exact and ac-
curate model cannot be written analytically.

In theory this control method gives the global optimal siolot and consequently the
best performance of the real system if the model expressesahsystem accurately. More-
over, in practice determining an accurate model of a reaésyss not always possible. And
since the optimal control method is open-loop, the modeihmaish typically yields loss in
the system's performance. Furthermore, in order to uselgfegithms above one may have
to rstdiscretize the system. Then, depending on the dycami the system one may need
a small sampling time, and consequently, one has to complatg@ sequence of control
signals since we determine the optimal control sequencthéentire simulation period.
This will result in a large computation time when solving thygimization problem. Also,
for systems where the optimal control method has to comggeaslution of a nonlinear,
nonconvex, nonsmooth, (mixed integer) optimization peablthis control method requires
very large computational effort to determine the optimdugon. This occurs since the
state-of-the-art numerical optimization algorithms desd to solve these complex prob-
lems can only determine local solutions (see, e.g., Se&iar2). In order to get closer
to the global solution, one has to use multiple initial psintherefore, for those systems,
optimal control, usually, becomes intractable in practidaother issue of optimal control
is its robustness [53, chapter 9], since due to eventualrtiiahces, when applying the opti-
mal control actions to the real system, the states of thesystay not satisfy the imposed
bounds.

2.2 Model predictive control

Since using optimal control yields high computational iegments to determine the opti-
mal control inputs for event-driven systems as the ones Weavisider in the next chapters,
in this section we introduce the concept of model prediativetrol (MPC).

2.2.1 Centralized MPC

MPC is an on-line control design method for discrete time etedhat uses the receding
horizon principle, see, e.g., [11, 57, 65]. Therefore, tioistrol method is also referred to as
receding horizon control or moving horizon control. Sintsedievelopmentin 1980 [14, 68],
MPC has become the preferred control strategy for a largebeuf industrial processes.
Currently, MPC is viewed as one of the most promissing conteihods that can deal with
nonlinear systems that are subject to operational constrai

MPC is a control strategy that is typically used in a disctetee context. Next we
present the working principle of basic MPC. As sketched guFé 2.2, at some time in-
stant, the MPC controller measures or estimates the cistatetof the real system. Let this
time instant be denoted hy = tg +k s with tg the time instant when we start the simula-
tion, sthe sampling time, ankl 0 an integer. Then, given a prediction model of the real
system, the MPC controller computes control actions byisglan optimization problem
subject to the prediction model's dynamics and its openaticonstraints as follows. Given



2.2 Model predictive control 13

real
system

control
inputs measurements

MPC controller

control
actions objective,
—

constraints

Figure 2.2: Basic MPC — working principle.
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Figure 2.3: Conventional MPC when we deal with one decisiamable during a sample
period. At time step k the future control sequen@@u::;u(k+N;- 1) is opti-
mized such that the objective function J is minimized stibjetbe dynamics of
the system and their operational constraints.

a prediction horizomN, and a control horizohl; with Nc  Np, at time stegk (correspond-

vector of decision variables during the time perjbgdtc.1) — are computed (see Figure
2.3) by solving a discrete-time optimization problem oveyiven periodty;tc + Ny s), SO
that the cost criteriod is optimized subject to the operational constraints. Tipetsignal
is typically assumed to become constant beyond the coraraddn, i.e.,

u(k+j)= u(k+Nc- 1) for j = Ne;::i;Np- 1 (2.1)

After computing the optimal control vectors, only the rsirrol vector (corresponding to
the time periodty;tk+1)) is implemented on the real system, and subsequently theadmor
is shifted. Next, the new state of the system is measuredionaed, and a new optimiza-
tion problem at stefx+ 1 is solved using this new information. In this way, a feedbac
mechanism is introduced. Recurrently, we apply this pracedntilk = k™.

The standard formulation of an MPC optimization problem d@n be written as fol-
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lows:
nglg Jk;NC;Np (x(t); U (k)
subject to
( X(t);U (k)= 0
( X(t);U (k) O
where

X(tk) is the vector of state variables at time instgnt
U (K) is theN¢-tuple that consists of all the decision variables to beiadmver the

( x(t);U (k)) = 0is the system of equalfyconstraints,
( x(t);U (K) Ois the system of inequalconstraints.

The main advantage of MPC over the optimal control methodhéd we now solve
smaller optimization problems. However, this comes at & of loosing performance
whenN; andN, are small relative t&5™. Note that in order to solve the MPC optimization
problems one can use the numerical optimization algorighrasented in Section 2.1.2.

Furthermore, one may notice that depending on the contmblpsediction horizons,
computing the solution of the optimization problem over &mtire simulation period may
still require high computational effort. In order to reduke computational complexity, one
can use variants of MPC that involve:

larger horizon shifting: Instead of applying to the real system only one control saropt

blocking:

of the computed control sequence, one can apply more sammpteshift
the horizon accordingly. This means that if at skape have computed the

the future control tuple at stelp+m. In this way the total computation
time required to compute the control over the pefigit,sim) is reduced by
100 ™1 o,

Instead of considering the control horizon constraint oetpressed by
(2.1), one can force the input to remain constant during sprade ned

intervals. So, one can de ne°k intervals of length 2lock;:::; Et'fl’occﬁ
block

so thataT; Plock = (N, with P an integer multiple of s for i =
1;2;:::;n0ock see, e.g., Figure 2.4. Then we compute the future control

J subject to the dynamics of the system and their operaticoradteaints,
wherev(k+i) for i = 1;2;:::;nPl°° is the control input corresponding to
the time intervallto +&}=Y PO%to+&l-; Pock) with 2, Plock= 0 by
de nition.

2The system of equality and inequality constraints of the M®dard formulation, describes the prediction
model of the real system over the given prediction horizashitsoperational constraints.
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Figure 2.4: MPC with blocking (we consider one decision ghté only during a sample
period). For this example, at time step k, we compute theratiuture control

can be derived as follows:

u(k+j) = v(i) fori= 1;2;:::;n°°%* and for allj 2 N satisfying:

e
=2
5]
(o]
~

CIE 2.2)

Another advantage of MPC is that it can handle structuraigha— such as sensor and
actuator failure changes in system parameters and systectuse — by regularly updating
or adapting the prediction model in combination with itsdieack mechanism.

2.2.2 Decentralized MPC

When dealing with large-scale systems, centralized MP® ienger tractable. Therefore,
for such applications one can divide the system into subgsystwhich are then indepen-
dently controlled by local controllers [43, 94]. Then we be#h a decentralized control
architecture, see, e.g., Figure 2.5, where given the laealigtion models, each local con-
troller solves a local optimization problem based on lon&bimation over the state of the
real system. This results in sequences of local contrabastihat can be applied to the real
system. For different applications of decentralized MPCr&fer to [1, 19, 69].

So, the advantage of decentralized MPC over the centradipptbach is that we now
independently solve simpler and smaller optimization peots resulting in lower compu-
tational requirements and faster control. However, thigaathge will be typically at the
price of decreased overall performance.
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Figure 2.5: Decentralized MPC —working principle.

2.2.3 Distributed MPC

In order to increase the performance of decentralized MR concept of distributed MPC

has been introduced. Distributed MPC is an extension of teglized MPC, where the

local MPC controllers also exchange information regardimgr future control actions

while solving local optimization problems, see e.g., Fgar6. Typically, the objective

of this communication is to achieve some degree of cooridinamong the local con-

trollers without solving a centralized MPC problem. Thipitohas been addressed in
[12, 13, 20, 60, 66, 93] where, e.g., serial versus parafidl synchronous versus asyn-
chronous coordination schemes are tackled. In serial ctatipn schemes, only one local
controller at a time performs computations, while in paadichemes, multiple local con-
trollers perform computations simultaneously. When thmgotations are performed in
parallel, the local controllers have to wait or not for on@tler when it comes to send-
ing and receiving information and determining which actido take; also they can send
and receive information and determine their actions at sng br at speci c time instants.

The asynchronous coordination schemes have a big advaovagehe synchronous co-
ordination schemes, namely that the local controllers ddhawe to wait for other agents
to perform their computations — they just have to includerteely received information

from neighboring local controllers at any time while solyitneir optimization problems.

In this work we will not focus on developing new coordinatchemes for distributed
MPC, but we will analyze the trade-off between performanmm@mputation time needed
for solving nonlinear, nonconvex, mixed integer optimiaatproblems with multiple lo-
cal minima, when applying ef cient centralized, deceritadl, and distributed MPC ap-

proaches.
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Figure 2.6: Distributed MPC —waorking principle.

2.2.4 Hierarchical MPC

In a hierarchical control set-up, see, e.g., [26, 72], thetrad tasks are distributed over
time and space. Such a set-up consists of several levelsnifotowhere controllers of
supervisory and strategic functionality reside at higbeels, while at lower levels the local
controllers must guarantee speci c operational objestiv any level, the local controllers
must communicate their outcomes and requirements to therlmvels (sometimes these
controllers even negotiate their outcomes and requiresneitih the lower and higher lev-
els).

Using MPC in a hierarchical framework involves multiple tah levels with author-
ity relationships between the local MPC controllers on thekent levels as illustrated in
Figure 2.7.

This framework can be characterized as follows:

It consists of multiple control levels with authority ratatships between the local
controllers on the different levels (local controllers &gher levels — also called

supervisory controllers — have authority over the contnaliat lower levels, whereas
the local controllers within a control level have equal awity relationships).

In general, the local controllers on different levels haiffecent objectives.

At higher levels typically less detailed models are congidewhereas at lower levels
more detailed models will be used.

The different levels of control deal with different time &= Typically the lower
levels in this hierarchy update their actions with a fastegfiency than the higher
levels.
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Figure 2.7: Hierarchical MPC with 3 levels of control. Thecll controllers on each level
communicate their outcomes and requirements to the lowet,land negotiate
their requirements with the higher levels.

The use of MPC in a hierarchical framework [42, 70, 71] hasady proven its useful-
ness in controlling transportation systems, see e.g. 1[6242].

2.3 Summary

In this chapter we have introduced the concepts of optimatoband model predictive con-
trol which will be later on used in this thesis for solving fiaear, nonconvex, mixed integer
optimization problems with multiple local minima. For eteafriven systems (as the ones
that we will deal with in the next chapters) where we have teieine the optimal solution
of nonlinear and nonconvex optimization problems, optiomaitrol becomes intractable in
practice for large horizon due to the high computationareffequired. For these systems
model predictive control (MPC) offers a reduction in the @lecomputation time by solv-
ing smaller optimization problems (over a relatively snpa#diction horizon only, instread
of computing the optimal solution over the entire simulatjgeriod). However, central-
ized MPC may still become intractable in practice for lasgade systems. Therefore, one
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can decompose the large-scale systems into subsystemaceordingly solve local MPC

optimization problems. The advantage of decentralized N&PLlower computation time

since we now independently solve local optimization protdeéhat are smaller and simpler.
However, this comes at the cost of suboptimality. But, byudimg communication and

coordination between local controllers, one obtains ithsted MPC which can improve

the ef ciency of the system. Finally, we have also presertdderarchical control frame-

work consisting of multiple control levels with authoritglationships between the local
controllers on the different levels. This control frametvavill then later on be used in

combination with the MPC concept.






Chapter 3

Postal automation

In this chapter we consider state-of-the-art at sortingchiiaes. The chapter is structured
as follows. In Section 3.1 we describe the automated soptingess and the current issues
of a at sorting machine. Afterwards, in Section 3.2, we poep a new design for the at
sorting machine. The simplifying assumptions and the ootiis-time event-driven model
to be used are presented in Section 3.3. Furthermore, iro8&ct we detail the operational
constraints together with the control objective. In Setb, we propose several control
approaches for determining the velocity of the system parts1g the bins. The analysis of
the simulation results and the comparison of the proposatt@anethods are elaborated
in Section 3.6. In Section 3.6 we also discuss the in uencefstructural changes on the
throughput. Finally, in Section 3.7, we draw the conclusiofthis chapter and we present
possible directions for future research.
Parts of this chapter have been published in [75], [79], &4dl [

3.1 State-of-the-art solutions

In this section we brie y describe the process performed lsyade-of-the-art at sorting
machine and its current issues.

3.1.1 Process description

The procedure performed by a at sorting machine consistasofprocesses: preparing the
ats and sorting them. During the preparation phase, thegtased for postage is voided.
Next, the address and the postal code are located and thesaegeformation is extracted
and printed on the at in the form of a bar code. Conveyor systéransport the ats during

the preparation phase with a constant speed. This ensurassport delay line of several
seconds allowing the system to collect sorting informatorline before the mail item

reaches the code printing phase. The performance of thingedevice, the length of these
conveyor belts, and their speed determine the maximal ahtdtime available to prepare
the mail for sorting. If the delivery information is not maeh-readable, an image of the
at will be transmitted automatically to the video codingssgm. An operator views the
address image on a monitor, reads the delivery informasiod enters it via a keyboard. If

21
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Figure 3.1: Sorting part of a at sorting machine. A full bis immediately replaced with
an empty one.

the delivery information is not obtained during the prepiaraphase, then an identi cation
code is assigned to the item and the at is inserted into aspriart box. This at will be
then dropped into a special bin where the non machine-réadad collected. However, if
the delivery information is acquired when the at is alreadythe transport box, then this
mail item will be reassigned to the correct destination bithen the mail item leaves the
preparation phase, it is inserted into a transport box ofthtéing process by the inserting
device, as sketched in Figure 3.1. The transport boxes ataised at the top part of a
at sorting machine and move counterclockwise (top view)haa constant speed. At the
bottom part of this machine destination bins are alignedentmat this bottom part does not
move in any direction (this part is static). Then the tramspox carries the at and deposits
it by dropping it into a destination bin according to the desion or postal code of the at.
This is how currently most of the at sorting machines are king.

Note that for the sake of simplicity of explanation, in thenander of the paper we will
also use the termsoxandbin when referring to dransport boxand adestination birof a
at sorting machine.

3.1.2 Current issues

The low-level control problems of this system consist ofdetining the feeding rate of the
sorting machine [56], positioning of the transport box wireserting the at, and synchro-
nizing transport boxes and bins when dropping a at in itsresponding destination bin.
At a higher level of control important problems are how tmedlte the destinations to the
bins and how to sort the mail items in delivery sequence order

Other issues related to the state-of-the-art mail sorijstesns in general, and applicable
also to the considered at sorting machine are: locatinglistination address and extract-
ing the necessary information, and also designing opticatacter recognition machines.
These topics have been treated to a very large extent in[403. [52], [97]. However, to
the author's best knowledge there is no public work anatyziow the ef ciency of this
system can be increased.
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Figure 3.2: Throughput versu%°™ when P = 1 m=s and W°°" varies between, e.g.,
- 0:5m=s and 0:5 m=s (W°°M js negative when the bottom system has the op-
posite direction of movement with respect to the top systding at sorting
machine has 1, 2, and 3 feeders respectively.

3.2 New design

In this section we investigate approaches to increase tbedhput of the at sorting ma-
chine. This can be achieved rst by making design changels as@augmenting the system
with additional feeders and also by moving the bin systenimédleft or to the right with a
given speed.

Motivation

The sorting system sketched in Figure 3.1 can be augmentdidiyg feeders. However, by
increasing the number of feeders only, which can increas¢httoughput of the machine,
one does not necessarily obtain the maximal possible timmutg As example we have
illustrated in Figure 3.2 the throughput versus the vejoeftthe bin system for a typical

scenario of 10000 ats. These results have been derivedusmevent-driven model that
will be presented in Section 3.3 and which has been impleaténtMatlab. However, since

the purpose of these plots is only to motivate the need foermatepth analysis of means
to increase the throughput of a ats sorting machine, we moli detail here how we derived
these results (the details are presented in Section 3.3).

The general trend of the throughput of a at sorting machinidd, 2, or 3 feedersis to
decrease when the bottom part of the machine moves in the diaeation as the top part
and when using a constant speed in the range¥tmQ5 m=s. Moreover, the throughput of
such a machine can decrease to O=atsvhen the bottom part of the machine moves in the
same direction as the top part and with the same speedg)L fihis happens since in this
case we can drop only the ats that are inserted in boxesipasitl on top of the destination
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bin with the same identi cation code as the at. Furtherofégure 3.2 shows that when
the sorting machine has one feeder only, and the bottom p#areanachine moves with a
constant speed, but in opposite direction than the top therthroughputis about 10 ats.
This happens since the inserting rate is 10=at§in the considered scenario the width of a
box is Q1 m and the velocity of the top partis 158} and as a consequence 10 erhpiyxes
pass under the inserting device within 1 second). The vepllstifferences in throughput
in this case are only in uenced by the time instant when tiseitzserted at is dropped. So,
the larger the stream of ats to be sorted, the larger thd satiding time, and consequently,
the smaller the differences in throughput for this case. mseilts illustrated in Figure
3.2 also indicate that augmenting the at sorting machintnwiore feeders increases the
throughput, and that typically increasing the relativeespbetween the top and the bottom
system also increases the throughput. However, the ewolofithe throughput versus the
velocity of the bottom part of the sorting machine is nordinand nonsmooth. However,
the peaks that appear cannot be predicted, but are dependéa stream of codes and on
the velocity used for the bottom system.

According to the results illustrated in Figure 3.2 (see,éhg throughput of a at sorting
machine with 2 or 3 feeders) one concludes that the througtigained with a static bin
system is not always optimal.

Therefore, in the new set-up, the bottom system transgptiimbins is also able to move
clockwise or counterclockwise (top view) with varying sged/oving the bottom part of
the at sorting machine, but with a constant speed, is culyeaiready being implemented
and operational.

Description

In order to increase the throughput of the at sorting maehiwe propose the new set-
up illustrated in Figure 3.3. The preparation of the atsdemtical to the one described
in Section 3.1.1. But now we want to simplify the previoustske Therefore, instead
of the feeding device and the preparation phase, we now denai buffer of ats with
known identi cation codes. Note that in this work we congitleat the delivery information
is always acquired on-line. The top system transportingbthiees moves as usual, with
a constant speed. The bottom system transporting the bms@a move clockwise or
counterclockwise with varying speed. The reason for thiwisncrease the number of
empty transport boxes and, hence, increase their avitjabil

New control problems

With this new set up, a new control problem arises: how tostdhe speed of the bottom
system, so that the throughput is maximized. In order to renthie optimal movements we
will implement advanced model-based control methods, haopimal control and model
predictive control (MPC). A detailed presentation of thesethods can be found in Section
3.5.

1The boxes that pass under the inserting device of a at prtiachine with 1 feeder are always empty when
the bottom part moves in opposite direction than the topgiade the at in a box will always be dropped before
that box passes again under the inserting device.
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Figure 3.3: New set-up for the at sorting machine: more feed moving destination bins

3.3 Event-based model

Later on we will use the model of a at sorting system for metaked control. There-
fore, in order to have a trade-off between a detailed mocglrgquires large computation
time and a fast simulation, in this section we present thekiging assumptions and the
continuous-time event-driven model to be used to deterthia@ptimal speed of the desti-
nation bins.

3.3.1 Assumptions

Consider the simpli ed process depicted in Figure 3.3 of asarting system withr feed-
ers. Accordingly, we considd¥ FIFO (First In First Out) buffers of ats. Note that the
sequences and the streams de ned throughout this chagtéreniepresented by (column)
vectors.

Let NPoxesandNPIns he respectively the number of boxes and the number of déistina
bins of the sorting machine. The width of a box will be dendigd®* and the width of a
bin will be denoted by".

To model the at sorting system we make the following assuorst:

A1: The width of the gaps between the boxes is assumed to be ibégligVe assume the
following relation satis ed:wPOXNPOXes= wPinNbins = |total \yith |01l the total length of
the sorting part of the at sorting machine.

A, The top system moves with a constant spe&d
As: The speed of the bottom system is piecewise constant.

A4 The at sorting machine ha§ inserting devices that are positioned equidistantly.
These inserting devices correspond tofhkeeders and are denoted hy:L:; Ig.

As: Each inserting device has a nite buffer of ats, with codéstare known in advance.
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Ag:

When using a sorting machine wihfeeders, the stream of codes|[s; Sp::: Syas]
— whereN 2 is the number of ats to be sorted during a sorting round —pig éto
F newstreams; = [S1 S @10 St]7, 2= [St+1 102 S26]7 000, S =[Sp-1)141 102 Syas]”

with f = N?a[s , Wherebxc denotes the largest integer less than or equal to

: The correct dropping (and consequently the correct stagldfia at into a bin is

controlled by a low-level controller. In the model that wetetenine, a at can be
dropped when the box carrying it is positioned on top of itstuation bin, see e.g.,
Figure 3.4. Moreover, the dropping of a at into a bin is asgahto be performed in a
negligible time span.

I Wboxl viop IWbOX I VioP

Figure 3.4: Positioning when the box transports the at todrepped in the bin below and

Ag:

the dropping is still allowed.

A full bin is replaced with a new one in a negligible time span.

Next we will discuss each of the assumptions above, stating thhe assumption is

required and whether or not it is (very) restrictive:

Aq:

Ao
As:

As:

Ag:

This assumption has been made without loss of generalgyputpose is to simplify
the explanation of the event-based model.

This assumption corresponds to state-of-the-art at sgrthachines.

Recall from Chapter 2 that the continuous adjustment of #ecity of the bottom
system so as to maximize the throughpafa at sorting machine is not possible using
digital control. Hence, the assumption tiva®"™ is piecewise constant is necessary.
Note thatA3 is not a very restrictive assumption since one can alwaysoappate an
arbitrary speed pro le arbitrarily well by a piecewise ctenrst speed pro le.

. The assumption that tHe inserting devices are positioned equidistantly is notriest

tive, in the sense that other positions for the insertingaésvare also allowed. How-
ever, this positioning will in uence the throughput of therng system. In practice
at sorting machines withF = 2 orF = 4 already exist and are commercially available.

This assumption corresponds to state-of-the-art at sgnihachines due to the follow-
ing reason. During the preparation phase, after extrabtimg each at its destination
address and postal code, an identi cation code will be asigo it. Hence, at any
time instant there will be a buffer of ats transported by eeyor systems, the codes
of which are known.

This assumption is necessary in order to later on understame of the simulation
results. The assumption is not very restrictive in the séimateother ways of splitting
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the initial stream of codes can also be allowed, but then piienal speed pro le would
be different.

A7: Taking into account the purpose of this work (i.e. to devedop compare control
approaches for increasing the throughput of the sortinghinag, the correct dropping
of a at into a bin is considered to be performed by a low-legehtroller already
present in the system.

Ag: In practice, a full bin cannot be replaced with a new one ingligible time span. But,
one can design an intermediary pocket on top of each bin wtachstore a limited
number of items when that speci c bin is full. This yields tha small delay in drop-
ping, and then the full bin can be replaced with an empty orate khat automated bin
replacement has already been developed and is currentigtapel.

3.3.2 Model
There are three types of events that can occur:

inserting a new at into the sorting section of the system,
dropping the ats that meet the corresponding bin,
updating the speed of the bottom system.

We model the at sorting system as an event-driven model isting of a continuous
part, viz. the movement of the transport boxes and bins, drnldeodiscrete events listed
above. The following situation has been assumed: given acitglsequence/Potiom =
[vgottom ykottom: . - ypottom> and a sequence of time interval lengths [ o 1::: n]”, On
each time intervalty;tk+1), k= 0;1;:::; N, with ty. = tx + ¢ andtp the time instant when
we start sorting, the velocity of the bottom system equ{%ﬂ%"m as illustrated in Figure 3.5.

The model of the at sorting system is captured Algorithm 1 where s°tmax g
is the maximum time period that we allow for sorting. Moregwecording to the model,
for each ati, fori= 1;2;:::;N&S that has to be sorted, the time instant when the iat
inserted into a boxt{*®" and the time instant when the ats dropped""") are computed.
Consequently, the model of the at sorting machine is deddigt = M (x(to); vPotom™ ),
wheret = [t‘lnse”:::t,‘\’lﬁg”tfmp s t,‘\"r;’s’r and x(tp) is the initial state of the at sorting
system. Note that if during the time peridid;to+ S°"™2) not all the ats have been

Vbottom
A
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V? vbottom
vgottom ; 2

— : : e oo

| | i i 1
to 1 to t3 e oo N IN+1
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Figure 3.5: Speed evolution of the bin system.
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Figure 3.6: Position of bins relative to the position of thist inserting device.

sorted, thent consists of the time instants when we insert and drop eadheofts up to
the time instanty + S°rtmax,

For the sake of simplicity and without loss of generalitglane that the destination bins
have assigned the following identi cation codes21: ::;NP"S, Note that from now on we

the identi cation codes as follows: the bin positioned a¢ {eft-hand side of bird with
d 2isbind+1 and the bin positioned at the right-hand side ofdis bind- 1 — the bin
positioned at the right-hand side of bin 1 is INA™S. Then in order to identify the position
of a bin or of a box we only refer to its right-hand side relatie the right-hand side of the
rst inserting devicé. The position of the rst inserting device is denoted p§se"®" Let
us setp'se"e'= 0 as reference. As an example, Figure 3.6 illustrates thitigrosf bin d

determined using modular arithmetic since these posittmasxpressed as variables that
are larger than or equal to 0 and smaller th&#' with %@ the total length of the sorting
partofthe atsorting machind®® = wPoXNboxes= wWPINNbINs gecording to assumptiofy).

The state of the sorting system consists of the positions of all thedsoand bins, the
state of the box (loaded or empty), the time instant when wktha last dropping event
for each box, the number of ats dropped till now for each deton, and the streams of
codess;,s,: i, S that still have to be inserted into the machine. Note thaptgtions of
the transport boxes and bins are determined relative to padts (e.g. position of the rst

2The inserting devices have xed positions with respect ®ftame of the machine.
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inserting device). Furthermore, thigout of the system consists of the streams of codes to be
sorteds;,:::, ¢, the piecewise constant velocity pro le for the destinatimnsvPetm with
ybottom [ ybottomy bottom. .- Bottom> " the time interval lengthson which the velocity of

the destination bins is constant withe[ ¢ 1::: n]7. Thecontrol variable is the velocity

of the bottom part of the at sorting machine and is part of ittygut. Finally, theoutput t
consists of the time instants when we insert and drop eadieofts to be handled.

will pass until the rst empty transport box will be positied under the inserting devicg |

The variable &P with m2f 1;:::; NPy is the time that will pass until the next mail item

will be dropped from the bor into its destination bin.

Algorithm 1. Model of the at sorting system
Input: streams of codes to be sorted: ::, s-, piecewise constant velocity pro le for the
destination bing®°t™™ time interval lengths, and the initial state of the system
1.k O
2.t tg
3: while tt < tg+ Sortmaxdg
4. for j=1toF do

5: }"Se“ time that will pass until the next at inserting event at |

6: end for

7. for m= 1toNP%®sdo

8: d%P time that will pass until the next dropping event for the iox
9: end for

10 ™ min min_ "% min (P

=Lk me 1;:::;Nboxes
11: tcrt tcrt+ min
12:  for m= 1toNPoxesdg
13: pbmox pbmox_ Viop min m0d|total
14:  end for{update the position of the box system}
15:  fori= 1toNPnsdo

16: pibin pibin_ Vklgottom min m0d|total

17:  end for{update the position of the bin system}
18: set of atsto be inserted in the boxes next
19: set of ats to be dropped next

20:  update the streansgfor j = 1,2;:::;F{remove from each stream the codes that have
been inserted in transport boxes}
21: forallj2 do

22: ti_nsert tert
: j

23: end for

24: forallm2 do
25: gdrop gort
26: end for

27: K K- min
28: if = 0then
29: k k+1
30: endif
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31: end while
Output: t

Next we present how we compute the variabl#&"with j 2 1;:::;Fgand roP \yith

The variable }"Se”with j211;2;:::;Fgis determined as follows.

If the streams; is empty then we set/™s®"= ¥ (note that if ["S®"= ¥ then [nser
will never be selected at step 10).

Otherwise, we search for the next empty box transportedrtisithe inserting device
I and so that its position is larger than or equab}'ﬁfe“erand smaller tharp'j'lflerter

(note that ifj = F then we considep/s"e'= |,
Note that a box can be either empty or loaded. Then we disshdwo cases:

all boxes are loaded: If all the boxes are loaded, then no feeding event can occur,
and therefore we sef"e"= ¥,

there is an empty box: If such an empty box exists, then let this box be indexed
by m. Furthermore, according to the operational constr@nthat will
be presented on page 32, in order to avoid executing thenadtisert,
drop, insert at the same time instant for the same box, a rimiperiod
of wPo*=°P time instants has to pass between two consecutive inserting

until the rst at inserting event from the buffer correspdimg to stream
sj is determined as follows:
feeding allowed for boxm: If the last time when we had dropping from
box mis larger than or equal t&"- wP®\°P (so operational con-
straintC3 on page 32 is satis ed), then
insert _ ptrjnox_ pijnsener
J - viop

where pf* is the position of boxm, pi's®"®"is the position of the
inserting devicej, andt °is the time instant when we had the last
dropping from boxm.

feeding not allowed for boxm: If we are not allowed to feed bardue
to constrainCs, then we set}”se”: ¥,

The variable &°P with m2 f 1;2;:::: NP3 is determined as follows. Assume that
boxm carries the at that has to be dropped in destinationibifhen we computerﬁrj,rOp as

follows.

If the boxmis positioned on top of the bin—i.e. 0 phXX- pP"  wPin- wPo* or
phox 4 [total_ pbin - \pin_ wPoX (see Figure 3.7 ) — then the at can be immediately
dropped. So, in this case we s’ = 0:

Otherwise, we distinguish three cases as presented nexe thiat we can drop as
soon as boxnis on top of bini.
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\Whox \iop I Whox I viop

0 p%ox pit:uin pbmox .0 pibin
(a) 0 ppnox_ pibin V\}Jin_ V\}Jox (b) quOX+|t°ta|- pibin Wbin_ Wbox

Figure 3.7: Positioning when the box transports the at todrepped in the bin below and
the dropping is still allowed. We consider the positionsiastand the positions
of boxes relative to the position of the rst inserting devias illustrated in
Figure 3.6.

case 1:Potoms iop

. drop _ d . .
In this case m " = W whered is the shortest distance that

the bini and box have to travel at constant speed until they meet and
dropping is allowed. Sdl is the distance between the right-hand side of
boxm and the right-hand side of bin

The distancel is de ned as follows (see also Figure 3.8):

8 _ .
< pibln_ pbmox if pgqox pibm

|total pbox 4 pbin  ptherwise.

| \}Qottom |(_ da._... ')3 | V::()ottom r_q _____ *i
pibin 0 pbmox pibin p%ox 0
(a) d= |total_ p%ox+ pibln (b) d= pibln_ ppnox

Figure 3.8: Distance to be traveled between the positionif bnd the position of box m
when \Qottom> Viop.

case 2: otom< iop

. drop d
Inthiscasey, "= ————
op . y/oottom

VioP- \2

tom system at the current time instant ahid the shortest distance that
bini and box have to travel at speed until they meet and dropping is
allowed. Sod is the distance between the left-hand side of boand

the left-hand side of bihand is de ned as follows (for a more intuitive

wherev°"°Mis the velocity of the bot-
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i( ..... q -3 VEottom =I (_____(31____1 onttom
cee | whin ce o cee | ce o
phoX.. ypox (; pbin - ypin pROX. hox ppin - yoin 0
(a) d= |tolal_ (pibin _ Wbin) +(pbmox_ WbOX) (b) d= ( pbmox_ WbOX) ~ (pibin _ Wbin)

Figure 3.9: Distance to be traveled between the positioniof hnd the position of box m
when \Qottom< Viop.

explanation see also Figure 3.9):

8
i < |t0tal_ (pibin_ Wbin) +(DR1°X- V\/OOX) if ppnox_ V\/oox pibin_ V\/oin
o (pROX- whoX) - (pPin- whin) otherwise

wherepi?*- wP®*is the position of the left-hand side of baxandpP™"-
WP is the position of the left-hand side of hiin

case 3:Potom= iop

Since the boxm is not positioned on top of bih(otherwise we would
not have reached this case) we s§f°= ¥.

3.4 Constraints and control objective

The operational constraints derived from the mechanicaldasign limitations of the ma-
chine are the following:

Ci: the velocity of the bottom system is bounded betwe?f™°™m™max (the bottom part
moves in opposite direction than the top system at sp&EEMMaX) gndypotommax

Co: k  Sfork= 0;1;:::;N with °'the minimum time period for which the velocity of
the bottom system has to stay constant,

Cs: the three actions insert, drop, insert cannot happen aaéthe §me instant for the same
box. Therefore, if at the same time instant we inserted antd,ie.g., boxn and we
could immediately drop that at, then bax can be fed again only after a minimum
time period ofwP%*=\°P time instants.

These constraints are denoted®gPote™ ) 0.

Recall that our goal is to increase the throughput of the aating machine. Hence, let
the control objective functiod be de ned as the throughput of the at sorting system. For
a given scenario and for the current state of the sysiaepends on?°™™Mand .
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3.5 Control methods

In order to determine the speed of the bottom system thatmizas the throughput of the
at sorting system, we propose two model-based controlepggines namely optimal control
and model predictive control.

3.5.1 Optimal control

We now propose different variants of optimal control witladually decreasing complexity
such as optimal control with a piecewise constant speedvmititervals of variable length,
optimal control with a piecewise constant speed on timenats of constant length, and
optimal control with a constant speed.

Optimal control with a piecewise constant speed on time int@als of variable length

One may rst divide the periofto;to+ S°"*™M®) into N + 1 time intervals of variable length

0; 10 nsuchtha@ll, = SO"M& De ne the time instantt; = tc+ x withk 0.
Then the piecewise constant control [af§!om= [ ygotomybottom. . bottom> ‘g the inter-
vals o, 1,:::, N ONwhichyBotom yhotom ... \Bottom are constant have to be computed
such that the throughpudtis maximized. As a consequence, the optimal control prolidem
de ned as follows:

P max J(x(to);vPotom )
Vbottom;

subject to
t=M (x(to); VP, )
C(Vbottom. ) 0

Optimal control with a piecewise constant speed on time int&als of constant length

One may further simplify the problem Py consideringy for k= 0;1;:::;N- 1 equal to a
xed sampling time s, and y= Sotmax. aN- 1 So =[ ¢ giir ¢ sotmax. gN-1 J>
Accordingly, we de ne the optimal control problem with a pevise constant speed on time

intervals of constant length as follows:

Po:  max J(x(tg);vPotom )
ybottom

subject to
t=M (X(to); VPO, )
C(Vbottom; ) 0

In both R and B, the throughput increases monotonically with a smallesr with an
increasingN until the best achievable throughput is reached. Howeties,domes at the
cost of a higher computation time.
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Optimal control with a constant speed

Now consider the simplest case of &d B. For the entire stream of ats entering the sys-
tem in one sorting round, the constant spa&dhat maximizes the throughput is computed.
This optimal control problem can be de ned as follows:

Ps: mcelli(x(to);uCt; sortmaxy
u

subject to
t=M (X(to);UCt; sortmaX)
C(uCt' sortmaX) 0

The throughput obtained when solving B in general smaller than the one obtained
when using optimal control with piecewise constant speedddbed by lPand B), but the
total computation time also decreases signi cantly.

3.5.2 Centralized MPC

In order to obtain a trade-off between the optimality of thetghput and the time required
to compute the optimal velocity sequence of the bottom systeodel predictive control
(MPC) is introduced.

The MPC optimization problem can be solved by using a modiedsion of optimal
control with a piecewise constant speed where atlstdye control sequence to be computed
is ypottom, yRottom -+ vRotom  and where . is constant (e = ) for j = 0;1:::;Ny- 1.
Thenfor =[ k k1 it ktNp- 1I”, the MPC optimization problem can be written as fol-
lows:

Pu: max Jen- X(t); yottom, bottom. . ., bottom >;

4 \pottom, bottom......, bottom k'NC’Np( (k) [ k k+l k+Np- l] k)
k . Yk+l o k+Nc- 1
subject to

£= M Xt MM R s 1)
CORO™Pe™: ol 0 0

Woom= B for | N,

whereJinnp is the throughput of the at sorting system computed at tineg k over the
prediction horizorik s;(k+Np) s), and for a control horizohl.

The prediction horizon is determined using the followinggeduré. Assume that one
wants to determine in advance the optimal speed pro le fotispb ats — the variableb
is de ned asb= 4" ; bj whereb is the number of ats that are actually in the buffer at the
inserting device index for j = 1;2;::5;F, 0 by b"®with b"® the maximum number
of ats that can be in the buffer corresponding to the insgrtievice |. Then forN; stime
units the velocity sequenag®"e™ vPoro™, 1, vpolon is used. Each velocity?f®™, with
j=0;1;:::;Ne- 1, is applied during a sampling period of length All this results inb; b

3In this variant of MPC the prediction horizon depends on theber of ats to be sorted in advance.
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ats being sorted in the periofth;to+N; s). For sorting the rest df- b; ats, the velocity
of the bottom system is kept constant, equalitef". Consequently, the timen°rizon
needed to sort thie ats divided by s determines the prediction horizon as follow8qizon
is determined via simulation)l, = ——= wheredxe denotes the smallest integer larger
than or equal to.

One of the advantages of MPC over optimal control with vdeapeed is given by a
smaller computation time sindd, s  S°"™M&_ However, this happens at the cost of a
suboptimal throughput.

Optimization methods

In order to solve the optimization problems presented aliotieis subsection, and hence,
to determine the optimal speed of the bottom system of a atiregp machine, one may
use the following Matlab functiongmincon incorporated in the Optimization Toolbox, or
patternsearch  andga, incorporated in the Genetic Algorithm and Direct Searcblfox.

Thefmincon function nds a local minimum of a smooth function based oadjent
methods, whilepatternsearch ~ andga determine a local minimum of a non-smooth ob-
jective function.

3.6 Case study

In this section we compare the proposed control methodsllmassimulation examples. We
will rst detail the scenarios to be used for this comparisdlext we analyze the obtained
results.

3.6.1 Scenarios

Recall that the velocity'°P of the top system is constant. Assurf® to be equal to 1 s,
while the velocityv?°t°" of the bottom system is allowed to vary betweeh5m=s and
0:5m=s. Itis also assumed that the width of the bin is four timesaltth of the box. The
examples in the following sections invol"s = 100 bins andNP®*¢S= 400 boxes, while
the lengthN 2 of the stream of ats that enter the sorting system equal$240

Furthermore, we assume that each destination bin has aauiignti cation code. Let
these identi cation codes be:; 2:::::NP"S| At time instantty we assign the identi cation
codes to the destination bins so " = Om, p§" = 0:4m, :::, pifi,c = 1%~ 0:4m.
Also, the initial state of all the boxes is “empty” and theéinvhen we had the last dropping
event is initialized with¥ for all boxes (this initialization allows the system to instne
rst at into a box as soon as the box arrives in front of an irtgeg device).

Finally, we consider several scenarios for the same irstete of the system described
above. According to these scenarios, the streams of codegstoof:

scenario 1: ordered codes (i.e., with the same order as the order of albested to the
bins). Since the width of the bin is four times the width of thex, a per-
fectly ordered stream of ats is a stream of the form e.d,;1;1;2;2;2;2;:::;
NDins: \pins. \bins. Nbins- 1-1-1:1:::: . The order of theNP"S bins passing under
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the rst inserting device when the bottom system moves toritjiet is in this
case 12;3;:::;NPins,

m Where if ; is a sequence of random codes, 1 < m, then 41 is a se-
quence of ordered codes and vice versa. The length of eaclerseg ; for
j = 1;2;:::;mis also chosen randomly. This scenario has been chosen due to
the fact that the mail may be partially presorted;

scenario 3: completely random codes.

3.6.2 Results

For the scenarios above, the throughput of the at sortinghire with a static bottom
system (i.e.y?°™  0mes) has been listed in Table 3.1.

Table 3.1: The throughpuPP!( ats=s) for the scenarios considered, when the bottom sys-
tem of the sorting machine is stati®®°™= 0mes).

Scenario 1 feeder 2 feeders

1 9:.90 1319
2 9:85 1314
3 9:85 1307

According to these results, one can notice that adding tbensefeeding device in-
creases with about 33% the throughput of the at sorting nreetith a feeder only. Next
we will determine whether using the proposed new designefttsorting machine and the
proposed optimal control and model predictive control apphes increase the throughput
even more.

Optimal control with a constant speed

In this section we compute the constant speed of the bottatersythat optimizes the
throughput for all the ats that enter the system in one sgrtiound. So, we solve the
optimization problem .

Figure 3.2 shows the throughput versus the velocity of thbosystem by discretizing
the velocity with the sampling step of, e.g:0@ m=s. One may notice many variations of the
throughput's amplitude. Hence, in order to optimize thetlghput, a global or multi-start

Table 3.2: Comparison of throughput and computation timeioled by using the Matlab
functionmincon , patternsearch  , andga for the set-up with two feeders.

JPY( ats=s) computation time (s)
Scenario fmincon patternsearch ga fmincon  patternsearch  ga
1 1568 1568 1568 239 10° 6:32 10¢ 174 10°
2 1581 1584 1584 463 10° 1:20 10° 401 10°

3 1579 1588 1577 527 1¢° 1:22 103 4:20 103




3.6 Case study 37

local optimization method is required. Therefore, whewisg) the optimization problems
P1, P2, P3, P4 corresponding to (1) optimal control with a piecewise cansspeed on time
intervals of variable length, (2) optimal control with a péise constant speed on time
intervals of constant length, (3) optimal control with a stamt speed, and (4) MPC with a
piecewise constant speed on time intervals of constantieegpectively, we have used as
optimization algorithms:

the pattern searchalgorithm incorporated in the Matlab optimization toolb&Ge-
netic Algorithm and Direct Searchmplemented via the functiopatternsearch
with multiple initial points,

thesequential quadratic programmingethod, incorporated in the Matl&ptimiza-
tion toolbox implemented via the functidmincon with multiple initial points.

thegeneticalgorithm, incorporated in the Matlab optimization toott®enetic Algo-
rithm and Direct Searcimplemented via the functioga with multiple runs.

In Table 3.2 we have listed the throughput and the correspgrmbmputatiofitime ob-
tained when solving £by using the Matlab functiorfmincon andpatternsearch with
three random initial points and when running the Matlab fiomoga three times. Note that
we have used for this comparison only three initial pointsrider to keep the computation
time low. Then, by comparing the throughput attained fortheaicthe three optimization
routines and the corresponding computation time, one még that thepatternsearch
function gives the best results, i.e., the maximal througlgmd the lowest computation
time. Consequently, this optimization technique will betlier used for solving the opti-
mization problems.

The results listed in Table 3.2 also indicate that for theeaglsere the ats are ordered
(scenario 1), the obtained throughput is smaller than thautihput corresponding to sce-
nario 2 and 3, where the ats have also random codes. Thiat&iu appears since both
feeders feed the transport boxes with ats that have theioiig order of codes 1, 1,1, 1,
2,2,2,2,::,100, 100,100, 100 repeated 30 times (due to our initiatinatee page 35).
Furthermore, due to assumptién and due to our initialization, see page 35, the inserting
devices corresponding to these two feeders are positionedbmxes aligned (ap) with
the destination bins that have identi cation codes 1 andespectively. Hence, the order
that we use in scenario 1 does not help the sortation, butritray, it yields more loaded
boxes passing under the inserting devices. Then the ingeadte will be lower than when
considering random codes, and consequently, the throtghalso lower.

The improvement of the throughput obtained when using agtimntrol with a constant
speed is de ned with respect to the throughput obtained wheibottom system of the at
sorting machine is static. Simulations indicate that foetaup with one and two feeders the
improvement is about 1% and 20%, respectively. Hence, sheeénprovement obtained
by using the proposed set-up with only one feeder is not anhat, only the system with
two feeders is further considered. The results obtainechwiseng optimal control with a
constant speed are shown in Table 3.3.
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Optimal control with a piecewise constant speed

Table 3.3 also lists the throughput obtained when solvingdPresponding to optimal con-
trol with a piecewise constant speed on time intervals ostamt length s = 3s. Simula-
tions show that using a smaller sampling interval does ntéu increase the throughput.
Also, if one solves Pfor N > 4 control variables, and;Rcorresponding to optimal con-
trol with a piecewise constant speed on time intervals ofalde length, for & control
variables, the resulted throughput is the same within aaracy of 102, However, the
computation time when solving;Rs much larger than the one required when solviag P
So, optimal control with a piecewise constant speed on tirtevals of constant length out-
performs the optimal control with a piecewise constant dpmetime intervals of variable
length.

Model predictive control

When applying MPC, the smalleg is chosen the biggé¥. has to be set in order to max-
imize the performance. If one does not want to incrddgeblocking® can be also used.
First we consider improving the performance and afterwaxgsalso take into account the
computational effort.

To this aim we consider three cases:

First, we try to obtain the best throughput. Therefore, wect& maximal prediction
horizon —b"®for j = 1;2;:::;F equals the length of the streapthat will be fed
to the system using inserting devige+- while N; is set equal tdN,. To this aim,
we compute the period lengtif°"™aX needed to sort the entire stream of ats using
op;i)mgl control with a constant speed. Accordingly, thedimton horizon is set to

— » While Nc = Np. We have considered various lengthsof the sampling
time period. Based on simulation results, it has been nbtihat for s 5s the
resulting values of the throughput remain the same within@mracy of 16%. This
choice gives high performance, but is not feasible due thidpfe computational effort
required.

Secondly, we consider a prediction horizon determined hyffebof bﬁ“a": 120 ats
for j=1,2;::5;F, N = Np, and s= 5s. Simulations indicate that applying MPC

Table 3.3: Comparison of throughput (expressed ats=s)) obtained by using the pro-
posed control methods for a set-up with two feeders.

Scenario Optimal Optimal MPC MPC
control with piece- control with c=5s (s=10s
wise constant speed constant spedd = Np)  Nc= 1)

1 1578 1568 1573 1571
2 1589 1584 1587 1563
3 1591 1588 1583 1573

4The simulations were performed on a 3.0 GHawth 1 GB RAM.
SInstead of making the input to be constant beyond the cohtniton only, one can force the input to remain
constant during some prede ned intervals.
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Figure 3.10: Speed evolution for the bottom part of the attsg machine ($°°™is neg-

ative when the bottom system has the opposite direction gément with
respect to the top system). The pro le has been determineghwapplying
MPC with N, = Nc, Np determined by a buffer df20 ats, and s= 5s

with these characteristics gives already the throughpthimil% deviation of the
throughput achieved when applying optimal control with @ggwise constant speed
(see Table 3.3). Nevertheless, the computation time Ishgih.

Finally, we consider a prediction horizon determined by #eoof b"® = 120 ats
for j=1;2;:::;F, N: = 1, and = 10s. This choice produces real-time, but subop-
timal results.

For the second case that we have considered when assesspeytbrmance of MPC,
we have also plotted the velocity pro le of the bottom parteofat sorting machine with
two feeders, see Figure 3.10. This pro le has been detemnivieen applying MPC with
Np = Nc, Np determined by a buffer of 120 ats, and = 5s, for scenario 2 (with alter-
nating sequences of random and ordered codes) and for ec@@andom codes only)
respectively. According to the pro le illustrated in FiguB.10, during the entire sorting
period ( S°"MaX = 15355 for scenario 2 andf°"tMX = 1525 for scenario 3) the velocity
of the bottom part varies between @&sand 05 m=s when the bottom part has the opposite
direction of movement with respect to the top part and betw@ers and 04 m=s when
the bottom system has the same direction of movement as phgatt. These results also
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Table 3.4: Comparison of the average throughput and theageecomputation time of the
proposed control methods for a at sorting machine with tweders.

Control method total CPU time relative performance
(s) (%)
optimal control with piecewise constant
speed on time intervals of variable length AN0° 100
optimal control with piecewise constant
speed on time intervals of constant length 6 80 100
optimal control with constant speed 01103 99:60
MPC withN; = Npand s= 55 13 10* 99:68
MPC withN;. = 1 and s= 10s 15 10° 98.93
static bottom system 0 830

con rm that the at sorting machine with a static bottom parnot optimal, but neither the
one where/°tm= _0:5mes s (in Section 3.6.4 we will also show that only increasing
the relative speed between the top and the bottom part of aoding machine does not
maximize the throughput).

3.6.3 Discussion

Table 3.4 summarizes the results obtained when using thegopeal optimal control ap-
proaches and model predictive control.

We have assumed that the maximal achievable throughputasell by using the op-
timal control with piecewise constant speed on time intisre& variable length. The per-
formance of the other approaches was computed relativéstodximum. But, for each of
the control methods to be compared, the throughput corneipg to the chosen scenarios

varies. Therefore, in order to summarize the results ofel&ud, the average throughput,
° NscenariosJ$cenario

J= J:JNSCWJHOS is used in calculating the relative performance. The cdatmn time

is also averaged over all the considered scenarios.

The simulation results show that applying MPC gives a goadiroff between the com-
putation time and the maximal achievable throughput. Atlse,optimal control approach
is not feasible, in the sense that in reality the entire stre& ats that enter the system
in one sorting round is not known in advance. Only a nite lenfb of codes is known
beforehand, wittb depending on the maximal time allowed to prepare the atssfunt-
ing. Therefore, in practice, MPC is the most suitable foedw®ining the optimal velocity
sequence of the bottom system. Moreover, note that thegottihg time satis es the rela-
tion 1500s sortmax 15505 for all proposed methods and for all considered simenar
Hence, out of the MPC variants that we consider, only the omereN. = 1 and s= 10s
offers real-time results. However, also note that one cailyegain several orders of mag-
nitude in the total computation time of MPC by using parat@iputation when solving an
optimization problem, better implementation, object abgeogramming languages instead
of Matlab, or dedicated optimization algorithms. In futwverk also other control meth-
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ods will be considered such as fast rule-based approacheslmetworks, see, e.g., [36],
and fuzzy-based approaches, see, e.g., [63]. These appsoadl then use the receding
horizon principle (for more details see Section 5.3).

3.6.4 In uence of structural changes

In this subsection we analyze how the number of feederg, plosition, and the velocity of
the top system in uence the throughput of a at sorting mahi

Number of feeding devices

Consider a at sorting machine witk inserting devices positioned symmetricalfy,
NPoxes Assume that both the transport boxes and the destinatienrbove with constant
speed.

First we determine analytically the maximum throughput whensidering two cases:
the ats that enter the sorting part of the at sorting machirave (1) perfectly ordered codes
and (2) perfectly random codes. For both cases we computedakiEnum throughput when
the sorting system is in stealtistate. Moreover, note that we want to compute the maximum
throughput for a system where the velocity of the top systemed, Vi°P, while the velocity
of the bottom system is boundegypotommax oottom bottommax \yjth \Pottommax tha
maximum speed that the bottom part can use).

Next we compute (via simulation) the throughput of a at smgtmachine where the
top part moves with a constant speed and the bottom part matlesin optimal constant
speed that is determined using optimal control with a canispeed.

Finally, we illustrate the maximum throughput determingdlgtically or via simulation
for the case study of Section 3.6.1.

Perfectly ordered codes We now consider the case where the ats that enter the sorting
part of the at sorting machine have perfectly ordered coddss means that the ats are
ordered in such a way that once they enter the system, thehaméhey spend in the box is
negligible.

Note that since the ats are dropped as soon as they enteryttens, the maximum
throughput is in fact bounded by the maximum feeding ratehef &t sorting machine.
Let feedmax denote the maximum feeding rate. Note th§€9MaX js bounded due to the
operational constrair€s on page 32 — in order to avoid executing the actions inseosp,dr
insert at the same time instant for the same box, a minimuinghefwP®*=\°P time instants

As a consequence®dmaX js hounded by the speed that the top system can use and by the

width of th(?,t box. Assume that the transport boxes move wighctinstant speed®P, then
feedmax — VP .
— woox-

Let Jmaxorderedpa the maximal throughput when dealing with perfectly oederodes to
be fed into the machine. Then
Viop
Wbox:

6n this thesis we say that a system is in its steady state #ythtem is at its equilibrium (the system is working
in a regular and constant mode).

Jmax;ordered: F feedmax — E
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Example As example, consider a at sorting machine where the top pates with
1m=s, and where the width of a box is1lOn. Suppose that there aFe= 4 inserting
devices, then the maximal throughput is

gmaxordered— 4 L oo 40 ats=s
01

Perfectly random codes Next we determine a tighter upper bound for the case in which
each of thé= inserting devices feeds the system with perfectly randajueeces of codes
with respect to the destination bins. Assume the systeneadgtstate. This computation
goes as follows. In order to make the explanation more clearyst assume that each of
theF inserting devices feeds the system at a constant rtats=s) withi 2f 1;2;:::;Fg.
Then, since we consider perfectly random sequences of edgtlesespect to the identi ca-
tion codes of the destination bins, the ats are droppedasnify along the bins. Let the part
of the sorting system between two inserting points be calltsskgment”. Theng ats per

we have illustrated in Figure 3.11 the feeding rate and tbpping rate along each segment
of the sorting machine (solid arrows going in and out of thips illustrate the feeding and
dropping rates that correspond to inserting devicelashed arrows for inserting devige |
and so on).

Consider a poinP xed to the bottom system. For the simplicity of the explaoat
assume that this point is situated on the segment betweand k. However, note that

inserting deviced

f?’
£
Vo2 A F
E
T \ 2 —'...‘;4 3 ) )
\ F é,' : K4 inserting
3 \ 1 I i
F oy \ F Ny , device b

! ,:’ ‘- . &
L 2
PR AT Fo,
: F < =
T E 73‘ | \ Fo1
inserting F £ inserting
device k device k.1

Figure 3.11: Top part of a at sorting machine. Each of the Feders feeds the system at

per second are dropped between each two consecutive img@aints.
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inserting device4 inserting deviced
| ; inserting devices

transport boxes

/ , t / destination bins
p AR

drop / . - 1 _ drop
1P / . . F 1P / ® e - -
drop ~ 5> dro ‘
P
2;P —=- .. F drop
A F 2P FOFP
drop
F.P

Figure 3.12: The point P is positioned between the insertiegicel; and inserting device

Ir. ThengF, U ats per second are dropped between P dpd

a similar reasoning holds for any positioning ®falong the destination bins. Moreover,
assume that the bottom system moves in opposite directim tte top system. Note,

however, that the reasoning that we make below is similatifercase where the bottom
system moves in the same direction as the top system. Betwi@gvant to have a maximum

relative speed between the top and the bottom system, seedgathe second case is not
relevant.

The boxes that pass a poitare either loaded or empty. These boxes are either trans-
porting ats inserted into the system by feeder 1 up to fedelesr have been emptied
somewhere between the inserting devicandP, see Figure 3.12. Then, one can make the
following remarks:

The inserting dewcellfeeds the system in steady state withats per second. Then,
assuming that1 p ats per second are dropped between the inserting deviead

P, 1- d“’p loaded boxes per second will pass pdtransporting ats inserted by
the insertlng devicel

The inserting deviceylfeeds the system with, ats per second. ButZ ats per

second have been dropped along the segment bounded bye¢h@igsievicesd and

drop

I1. Assume that, ;" ats per second are dropped betweerahdP. Then, - — -

doP=(F-1)2- P |oaded boxes per second will pass pdittansporting ats

mserted by the msertmg devicg |

The inserting device- feeds the system with- ats per second. BufF - 1) F ats
per second have been dropped along the segment bounded imgéhting devices
lr and k. Assume that,:“’p ats per second are dropped betwegrahdP. Then

FF - &% |paded boxes per second will pass pdiritansporting ats inserted by the

insertmg deviced.
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Hence one can write:

F
1+(F- 1)_2+ +2 F-1+_F_ é ic.ilgop: %Jjoxloaded
F F F 2 °

whered°2%dis the number of loaded boxes that pass pBiper second.
Now assume; = fori= 1;2;:::;F. And since
142+ +F= F(F2+1);

we can derive the relation:

o F(F +1) _ éF, drop_'_%mcloaded
- i,P

But

-éF. i(;j};op_'_%oxloaded: O/gox
whereo/ﬁox the number of boxes (loaded or empty) that pass gdjmr second. Then

2
- 0/R0X.
F+1 B

Note that, in steady state,is not only the feeding rate per inserting device, but also
the actual throughput corresponding to that feeder. Hetheeactual throughput( ) of
a at sorting machine obtained fd¥ streams of ats, the codes of which are uniformly
distributed, is given by:
2F
F = ——og8%
|:+1/E
Next we determine the maximum feeding rate (and as a consegubhe maximum
throughput) that we can obtain, in steady state, for strezfragiformly distributed codes.
We have two bottlenecks:

1. the feeding rate is bounded due to the operational cons@a,

2. the dropping rate depends on the relative speed betwedngtand the bottom part
of the at sorting system.

As explained on page 41, the maximum feeding rate is

viop
Wpox”

Next we maximize the dropping rate. Note that the speed ofbotittom system is
bounded. As a consequence, in order to maximize the dropaiagwe have to sePetom=
- ypottommax (the hottom part moves with constant spe@8f®maX in gpposite direction

than the top system). Then the dropping rate will depend errehative speed®ma =
VioP + Vbottommax_

feedmax —
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The maximum dropping rate is in fact the maximum number ofeiso8°*™®) that
pass a poinP xed on the bottom part of the machine per second, and is gbxen

Vrel;max
WROX :

Let Jmaxrand denote the maximum throughput that we can obtain in this.ca$en
Jmaxrandjs given by

dropmax — (%P)’OX;max _

op op ottommax
Jmax;rand: min E feedmax. 2F dropmax — min E Vt . 2F Vt +Vb :

'F+1 WPoX' F+1 Whox

Example As an example, according to our case study the bottom syséemmove in
both directions (clockwise and counterclockwise with nmaxin speed of ® m=s). The
velocity of the top part of the machinev§? = 1 m=s. The width of a box i$*> = 0:1 m.

So, feedmax = 10 ats=s. The maximum number of boxes that pass per second a point
associated to the bottom part of the machine is obtainedéorelative speed® ™= 1:5

m/s. Then dropmax = ggoxmax = 15 ats=s. Accordingly, when dealing witF inserting
devices, we have

) 2F
Jmaxrandz min F 10 atS:S' e 15 ats=s
F+1

8
AssumeF = 1 thenJ™ma%rand= 10 gts=s. AssumeF = 4 thenJmaxrand = = 15 ats=s=
24 ats=s.

Simulation results Next we compute via simulation the maximum throughput of & a
sorting machine where the top part of the at sorting machimaves withv'°? = 1 m=s
and the bottom part of the machine moves with the constargdsgetermined by using
optimal control with a constant speed. We consider optiratrol with a constant speed
to determine the optimal velocity of the bottom system duthéofollowing reasons:

We can now solve the optimization problem off-line.

We are mainly interested in obtaining a high throughput, aatlanymore in the
tractability of the control method.

Optimal control with a constant speed gives better reshlis MPC, but still with
relatively low computation time (see Table 3.4).

Figure 3.13 illustrates the throughput achieved by usirtgrag control with a constant
speed to determine the optimal velocity of the bottom pamvtiealing with the scenarios
presented in Section 3.6.1. This throughputis plottedugettse number of feeders of the at
sorting machineF = 1;2;:::;50. The maximum throughput obtained for scenario 1 (that
consists of ordered codes) has been denotdd®$#'™!, the maximum throughput obtained
for scenario 2 (that consists of alternating sequencesofora and ordered codes) has been
denoted byd™axsiMm2  and the maximum throughput obtained for scenario 3 (thasists
of random codes) has been denoted)B¥*™3, Note that the throughput rst increases
with the number of feeders, but levels off around twenty &edAlso, adding more feeders
makes the system more complex and more expensive.
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Figure 3.13: Throughput versus number of feeders.

Position of inserting devices

Next we analyze how the position of the inserting devicesiences the throughput of a
at sorting machine. To this aim, we consider a at sortingchine withF feeders. Then
we have to determine the optimal positions of Ehe 1 inserting devices corresponding to
theF - 1 feeders when the position of the inserting device of thé fegder is xed. This
is then the problem of optimizing the sequence of distace$d; d, ::: dr.1]”, where

optimization problem can be formulated as follows:
Ps: mdaxJ“e""(x(to); ut ;d)
subject to

t=M (X(to);uct; : sortmaX)

C (uct; . sortmaX) 0
whereJ"" is the throughput of the at sorting machine obtained wheimgishe optimal
constant velocity of the bottom systaiff for con gurationd and for the given scenario,
andd is the sequence of distances between the feeders de ne@¢abov

We consider a at sorting machine with 3 feeders since thicmree offers a good

trade-off between the performance and the costs of themyséecordingly, we consider
three layouts for positioning the inserting devices of thtssorting machine, described as
follows (see also Figure 3.14):

case 1:the three existing feeders of the at sorting machine hawrtimserting devices
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Case 1 Case 2 Case 3
3inserting devices in a row equidistant positioning optipmsitioning

I I 13 I1 Iy

Figure 3.14: Layouts.

positioned one next to the other,
case 2:the inserting devices are positioned in an equidistant way,

case 3:the inserting devices are positioned at distarthesndd, computed by solving £
for the optimal constant speed of the bottom system for {etisc scenario.

The throughput obtained for each of these con gurationdlisstrated in Table 3.5.
One may notice that the throughput obtained in Table 3.5Her ttst case (where the at
sorting machine has 3 feeders in a row) is very close to tlwititrput obtained by a sorting
machine with only one feeder (see, e.g., Table 3.1 or Figute 3Hence, the simulation
results indicate that, e.g., 3 feeders in a row perform flikiedre is only one feeder, whereas
by positioning them in an equidistant way one obtains theubhput within 1 % of the one
obtained when solvings?

To conclude the analysis regarding the in uence of the jpmsiof the inserting devices
over the throughput of the at sorting machine, we can gelimrahese results and note
that positioning the inserting devices along the transpoxes equidistantly is a balanced
arrangement. To support this conclusion we note that tleitiirput obtained for this con-
guration is typically very close to the one obtained whetvétg the optimization problem

Ps.

Relative velocity between the transport boxes and the destation bins

In this section we analyze how an increase in the velocityheftop system, and conse-
quently the increase of the relative velocity between thegport boxes and the destination
bins, in uences the throughput of a at sorting machine. Vémsider a at sorting machine
with 1, 2, and 3 feeders respectively. The inserting devarespositioned at equidistant
distances along the transport boxes. Assuming that theepsoaf inserting a at into a
transport box can be performed also when the top system mdgtresigher speed, in this

Table 3.5:F°P!( ats=s) obtained when positioning the feeders according to the idensd
layouts.

Scenario Casel Case2 Case3
1 998 2049 2049
2 997 1987 1994
3 9:94 1971 1985
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Figure 3.15: Throughput versu$¥°™when P = 5m=sfor a at sorting machine with 1,
2, and 3 feeders respectively. The inserting devices argigoad at equidis-
tant distances along the transport boxes.

section we considerf®® = 5mes. In Figure 3.15, the throughput of the at sorting machine
is plotted versus the velocity of the bottom system, for @eiy range between0:5 and
0:5m=s and a discretization sampling step dDm=s. We have plotted only the curves for
the second scenario, since the plots for the rst and thiehado are similar.

The plots illustrated in Figure 3.15 are nonlinear and naytim, with many variations
of the throughput's amplitude. Also, the simulation resutftdicate that the amplitude of
the variation of the throughput's amplitude increases whthnnumber of feeders of the at
sorting machine.

Hence, one can conclude with the following remark: only é&sing the relative speed
between the top and the bottom system does not maximizeahghiput. As a consequence,
implementing advanced control methods to compute the @ptimlocity of the bottom
system is still required.

3.7 Summary

In this chapter we have considered sorting machines in rogiing centers designed to
handle large mail items such as newspapers, catalogs, ayellédters. We have given a
brief description of how at sorting machines currently WworAfterwards, a new set-up
has been proposed by making minor design changes, i.engédudira feeders and moving
the bottom bin system. An event-driven model of the processlieen determined, and
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advanced control methods have been implemented so as teeghswoptimal speed of the
bin movements.

We have also analyzed how the number of feeders, their ppséind the velocity of the
top system in uence the throughput of the automated atisgrinachine. The simulation
results show that just increasing the speed of the top systechhence, the relative speed
between the top and bottom system, does not have as immedizequence an increase
in the throughput. Hence, determining the optimal bottooaity is still required so as
to maximize the ef ciency of the at sorting machine. The uéts indicate that model pre-
dictive control is the most suitable control method to deiee the velocity of the bottom
system for the proposed at sorting machine. To supportcbisclusion we make two re-
marks: (1) the simulation results show that applying MPGgiga good trade-off between
the computation time and the maximal achievable through@lithe optimal control ap-
proach is not feasible in the sense that in reality the estimam of ats that enter the
system in one sorting round is not known in advance (only e buffer of codes is known
beforehand, the length of this buffer depends on the maxiima allowed to prepare the
ats for sorting).

In future work also other control methods will be considesadh as fast heuristic ap-
proaches, fuzzy control, case-based control, etc. Induark we will also include more
complex dynamics of the system than those considered incti@pter (acceleration and
deceleration of the speed at which the destination bins jnove






Chapter 4

Baggage handling

In this chapter we consider state-of-the-art baggage ransystems in large airports. The
chapter is structured as follows. In Section 4.1 we desthbautomated baggage handling
process and the current problems of a baggage handlingrsyaféerwards, in Section 4.2
we present the simplifying assumptions made in order toiolatdast simulation, and the
resulting nonlinear event-driven model of the DCV-basegdage handling system. This
model will be later on used for model-based control. NexGéttion 4.3, we describe the
operational constraints together with the control obyectFurthermore, in Section 4.4, we
propose several control approaches for determining thee rchioice of bags through the
baggage handling system. First we develop and compareatieatt, decentralized, and
distributed predictive methods that could be used to opgtntiie performance of the sys-
tem. This results in a nonlinear, nonconvex, mixed integéin@zation problem that is very
expensive to solve in terms of computational effort. Therefwe also propose an alterna-
tive approach for reducing the complexity of the computaiby simplifying the nonlinear
optimization problem and writing it as a mixed integer linpaogramming (MILP) opti-
mization problem for which solvers are available that allesvto ef ciently compute the
global optimal solution. Finally, in order to reduce the gartational requirements, we also
propose two heuristic methods and a hierarchical contemhéwork. The analysis of the
simulation results and the comparison of the proposed abmiethods and control frame-
works are elaborated in Section 4.5. Finally, in Sectionwédraw the conclusions of this
chapter and we present possible directions for future rekea

Parts of this chapter have been published in [76—78, 80-B39.

4.1 State-of-the-art solutions

In this section we brie y present the state-of-the-art iggage handling systems and their
control problems.

4.1.1 Process description
The main tasks of a baggage handling system are the following

51
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Figure 4.1: Loading a DCV.

to transport baggage from the check-in area to the apptepeiad point and from
there to the plane or between two different cargo termimadsse of transfer luggage,

to transport baggage from a check-in desk or from a certamdaing transfers and
to store them in the temporarily storage area (if the perbesked in too early or the
different ights have more than two hours waiting period),

to transport baggage from the arrival gate to the baggage elea.

The state-of-the-art technology used by baggage handyistgrss at airports to trans-
port the bags in an automated way incorporates:

1. scanners that scan the (electronic) baggage tags on iegehob luggage,

2. baggage screening equipment for security scanning,

3. networks of conveyors equipped with junctions that reliedbags through the system,
4

. destination coded vehicles (DCVs). These vehicles agd uslarge airports only,
where the distances between the check-in desks and the &gl foovards which the
baggage has to be transported are too large (for these tsitherconveyor systems
are too slow, and therefore, a faster carrier is requireééch bag).

As illustrated in Figure 4.1, a DCV is a metal cart with a plastib on top. These carts
are propelled by linear induction motors mounted on theksadhe DCVs transport the
bags at high speed on a network of tracks. The nodes via wh&eBDCVs enter the track
network are called loading stations, the nodes via whichDii&/s exit the network are
called unloading stations, while all the other nodes in tevork are called junctions. The
section of track between two nodes is called link.

In this thesis we consider the general DCV-based baggag#ihgsystem sketched in
Figure 4.2. This baggage handling system operates as fllgiven a demand of bags
(identi ed by their unique code) together with their arditames at the loading stations,
and the network of single-direction tracks, the route oheRCV in the network has to be
computed subject to the operational and safety constrpietsented in Section 4.3, such
that all the bags to be handled arrive at their end pointsimnvigiven time windows. The

1An end point of the baggage handling system is the nal parhefsystem where the bags are lined up,
waiting to be loaded into containers and from there to theela
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Figure 4.2: Baggage handling system using DCVs.

bags unloaded outside their end points' time window are fhemalized as presented in
Section 4.3.

We consider a system withloading stations L, Lo, :::, L, U unloading stations
Uy, :::, Uy, andSjunctions 3, $,..., S Let us index the bags loaded onto DCVs
at station L with 2 f 1;:::;Lg asb'%%::;;b'%d  with N'°ad the number of bags that
will be loaded at station Lduring the entire simulation period. Then tég“"a' denote

the time instant when balg?®? actually arrives at loading station L2l < taval for

prises the vectors of bag arrival timg§"a = [t21val: ..t > with 2 1;2;:::5Lg.

4.1.2 Control problems

One can describe the control problems of a DCV-based badgag#ing system in a hier-
archical framework. At the lowest level the control probkeane coordination and synchro-
nization when loading a bag onto a DCV and when unloadingiilsagnd point (in order
to avoid damaging the bags or blocking the system). We asseniew-level controllers
already present in the system. These low-level contradiergypically PID controllers and
logic controllers that can stop the DCV when necessary. Ehecity control of each DCV
can be seen as a medium-level control problem. In this thesesssume that each DCV has
a medium-level speed controller on board. This controliesuges a minimum safety dis-
tance between DCVs and also holds DCVs at switching poihtsguired. So, we assume
that the velocity of each DCV is always at its maximwi®= 20 nmes, unless overruled by
the local on-board collision avoidance controller. Fipathe higher-level control problems
are route assignment for each DCV transporting a bag (antcithpthe switch control
of each junction), line balancing (i.e., assignment of lngdtations for each empty DCV
such that all the loading stations have enough empty DCVasyatime instant), empty cart
management (route assignment for each empty DCV), and ptieneof buffer over ows.

In this chapter we focus on the higher-level control probt#hdetermining the route
choice for each DCV transporting a bag. Currently, the DC\sauted through the system
using routing schemes based on preferred routes. Thesagaahemes respond to the
occurrence of prede ned events as follows. Each junctiangiagic controller and a lookup
table storing preferred routes from that junction to allaading stations. If the currently
preferred route is blocked due to e.g. jams or buffer ovespthien the next to-be-preferred-



54 4 Baggage handling

route of the lookup table is chosen and the switch out of tivattjon is toggled accordingly.
In the research we conduct we do not consider such prede refdmped routes. Instead we
develop advanced control methods to determine the optimalng in case of dynamic
demand.

In the literature, the route assignment problem has beeressied to a large extent for
automated guided vehicles (AGVs). The algorithms develdpe routing AGVs can be
classi ed in three categories: algorithms for general gaffology [22, 33, 39, 45, 47, 50,
73], algorithms for optimizing the path layout [30, 34, 48].4and algorithms for speci c
path topologies [5, 16]. Since we consider general DCV-th&sgjgage handling systems,
where the network of tracks is represented as a directedhgvapwill look in more detail
only to the rst category where the path topology is geneihese methods can also be
classi ed into three categories:

1. static methods, where an entire path is considered todwe@d until a vehicle com-
pletes the tour [22, 33],

2. time-window-based methods, where a path segment caredébyglifferent vehicles
during different time windows [39, 45],

3. dynamic methods, where the utilization of any segmengdti s dynamically deter-
mined using, e.g.,

incremental route planning — the next node to travel to (fehevehicle) is
selected so that the distance from the vehicle's curreritipngo its destination
is minimal — [2, 73, 74],

enumeration of transportation plans — dispatching andyas®j con ict-free
routes— by means of dynamic programming [50].

Traditionally, the AGVs that execute the transportati@kaare controlled by a central
server via wireless communication. Hence, the computaticamplexity of the centralized
route choice controller increases with the number of velitb be routed. Therefore, [96]
presents a decentralized architecture for routing AGM@®utph a warehouse. However, even
for a small number of AGVs to be used for transportation (12/&}; the communication
requirements are high. But in baggage handling systemsuheer of DCVs used for
transportation is large (typically airports with DCV-bddeaggage handling systems have
more than 700 DCVs). Hence, in practice, designing an ondoaarte choice controller
for each DCV is not yet tractable. Also, we do not deal with artdst-path or shortest-time
problem, since, due to the airport's logistics, we need thgshat their end points within
given time windows.

The route choice problem for a DCV-based baggage handlstgisyhas been presented
in [25] where an analogy to data transmission via intern@réposed, and in [38] where
a multi-agent hierarchy has been developed. However, thlogyn between routing DCVs
through a track network and transmitting data over intehastlimitations, see [25], while
the latter reference, [38], does not focus on control apgrea for computing the optimal
route of DCVs, but on designing a multi-agent hierarchy fagdpage handling systems and
analyzing the communication requirements. Moreover, thdtiragent system of [38] is
faced with major challenges due to the extensive communitatquired. Therefore, the
goal of our work is to develop and compare ef cient contropegaches (viz., predictive
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control methods and heuristic approaches) for route chemo&rol of each DCV transport-
ing bags to their end points in case of dynamic demand atrgastations. These control
approached are developed in a centralized, a decentradinddh distributed manner. Note
that the control approach is said todecentralizedf the local control actions are computed
without any communication or coordination between thellooatrollers, while the control
approach is said to bdistributedif additional communication and coordination between
neighboring controllers is involved, see e.g. [94], [95].

4.2 Event-based model

In this section we present the simplifying assumptions aeatbntinuous-time event-driven
model to be used in order to determine the optimal route ehfic DCVs in a baggage
handling system.

4.2.1 Assumptions

Later on we will use the model for on-line model-based cdnt8p, in order to obtain a
balanced trade-off between a detailed model that requargs computation time and a fast
simulation we make the following assumptions:

Ai: A suf cient number of DCVs are present in the system so thaemh bag is at the
loading station there is a DCV ready for transporting it.

A»: Each junction $with s2f 1;2;:::;Sg has maximum 2 incoming links and 2 outgoing
links, both indexed by 2 f 0; 1g as sketched in Figure 4.3. 1§ 8as 2 incoming links
then it also has a switch going into the junction (called shvin hereafter). If Shas
2 outgoing links then it has also a switch going out of the fiorc(called switch-out
hereafter). Note that a junction can have only a switchirty @ switch-out, or both a
switch-in and a switch-out.

Asz: We assume each loading station to have only one outgoingalitkeach unloading
station to have only one incoming link.

A4: A route switch at a junction can be performed in a negligilsieetspan.

As: The speed of a DCV is piecewise constant.

incoming incoming
link 0 link 1

outgoing outgoing
link 0 link 1

(a) switch-in (b) switch-out

Figure 4.3: Incoming and outgoing links at a junction.
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Ag: The capacity of the end points is large enough that no buffer ow can occur.

A7: The ight numbers of the planes to which the bags have to besparted, are allocated
to the end points when the process starts.

Next we will discuss for each of the assumptions above whdotid they do not hold:

Ai1: AssumptionA; was made in order to simplify the route choice problem. Irctice,
the DCV-based baggage handling system does not have antedlinumber of DCVs
in the system. Hence, in practice, one has also to ef ciesdliye the line balancing
problem and to optimally assign routes to empty DCVs.

A,: If one junction would have more than two incoming links or mdhan two outgo-
ing links, in order to keep using the proposed model and obniethods, one could
virtually expand such a junction to junctions with maximunm2oming links and 2
outgoing links connected via links of length 0, or one couddgat the control methods
themself.

Ajz: If a loading station would have more than one outgoing liflent one can virtually
expand a loading station into a loading station connectadink of length 0 to a
junction with a switch-out. Similarly, one can virtually gand an unloading station
with more than one outgoing link.

A4 AssumptionA4 was made in order to simplify the explanation of the modelAjf
would not be valid, then one has to take into account the tieexlad to perform the
switch when computing the control actions and the time phuiatil the next event (see
Section 4.2.2).

As: AssumptionAs is a fair approximation of the real speed of DCVs on the lindgsents
between any 2 induction motors positioned consecutively.

Ag: The number of bags for each ightis known in advance (due t@ade ight booking
and historical data). So, one can assume without loss ofrgltiyethat a suf cient
number of end points is associated with a ight, or, if morantone end point is not
available, then at the end point assigned to that speci itithere is human force or
there are robots to load the bags into containers and frore tbehe plane.

A7: During one day several ights are typically assigned to ath point. However, the time
window when an end point is available for each of those igktknown beforehand
(it is also known from historical data). Hence, this assuampis not restrictive.

So, these approximations are reasonable and give a goookapption of the real baggage
handling system.

4.2.2 Model

In order to obtain a fast simulation, we write the model asvamedriven system consisting
of a continuous part describing the movement of the indi@idehicles transporting bags
through the network, and of the following discrete events:



4.2 Event-based model 57

loading a new bag into the system,

unloading a bag that arrives at its end point,
crossing a junction,

updating the position of the switch-in at a junction,
updating the position of a switch-out at a junction,
updating the velocity of a DCV.

Let NPa9Spe the number of bags that the baggage handling system hastitehand
let NPagsCrt pe the total number of bags that entered the track networloupet current
time instant® < to+ M_SiMyjith t, the initial simulation time andM&-SMthe maximum
simulation period. Also, let DC\Vdenote the DCV that transports ttik bag that entered
the track network up to the current time instant, NP9, Note that if two or more bags
are loaded onto DCVs at the same time instante order the DCVs according to the index
of the loading stations (DGMWvill then denote the DCV transporting the bag loaded at the
loading station with the smallest index, DGYwill denote the DCV transporting the bag
loaded at the loading station with the next smallest inded,s0 on).

The state of the DCV-based baggage handling system consists of tkeolinwhich
each of the DCVs travel, their speed and their position ohlihia, and the position of the
switch-in and switch-out at each junction. Furthermore,itiput of the system consists
of the demand of bags together with their arrival times atltiagling stations and of the
control variables. Note that, depending on the control wetlhecontrol variables can
be the switch positions or the time periods after which wegledhe position of the switch
as presented later on. Finally, tbatput consists of the time instants when we load and
unload each of the bags to be handled (these time instaritbevidollected into a vector
denoted byt, they will be derived via simulation and will be used laterwinen measuring
the performance of the system).

Algorithm 2. Model of the baggage handling system

Input: the demand of bags together with their arrival times at ttaglitog stations, and
the initial state of the system
1: oty
2: while t€ < tg+ Max_simgqg
3 for =1toLdo

4: load  time that will pass until the next loading event of L

5. end for

6: for = 1toUdo

7: unload  time that will pass until the next unloading event of U
8: endfor

9: fors=1toSdo

10: Jross time that will pass until the next DCV-crossesevent
11: §W—i“ time that will pass until the next switch-in event at S
12: Swout  time that will pass until the next switch-out event gt S
13:  end for

14: for i = 1toNbPagset gg

15: v-update  time that will pass until the next velocity-update event @&\0
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16:  end for
mn min  min '0ad  mjp  unload mip - C1OSS  ymip o swin.
17 =120 To=12mmU "s=1,2;8 s "s 1,28 s '
’ min  Sw_out min Vv_update
s12ms S "j= 1:1:-Nbagsert !
18: tcrt tcrt+ min
19: take action (i.e. load, unload, cross junction, switchqidate, switch-out update,
velocity update)
20:  update the state of the system
21: end while
Output: t

Note that if multiple events occur at the same time, then We &l these events into
account when updating the state of the system at step 20.

Next we describe the variables involved in determining thené-based model dflgo-
rithm 2. This goes as follows, where2 f 1;2;:::;Lg, 2f1;2;:::;Ug,s2f1;2;:::;9g,
andi 2 f 1;2;:::; Nbagscrtg:

load.

If there is no bag coming towards loading station then '°29= ¥ Otherwise,
a conveyor transports bags towards loading statiorRecall that we assume that
there are suf cient DCVs present in the system so that wheagadat the loading
station there is a DCV ready for transporting it. Then, fa turrent state of the
system at time instanf", the time period °2%is equal to maxt?[™al- ter;safe
wheret2™ denotes the time instant when bl actually arrives at loading
station L, j- 1is the number of bags that have been already loaded frofsd.
the next bag to be loaded at bas local indexj), and S‘J"fle expresses the time

period that has to pass until it is safe for Uai‘g’d to be loaded onto a DCV. This
duration is given by:

go if dtravtlel gmin
-
s_af_e: dmin _ dtfavel

WT>_— L otherwise
" max \ﬁam;v'?j-"‘_dl
whered™" is the minimum safe distance between DCW%$'is the position of
the DCV transporting bakj?j-’"_dl_ on the outgoing link of loading station [v*2% is
the velocity of that DCV, ang®™ 1 ms is the speed to be used in case of jam.
The speed™ is determined based on empirical data.

unload - The time period that will pass until the next unloading evertturs at unloading

station U is given by:

link _ Atravelclosest
unload — d d

y/closest

whered'™ s the length of the incoming link of unloading station gitavetclosest

is the position of the DCV closest to Wbn the incoming link of U, andvP®V is

the current speed of this DCV. If there is no DCV on the incagink of U , then
unload=y hy de nition.
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S19sS Consider the switch into junctions$o be positioned at the current time on the
incoming linkl 2 f 0;1g of Ss. Then the time that will pass until the next DCV
crosses $is given by:

8 d|ink dtravetclosest
2 " Ys

si| if there is a DCV
s 0% 5 Mmax viam;v‘fh_'lf’se’st on link| into S
¥ otherwise

whered!¥ is the length of the incoming link of junction §, dZf*****is the

position of the DCV closest tos®n the incoming link of S, andvg'f’se“is the
velocity of that DCV.

Swin - swout: Once the toggle command of switch-in and switch-out is gitle position
of the switch-in and switch-out is toggled aftgt'-"and $¥-°U‘time units respec-
tively. Assume that the toggle commands are givafat”  tt andtsw-_out e,
Then $¥-Nand $¥-Utare given by:

st_ln: max tsW-" tgw_m_prev_,_ switch _ yert

st_out: max tSW—OUt, tssw_out_prev+ switch _ sert

where SWi®h is the minimum time period after which the switch at a juncti@an
be toggled, and wher§"-"-""* andt"-""“P""are respectively the time instants
when the switch-in and the switch-out at junctioyhave been toggled last.

V-UPdate \ne calculate the duration’-“"*®®®according to the cases enumerated below —

i .
d™" is the minimum safe distance between DCVs aff@¢! is the position of
DCV; on the incoming link of &

Assume DCVto be traveling towards junctions®n link | 2 f 0; 1g, with no
other DCV traveling in front of DCYon the same link. Then we distinguish
two situations:

ax link travel min
1. Vbey; < ym andd$| - dDCVi > dmin,

2. Vpcy, > 0, k.- dg%‘(’ii' d™n, and the switch-in at8s not positioned
on the incoming link that DCV travels.

In both cases the velocity of DGWas to be updated immediatel}‘f,—“pdatez
0. Hence, the velocity of DCMvill be updated as followsipey;, V™ for
the rst case andppcy; O for the latter.

Let DCVP"® denote the DCV traveling on the same incoming lirdf Ss as

DCVi, in front of DCV;, with no other DCV between them. Also, /%,

denote the position of DGV on link . We distinguish two situations:

ax travel travel min
1. Vbey; < vm anddDCViprev- dDCVi >d

travel travel min
2. VDCVi > VDCViPFeV anddDCViprev‘ dDCVi d
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Then the velocity of DCVhas to be updated immediately for the rst case

and after
travelrev_ dtravel_ dmin

v_update_ DCVP DCV;
|

max viam: ymax._ VDCViprev

for the latter one. The velocity of DGWill be updated as followsvpcy;
v"®for the rstcase andipcy;,  Vpeyrrev for the latter.

For any other case, we set"P%°= ¥

According to the model, for each bag that has to be handledcamgpute the time
instants when each bag enters and exits the track netwotk/°®denote the time instant
when theth bag that entered the track network is loaded onto a DCMlisois DCV) and
let tU"'°ad denote the time instant when the same bag is unloaded atitsa@nt. Then we
denote two models of the baggage handling system which willded for (1) route control
— we determine a route for each DCV, and consequently, thielswiill be positioned so
that each DCV travels on the assigned route — and (2) switoralo— we determine
switch positions over the simulation period — respectively

t = |\ route_ctrl X(to) 1

or
t = M Switch_ctrl T :X(t); U

where:

—r¢load ... tload junload ... junload>
t=[tPad oo oac tynioad ::: tuploa

X(to) is the initial state of the system withthe initial simulation time.

r is the route control sequence de ned as follows: assumetieat is a xed number
R of possible routes from a loading station to an unloadingjstaand that theR
routes are numbered 2;:::;R. Letr(i) 2f 1;2;:::;Rg denote the route of DGV
Then the route sequence is representedbyr(1)r(2)  r(NPag9)>,

U is the switch control input for the entire network de ned@ds= (uy;uy;:::;us)
with ug = [US¥-"(1) ::: uSW-(NPagY ySW_ou{( 1) ::: uSWOU(NPAIY]> s2f 1;2;:::; Sy,
if junction Ss has both a switch-in and a switch-oug= [ u$*-""(1) : :: uS"-"(NPag99]>
if junction Ss has only a switch-inys = [ u$¥-°U(1) ::: uSY-°Y{NPa99]> if junction Ss
has only a switch-out.

4.3 Constraints and control objective
In this section we present the safety and operational caingtrof a DCV-based baggage

handling system, together with the control objective to beduwhen comparing the pro-
posed control methods.
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Operational constraints The operational constraints are derived from the mechbarch
design limitations of the system. Such constraints are:

C1: ADCV can transport only one bag at the time.

C,: A bag can be loaded onto a DCV only if there is an empty DCV uriderioading
station. This means that if there is a traf ¢ jam at a loaditatien, then no loading
event can occur at that loading station.

These constraint€; andC,) have been already included when modeling the system.
Next we write the set of inequalities describing the operadl constraints of a DCV-
based baggage handling system as follows:

C@t) 0 (4.2)
Examples of operational constraints described by (4.1) are

Cs: A switch at a junction has to wait at least*™®" time units after a switch has occurred
(before a new switch can take place), in order to avoid thekopd repeated movement
back and forth of the switch which may lead to mechanical dpma

C4: The speed of each DCV is bounded between O\dHd

Control objective Since the baggage handling system performs successfuly ihe
bags are transported to their end point before a given tistam, from a central point of
view, the primary objective is the minimization of the oveedime. A secondary objective
is the minimization of the additional storage time at the paitht. This objective is required
due to the intense utilization of the end points in a busyairfHence, one way to construct
the objective functiord”" corresponding to the bag with indéxi 2 f 1;2;:::;NP39%, is
to penalize the overdue time and the additional storage tiweordingly, we de ne the
following penalty for bag indek see Figure 4.4:

Jipen(tiunloao) - ima>(0; tiunload_ ticloss + 1ma)(0; ticlose_ i0|3en_ tiunloa% (4_2)

pen
‘]i

RN

tclose_  open tclose tunload
i i i i

Figure 4.4: Objective function"5".
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pen
J

t_close_ open t_close t_unload
i i i i

Figure 4.5: Objective functiong’d"and J.

wheretiCIose is the time instant when the end point closes and the bagsaded onto the
plane, i is the static priority of bag inde(the ight priority), and °°*"is the maximum
possible length of the time window for which the end pointresponding to bag indexs
open for that speci ¢ ight. The weighting parameteg > 0 expresses the penalty for the
additionally stored bags.

However, the above performance function has some at paitéch yield dif culties
for many optimization algorithms. Therefore, in order t¢d geme additional gradient and
also minimize the energy consumption, we also include tine that a bag spends in the
system. This results in see Figure 4.5:

Ji(tiunloao): Jipen(tiunloacb*_ 2(tiunload_ tiload) (4.3)

where , is a small weight factor (& , 1).
The nal objective function to be used when comparing thegmsed control approaches
is given by:
Nbagssim
Jtot(t) — é Jipen(tiunloao) (44)
i=1

whereNbPagssim is the number of bags that reached their end point duringithelation
period[to;to+ ™), where S'Mis either the time instant when all the bags have been handled
(and therPagssim — Nbaga or Sim= max_sim

4.4 Control methods

In this section we develop and compare centralized, deslézed, and distributed predictive
methods that could be used to optimize the performance ofyhtem. The centralized
control method results in a nonlinear, nonconvex, mixeegat optimization problem that
is very expensive to solve in terms of computational effétierefore, we also propose an
alternative approach for reducing the complexity of the patations by approximating the
nonlinear optimization problem by a mixed integer lineamgramming (MILP) problem.
Finally, in order to reduce the computational requiremewts also develop two heuristic
methods and a hierarchical control framework.
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4.4.1 Optimal control

Assume that there is a xed numbBrof possible routes from a loading station to an un-

loading station and that tHeroutes are numbered3;:::;R. Letr(i) 2f 1;2;:::;Rg denote

the route of DCV. Then the route sequence is representedbyr(1)r(2)  r(N299]>.
The optimal control problem is de ned as follows:

mrin JoYt)

subject to
t=M route_ctrl T 'X(to)'r
Cit) O

But computing the optimal route of each DCV transportingstigough the network
so as to minimize the performance ind&X requires extremely high computational effort
as we have shown in Section 4.5.1. In practice, this problecoimes intractable when the
number of possible routes and the number of bags to be tretesiare large.

4.42 Centralized MPC

We de ne now a variant of MPC, wheles not a time index, but a bag index. In this context
bag stegk corresponds to the time instafﬁad when thekth bag has just entered the track
network —ifk = 0 bag stefk corresponds to the time instagt For this variant of MPC, the
horizonN corresponds to the number of bags for which we look aheadewbmputing the
controlinputs (k+1), r(k+2), ...,r(k+N) wherer(k+j) with j 2f 1;2;:::;Ng represents
the route of DCV; (from a given loading station to the corresponding unlogditation).
Next, we implement all the computed control samples, andraiagly we shift the horizon
with N steps. So, once we have assigned a route to a DCV, the routatd€CV cannot be
later on changed.

The total objective function of centralized MPC is then dednas:

k+N
JRMPR) = & H(E

i=1
wheref"°adjs the predicted unloading time of DG\depending on the routes of the rst
k+N bags that entered the network, aik) = [ ti°ad ;. t/oadunioad .. tunioad>

Now letr (k) denote the future route sequence for the Mekiags entering the network

at bag stegk, r(k) =[r(k+1) r(k+2) ::: r(k+N)]>. Accordingly, the MPC optimization
problem at bag stebis de ned as follows:

min JoeM-MPq(k
min J M)

subject to
t(k) = | foute_ctrl T ;X(tll(oa ;I’(k)
C(t(k)) ©

When using centralized MPC, at each bag dtephe future route sequencék) is
computed over an horizon &f bags so that the objective function is minimized subject to
the dynamics of the system and the operational constraints.
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Next we show how we compute for this control method the danati$*-" and $%-out
withs2f 1;2;:::;Sg. Assume that the switch-in at & positioned on link 2 f 0;1g. Then
let zs denote the bag closest tg &d traveling at time instan® on the incoming link % |
of Ss. Also let g”iva' be the time period that the DCV transporting trageeds to travel
(at maximum speed) the distance between the current posifibagzs and S. Then the
duration $"-"is given by:

8 . .
< max Swich. Swinprev amva  If at t¢ there is a DCV on the
SWain= s 'S incoming link 1- | of Sg
¥ otherwise
where $"-"-Pjs the time period for which the switch-in at junctiog Bas been in its

current position. Hence, the bag closest to junctigms&llowed to pass rst if the switch
is positioned on the appropriate incoming link, or if a tagg possible (due to constraint
Cj).
The duration $%-°Us given by:
8 . .
<  switch swout prev if att thereis a DCV at Sand
max O; - g - - .
its route asks for toggle
¥ otherwise

SW_out_
s

where $¥-°UP™®is the time period for which the switch-out at junctiogl®s been in its

current position.

Centralized MPC can compute on-line the route of each DC\h@értetwork, but it
requires large computational efforts as will be illustdhite Section 4.5. Therefore, we also
propose decentralized and distributed control approactigsh offer a trade-off between
the optimality of the performance for the controlled systerd the time required to compute
the solution.

4.4.3 Decentralized MPC

In decentralized model predictive route choice control mesider each junction separately,
as a local system. For all junctions we will then de ne similacal MPC problems. No
communication and no coordination is involved between dlcallcontrollers.

Local system

Each local system consists of a junction, its incoming ljrdesd its outgoing links. Let us
now consider the most complex case, where junctiowigh s2 f 1;2;:::;Sg has both a
switch-in and a switch-out. Moreovers 8 not directly connected to an unloading station.
Thenwe rstindeX the bags that successively cross junctigd®ing the entire simulation
D2 whereN?2%is the number of bags that cross

Ss during the simulation period.

2This order depends on the evolution of the position of theéawin at junction S
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Local control measures

In decentralized route choice control we compute for eanhtjon S the positions of the
switch-in and switch-out of junctionsSor each bag that crosses the junctign S

Now consider junction & Recall from Section 4.4.2 that we use a variant of MPC with
a bag index. So, in this approach, the local control is ugHateevery time instant when
some bag has just entered an incoming link of junctignl®tt$" be such a time instant.
Then we determine bag indésuch thatg,>s® trt < tsin, wheretg?>%is de ned as the
time instant when babsy has just crossed the junction. If no bag has crossed theigunct
yet, we sek = 0.

Let N™® be the maximum prediction horizon for a local MPC problem B@ﬁ‘fzo” the
number of DCVs traveling at time instatff' on link | 2 f 0;1g going into S. Then, the
local optimization is performed over the ned = min N™& nlgizon+ nhonzon hags that
will cross junction § after bag indexk. By solving this local optimization problem we
compute the control sequence

Us(K) = [US"N(k+1) 220 uS-"(k+Ng) uSY-U(k+1) 121 uS"-"U(k+Ng)]”

Ss for thek + jth bag to cross S— u$"-"(k+ j) = | with | the index of the incoming link
on which the switch-in at Sis positioned) 2 f 0;1g. The control variable$"-°U{k + )

cross §— uSW-°U(k+j) = | with | the index of the outgoing link on which the switch-out
at S is positioned| 2 f 0;1g. So, the control decisiong"-"(k+1), :::, ug"-"(k+Ns) of
the switch into $ determine the ordérin which the bags cross the junction and the time

travel.

Local objective function

When solving the local MPC optimization problem for juncti&s, we will use a local
objective functionIgetM™< The local objective function is computed via a simulatidn o

the local system for the nekt; bags that will cross the junction, and is de ned as follows:

min(Ns;NS"©59

JSI?E?\‘_SMPC(IS(k)) = é Jk+j(t\un|0ad )+ pen(Ns_ Ngrosa
j=1

Sik+]
J:

where
N$™©s%is the number of DCVs that actually cross junctiondsiring the prediction
period,

t"é’k‘f}ad is the predicted unloading time instant of dag. |,

3The order of DCVs is given by setting their speed in accordamith the control variables of the switch-in.
For example itg"-"(k+1) = 0 andu$"-"(k+2) = 1, but on the incoming link 0 there are more DCVs in a queue,
then after allowing the rst DCV traveling on incoming linkt@ enter §, the velocity of the other DCVs in the
gueue is set to 0 until the DCV coming from the incoming linkntees G and the switch-in is set back on link 0.
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PENis a nonnegative weighting parameter,

ts(k) = [t929 o1 t9aq, f‘;fﬂf’lad s f‘;‘ﬂﬁf I> with t527 the loading time for bags

Bkt -

The second term of the local objective function is includadlifie following reasoning. As-
sume that, at stefy there are no DCVs traveling on the incoming link f 0; 1g of junction
Ss, whileN DCVs travel on link % 1. If this term would not be considered, thaffs-""t)
would be minimum when the switch-in is positioned on lindturing the prediction period.
However, this is obviously not a good solution when the enmgaare open. Also note
thatNgmssandf‘;ELOjad are determined by simulating at time insttfiftthe prediction model
presented next for a given control sequeng).

Local prediction model

The local prediction model at bag indé&dis an event-driven model for the local system
over an horizon oNs bags. So, according #lgorithm 2, for the nextNs bags to crossS
given the current state of the local system, we compute thiegbe!™" until the next event
will occur in the local system (loading ifs$s connected to loading stations, unloadingdf S
is connected to unloading stations, switching gtudating the speed of a DCV running
through the local system), we shift the current titfé of the local prediction model at
junction S with ", take the appropriate action, and update the state of tiadgstem.
First we show how we compute the duratio§é-"and $"-°Utfor the local prediction
model at time instantS™. Note that we now compute®*-" and $"-°Ufor each of the
nextNs bags to cross3luring the prediction period. Assume that the switch-iruatjion
Ss is positioned on linKy.j = UK+ ). Let zsy+j denote the bag to crosg Bext, for
j= 12115 Ns. Alsolet 2% be the time period that the DCV transporting lzag  needs
to travel (at maximum speed) the distance between the dyrosition of bagzsk.j and Q.
Note that if at time instart{™ with tS[9S., & < t£19SS there is no bag on incoming link

) ) sk+j-1 sk+j?
1- ug"-"(k+]) of S, then ISR
Then the durationd*-"is given by:
8
S nax swich. swinpre ariva if attime instant$" the switch-in at
= ® * skt Ssis not on linkly.j = ug*-""(k+ j)
TO¥ otherwise

Hence, now the order in which the DCVs cross junctigrissgiven by the control inputs

uS"=(k+1), 1, uS-"(k+Ne).
The duration $*-°Us given by:
8

< max O; Switch. Sw_out prev if bag bsk+j is at § and the switch-out at
’ s Ss is not positioned on linki$Y-°{k + j)
¥ otherwise

SW_out_
S =

The durations $"-"and $"-°“for the model ofAlgorithm 2 at time instant®" are
computed similarly. But in this case, we do not compute anyentibese durations fdxs
bags, but only for one bag, according to the control inpts™(k+ 1) andu$*-°U{k + 1).

Next, we present how we predict the unloading time instanéézh of the next bags to
cross $ during the prediction period. To this aim, we consider a xetkase rate during
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the prediction period for each outgoing lilk f 0;1g of S. Let g be the xed release
rate at time instart®*. We now present how we calculatg given the state of the local
system at®. Let "€ pe the length of the time window over which we compute the link
release rate. The variablé®® can be derived using empirical data.tif < to+ ™€ we
consider ; = M with M the maximum number of DCVs per time unit that can cross
a junction using maximum speed. tf"  to+ " let %" denote the number of DCVs
that left the outgoing link within the time Wlndow[tcrt rae ). Then, ifng®> 0 the

xed release rate of link out of S to be used during the entire prediction perlod is given
rate

by & = rate, while if N§**= O we set ) = " with0<" 1. We do not sets; = 0 when

nrate— 0 because later on this release rate will be used as denamiaatl we want to avoid
the division by zero, while obtaining consistent results.

Recall that we want to predict the arrival time of Hag.; with j 2f 1;:::;Nsg at its end
point. Let @ﬁfj denote the junction that bagy.; will cross nextwherda@rJ = ugW-oU(k+j),

and let 53! be the end point of balg+j. Then, for each possible rout@ R 223, where

Rk is the set of routes fromgg? to (S}, we predict the time when balg.; wil

arrive at Sekitj via router as follows:

nload _ tcross link route
t\lé.lrkﬂ Sk+J+AS|(+j+A (4-5)

where

tsie; is the time instant (computed by the local prediction moeeiyhich bagdsy |

crosses $

"Uns; is the time we prediftthat bagbsk+ spends on linky.; out of S. For this
prediction we take'
|

“Tk 1+n
§ >l 2 S iflink I is not jammed
) ymax g
Alink = ik Sherj
skt] in '
S|k+ 1+nsk+] - -
E max \,Jamj'% if link I+ is jammed
S||k+J
wheredgﬁ‘i‘+j is the length of linkly:j out of S, Nk is the number of DCVs on
link | at time instantsc;{(‘fﬁ andv@™ is the speed to be used in case of jam, typically

viam = 0:02nEs. We consider the outgoing link,; of Ss to be jammed only if
Qs Qg.}ifj whereQg,,; is the capacity linky.; at time instantggsf; g’f;‘f
its maximum capacity, and is a weighting parameter determined based on emplrlcal

data (typically = 0:8).

Aroutes the predicted travel time on route Rgﬁﬁtj for an average speed determined
based on empirical data.

4 next i i i tog est Alink —  max i max i
If Sslk+; is an unloading station an(g‘%j is not %kﬂ then i3 i = with a large nonnegative
scalar.
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Then the optimal predicted unloading time instant is de asdollows:

nload _ ; nloa
fokn | = argmin Jrj (G i
2R IR0

Local optimization problem
So, the MPC optimization problem at junctiop&hd bag indek is de ned as follows:

Lr}s"n(ig N ()

subject to
t(k) = M localswitch_cirl T - x (161059 (k)
’ S, '
C(t(k) O

whereM locakswitch_ctl Ty (181059 y (k) - describes the local dynamics of junctiogv@th
its incoming and outgoing links, witks(tg}2°9 the state of the local system at time instant
[Shan

After computing the optimal control, only2"-"(k + 1) andu$*-°{k+ 1) are applied.
Next the state of the system is updated. At bag ktefh, a new optimization will be then
solved over the nextls bags.

The main advantage of decentralized MPC consists in a sntalfaputation time than
the one needed when using centralized control due to thetHfatiwe now compute for
each junction, independently, the solution of a smaller sintpli ed optimization prob-
lem. However, using decentralized MPC to compute the DCWste choice also yields a
decrease in the overall performance of the DCV-based baguaadling system.

4.4.4 Distributed MPC

One can increase the performance ofdeeentralized:ontrol approach proposed above by
implementing adistributedapproach that uses additional communication between neigh
boring junctions.

Levels of in uence

In distributed model predictive route choice control we sider local subsystems, each
consisting of a junction Swith s2f 1;2;:::;Sg, its incoming and its outgoing links. But in
contrast to decentralized MPC, data will be now commungthttween neighboring junc-
tions which are characterized by the concept of level of @nae. The levels of in uence
are de ned as follows.

Let us rst assign one or more levels dbwnstrearin uence to each junction in the
network. We assign downstream in uence level 1 to each jonéh the network connected
via a link to a loading station. Next, we consider all junosaonnected to some junction
with in uence level 1 via an outgoing link, and we assign irnce level 2 to them. In
this way we recursively assign an in uence level to each fiomcwith the constraint that at
most §'® downstream in uence levels are assigned to a given junetiBor example see

5The constraint that at mos{'®™ downstream in uence levels are assigned to a junction $irtie computa-
tional complexity and keeps all levels of in uence nite.



4.4 Control methods 69

Y
__ level 4+1

level 4+2 level 4+2

Figure 4.6: Levels of downstream in uence for parallel cangtion.

Figure 4.6 where we de ne maximum 2 levels of downstream @nae for each junction in

the network. For this example we have considered the jumet®and $ to have assigned

downstream in uence levelg- 1. Then § and S have been assigned leve] (since these

junctions are connected tq &nd $ via outgoing links). Next, we assign in uence level
d+t1t0 S, S5, S3, and § (since they are connected tg &d ). Note that now $and

S4 have 2 levels of downstream in uencey and 4+1. Therefore, Sand § are also

assigned in uence level 4 +2 (since they are connected tg &d S with in uence level
dt+1).

Similarly we can also assign levels opstreamin uence to each junction in the net-
work. We assign upstream in uence level 1 to each junctiotih@network connected via a
link to an unloading station. Next, we assign upstream imeeelevel 2 to all the junctions
connected to some junction on upstream in uence level 1 tgianicoming links. Recur-
sively, we then assign levels of upstream in uence to eaolstjon with the constraint that
at most ['® levels of upstream in uence are assigned to a given junction

Distributed MPC with a single round of downstream communicaion

Let us now consider distributed MPC with a single round of dstkeam communication.
This means that rst the local controller of each junctioritwin uence level 4= 1 solves
the local optimal control problem of Section 4.4.3.

After computing the optimal switch control sequence, eacicfion with in uence level

d = 1 communicates to its neighboring junctions at levgt 1 = 2 which bags (out of all

the bags over which we make the prediction for the corresipgrjdnction with in uence
level 4) will enter the incoming link of the junction at levely+1 and at which time
instant. Next, we iteratively consider the junctions aelev g = 2;3;:::; Kdownstream yara
K downstreamjg the |argest level of downstream in uence assigned in tvork. Then, for
each junction with in uence level 4 > 1, we compute a local solution to the local MPC
problem as presented next.

Assume $with s2f 1;:::;Sghas in uence level 4> 1. Let §|* denote the neighbor-

ing junction of § connected via the incoming link2 f 0; 1g of Ss (so, %' has in uence
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level - 1). Then, we compute a local solution fog 6 the local MPC problem de ned
below over an horizon of

horizon + npred_cross_’_ npred_cross ( 4. 6)

ns;l sl;0 sl;1

Qo

Ns= min NM&
|

0

bags wherdN™® is the maximum prediction horizon for the local MPC problenfi:.ﬁ”zon
is the number of DCVs traveling at time instaff on link | 2 f 0;1g going into S, and
ngﬁ'?ﬂ—crossis the number of DCVs traveling toward§,$ on its incoming linkm that we
predict (while solving the local optimization problem &%) to cross § and continue
their journey towards $

The MPC optimization problem at junctior 8nd bag indek is de ned as follows:

Lr;;.(i n Ve (((9)

subject to
t(k) =M local;switch_ctrl T .Xs(tcLosa.us(k)
) = )
C(t(k) ©

with Ns given by (4.6). Note that in this approalh 'ocatswitch_ctrl T -y (1¢1059 y (k) - de-
scribes the local dynamics of junctiogBith its incoming and outgoing links and additional
data from neighboring junctions (if any).

After computing the optimal control, onlyg"-"(k+ 1) andu$*-°{k+ 1) are applied.
Next the state of the system is updated. At bag &tef, a new optimization will be then
solved over the nextls bags.

The computation of the local control is performed accordithe following algorithm.

Algorithm 3. Distributed computation of local control with a single iteration of down-
stream communication

1: for ¢= 1 toKdownstreamyg

2:  compute independently local switching sequences for inaeelevel 4 taking into
account the control on in uence leve) - 1

3: end for

Every time some bag has crossed some junction we updatectlectantrol of junctions
in the network as follows. Assume that some bag has just edossiction § which has
assigned level 4. Then, we update the control as follows. We consider a sebteted at
Ss and consisting of nodes of subsequent levels of in uencedhaconnected via a link.
So, only the control of the switch-in and switch-out of thagtions in this subtree have to
be updated.

Note that the controllers of the junctions on levglhave to wait for the completion of
the computation of the switching sequences of the contsotia the previous level before
they can start to compute their future control action. Tfeeee when comparing with de-
centralized MPC, such distributed MPC may improve the perémce of the system, but at
the cost of higher computation time due to the required syordhation in computing the
control actions.
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Distributed MPC with a single round of downstream and upstream communication

In order to further improve the performance of the distr@slitontrol approach presented
above, we now add an extra round of communication and congdidegibuted MPC with

a round of downstream and upstream communication. Thisadétivolves the following
steps:

Every time a bag has crossed a junction we compute the locatatcsequences
according to the downstream levels of in uence as explammzole.

Next, for the junctions on level 1 of upstream in uence we ataithe release rate of
their incoming links as follows. We take as example junctigmvith = 1. For all
other junctions we will apply the same procedure. We vitiuabply at S the optimal
control sequenceg that we have computed when optimizing downstream.tlf’lﬁt
be the time instant at which the last bag crossg¢o8t of all the bags over which
we make the prediction forgh If &% < to+ ™ we set ¢ = M for | = 0;1.

Otherwise, ifn®> 0 with n§® the number of DCVs that left the outgoing litlof
rate

Ss within the time window[t®™" - "2t2% ), we set 5 = —_. Finally, if nfg®= 0
we set ¢ = " with0<™ 1. Now we solve the local MPC problem presented
on page 70 using the updated release rates and we compute#hedntrol of all
junctions at upstream level, +1. Recursively, we compute the local control until
level KUpstreamyhereK Upstreamis the largest level of upstream in uence assigned in

the network.

These steps are summarizediigorithm 4.

Algorithm 4. Distributed computation of local control with a single round of down-
stream and upstream coordination

1:
2:

w

a

6:

for 4= 1to Kdownstreamdo
compute independently local switching sequences for inagelevel 4 taking into
account the local control on downstream in uence levgl 1

end for

for = 1toKupstreamgq
compute independently local switching sequences for inagelevel  taking into
account the local control on upstream in uence levgt 1 and the updated release
rate

end for

By also performing the upstream round of communication,emieformation about the

future congestion is provided via the updated release fidtes information might change
the initial intended control actions of each junction. Tgily (if one allows suf cient time
to compute the solution of each local optimization problgim}s new variant of distributed
MPC increases the performance of the system, but also thpwational effort increases
since we deal with one more round of optimizations.

In future work we will farther improve the performance of tiystem by considering

multiple up and down rounds of optimizations and by extegdire range of communication
exchange to more than one level. Moreover, we will also ektbe local control area to
more than one node and assess the ef ciency of such distdlapproaches.
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4.4.5 MPC with mixed-integer linear programming

We now present an alternative approach for reducing the 4ty of the computations.
In this approach we simplify and approximate the nonlineate choice optimization prob-
lem by a mixed integer linear programming (MILP) problem. eTédvantage is that for
MILP optimization problems solvers are available, see[2.qj, that allow us to ef ciently
compute the global optimal solution. The solution of the Klhroblem can then be used as
a good initial starting point for the original nonlinear opization problem of centralized
MPC. In future work we will also consider this approach to gane a good initial starting
point for the nonlinear optimization problem of decentradl and distributed MPC.

Mixed integer linear programming

Mixed integer linear programming (MILP) problems are optation problems with a lin-
ear objective function, subject to linear equality and uedy constraints. The general
formulation for a mixed-integer linear programming prohlis the following:

min ¢ XMILP

xMILP

subject to
ACUMILP — peq
AXMILP b
Xlow xMILP yup

wherec, xMILP xlow xup hed andb are vectors, with!°V the lower bound okM'-P and
xYP its upper bound, and whe/€% andA are matrices (all these vectors and matrices have
appropriate size). Note that MILP solvers compute solstidfiP for the problem above,
where some of the elementsxf''" are restricted to integer values.

In order to transform the original nonlinear route choicedelomf a DCV-based baggage
handling system into an MILP model we will use two equivaksicsee, e.g., [7], whelfe
is a function de ned on a bounded sétwith upper and lower bounds® andb'¥ for the
function values, is a binary variabley is a real-valued scalar variable, ands a small
tolerancé (typically the machine precision):

PL [f(x)6 Q] ( [ = 1]is trueif and only if

f(x) 6 bUP(1- )
109> +(B- )

P2 y= f(x)is equivalentto

8
3 y6 b'P
y> blow
3 y6 f(X)-bo"(1- )
"oy> f(X)- bUP(1- )

6The tolerance is needed to transform a constraint of the form 0 intoy 0, since in MILP problems only
nonstrict inequalities are allowed.



4.4 Control methods 73
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Figure 4.7: Three cases with a gradually increasing comipyexetwork with one unload-
ing station, more unloading stations close together, mateading station far
apart.

Simpli ed route choice models

Now we present simpli ed route choice models that can betemias MILP models. We
consider three cases with a gradually increasing complesiere the DCV-based baggage
handling system has only one unloading station, more uimigastations close together,
and more unloading stations far apart, as illustrated inif€igl.7. We consider these cases
since they grow in complexity and, for each of these casefitiadal assumptions have to
be made in order to obtain a simpli ed route choice model ttat be recast as an MILP
model. Note that these route choice models will not be ebasted models, but a discrete-
time models.

Common assumptions for all three cases

In order to transform the route choice problem into an MILBlgfem, we rst simplify it
by assuming the following:

Ag: The DCVs run with maximum speed along the track segment &nécessary, they
wait at the end of the link in a vertical queue. In principlee queue lengths should
be integers as their unit is “number of DCVs”, but we will appimate them using
reals.

Ag: The dynamic demanD; of loading station L, i 2 f 1;:::;Lg, whereL is the number
of loading stations, is approximated with a piecewise amsiemand. The piecewise
constant demand; has level changes occurring only at integer multiples;ofith
the sampling time. This is necessary in order to easily camtiie time when a bag
reaches a queue at a junction with the time when the demamtjebalet the time
instantty be de ned ady = tg+k s with tg the initial simulation time which is assumed
to be integer multiple ofs, andk 2 N with N the set of natural numbers. Then, during
the time intervalty;tx+1), the demand at loading stationis Dj(K).

A1o: For each link a free- ow travel time is assigned. This freaw travel time represents
the time period that a DCV requires to travel on a link in cafsgoocongestion, using,
hence, maximum speed. The free- ow travel time of a link isa}s a multiple of s.

Note that the assumptiors;-A; that we have considered when writing the event-based
model of the baggage handling systems (see Section 4.2ld))ftwoall the cases to be
considered next.
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Figure 4.8: Network elements.

Case 1: one unloading station

We now consider the case of a DCV-based baggage handlirensygth only one unload-
ing station.

Model The control time step for each junction in the networkds Then at time stefx
with k2 N and for each junctionSwith s2 f 1;2;:::;Sg, we compute the control actions
uSv-(k) andug"-°U{k), whereu$"-"(k) expresses the position of the switch-in at junction
S during the time periodty;tc+1) (if Ss has two incoming links) and$"-°(k) that ex-
presses the position of the switch-out at junctierd8ring the time periodty;ty+1) (if Ss
has two outgoing links).

In order to illustrate the derivation of the route choice mloét us now consider the
most complex cell a network can contain, as depicted in [Eigu8 where junction $has
2 neighboring junctionsgsand S connected to it via its incoming links, and both junctions
S, and S have 2 outgoing links.

Next we present how the evolution of the queue length at tdeoérach incoming link
of Sy is determined. At time stefy up"-°“(k) andu$"-°“(k) are computed for junctiong,S
and S, anduj""—i“(k) for junction §. Let s denote the link between a junctiog &d its
upstream neighbor connected to it via the incoming liak illustrated in Figure 4.8. Also,
let g5 (k) denote the length of the queue at the end of ligkat time instant,. Recall that
each link in the network has been assigned a given free- awdirtime (assumptioAq).
Then, let 4.0 denote the free- ow travel time of linkg.o and let 4.1 denote the free- ow
travel time of link™¢.1. Hence, the control signaig"-°"{k) andu$"-°{k) in uence qg.o

andqg:1 after 22 and -2 time step$é respectively.
The evolutién of theslength of the queue at the end of ligk is given by:
dag(k+1)= max 0;qq(K)+ lag k- - - OFF(K) s (4.7)
S

where

"Recall that, according to assumptidap, s is an integer multiple of .
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041 (k+1) is the length of the queue at the end of link at time instanty;.

l4:1(K) represents the in ot of link “d: during the periodty;tk+1). Note that if a
junction S with s2 f 1;2;:::;Sg is directly connected to a loading statiop With
i2f1;2;:::;Lgviathe incoming link 2 f 0;1g of S;, then

Is1(K) = Di(K):
Og*(K) is the maximum number of DCVs per time unit that crogsi8ring[ty; tk+1)
after traveling on link .

Note that we also have the constraint that the length of tleaigat the end of linkg;
has an upper bound:

A Gai(k+1) off (4.8)
d2D
whereqf* expresses the maximum number of DCVs that ligkcan accommodate. The
dg

variableqg{™ is de ned asqyi*= o Wherebxc denotes the largest integer less than or

equal tox, dg) is the length of the linkg| with | 2 0; 19, andd™" consists of the minimum
safe distance between DCVs and the length of a DCV.

Furthermore, the maximum number of DCVs per time unit that wathe queue or
arrive at the end of linkg., and that crossSduring[ty; tx+1) is de ned as follows:

O (k) = (1- ug"-"(k)) O™ (4.9)
OP(k) = uS"-"(k)o™ma (4.10)
whereO™ s the maximum out oW of a junction. Note that we have used the operator

max in (4.7) since the length of the queue is always larger thiaqual to 0.
The in ows l4.o(K) andlg.1(K) are given by:

la:0(K) = Up"~*"{K) Op(k) (4.12)
la1(K) = ( 1- ug"-*"(K)) Oc(K) (4.12)
with Oy(k) andOc(Kk) respectively the out ow of junctionand S during the time interval

[tic: tis1) -
The out ow Og(K) of a junction g with s2f 1;2;::: Sg can be de ned as follows (we
consider two cases):

Ss has one incoming link. Then

Og(k) = min O™ qsL(k)Hso k- 59 (4.13)

S S
Ss has two incoming links. Then
dso(K)

S

Os(K) = min O™ 1- uS¥-"(k) +lgo k- S0+
S

uS™-"(k) Gsa(k) +lgp k- 2 (4.14)
S S

8The in ow of a link equals the number of DCVs that entered tira per time unit.
9The out ow of a junction is de ned as the number of DCVs thabss that junction per time unit.
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Next, assume junctionsSvith e 2 f 1;2;::: Sgto be directly connected to the unloading
station Y. Then the out owOe(K) of junction S during the periodty;tk+1) is derived as
presented above. Furthermore,Ug{k) denote the out ow of unloading station;4luring
[tk;tk+1), and let 1 be the free- ow travel time between.&nd U;. In order to derive the
out ow U4(K) we distinguish two cases:

Se has only one outgoing link. Then

Uy(K) = Og k- =+ :

S

Se has two outgoing links. Without loss of generality we asstinat the unloading
station is link 0 out of & Then

U= 1-u"""k- = O k-

S S

whereu$"-°U(k) expresses the position of the switch out gtiring the time interval
[ti; tier) -

MILP model We now use the MILP propertig®1l and P2 presented in this section in
order to obtain an MILP model for the route choice model gibgrequations (4.7)—(4.14).
Note that depending on the order in which properBdsandP2 are applied and in which
additional auxiliary variables are introduced, we may epdvith more or less binary and
real-valued variables in the nal MILP problem. The numbébmary variables — and to
a lesser extent the number of real variables — should be kephall as possible since this
number has a direct impact on the computational complexitlyeo nal MILP problem.

We start by transforming (4.14) using Propefty. Let the real-valued variabE£{(k)
be equal to

Uk = 1- u$"-"(k) Gs0(k) +ls0 k- S0 +uS"-"(k) qSL(k)ﬂs;l k- =L (4.15)

S S S S

Now, we introduce the binary variablg“(k) that equals 1 if and only ®Ma  foU(k).
Then we rewrite (4.14) as follows:

Os(K)= O™+ 1- (k) 12¥(K) (4.16)

where the conditiond“(k) = 1if and only ifO™*- f2U{k) 0is equivalentto (cf. Property
P1):

Qmax_ fsout(k) pbuP 1- gut(k)

omax_ fsout(k) +(b|0W_ ) gut(k)

with b'P = O™ andb*¥ = - LgmX whereqM@ = qIg*+qlR*
However, (4.16) is not yet linear. So, we use Prop82and introduce the real-valued
scalar variableg“{(k) such that:

VU= 2 FU(K)
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or equivalently: 8
5 yout(k) 6 bUP 0ut(k)
y2Ui(k) > 0

3 12400 6 1900
V(I > 12U - (L 2(K)

Hence, one obtains:
O(K) = O (k) +12°1(K) - 12"(K)

which is linear. Note that (4.15) can be written as a linearegsion by introducing the
additional varlables"”sl(k) = U (k) g (K) andy‘I s1(K) = ug"- NK)lg k- i' and the
corresponding system of Ilnear inequalities correspogwtbrPropertyDZfor f(x) = gs1(K)
with b'P = g™ andb®¥ = 0, andf(x) = Ig; k- =L with b"P = O™ andb = 0
respectively.

Similarly we can write the MILP equivalent for (4.13). Fihalwe transform (4.7) into

its MILP equivalent. Let the real-valued variatflg (k) be equal tayy,(K) + g k- is' -

Off(K) s Additionally we also introduce the binary variablg (k) that equals 1 if and
only if fq;(k) 0 and we rewrite (4.7) as:

Qi (k+1)= 1- gu(K) fg:(K) (4.17)

together with the system of linear inequalities corresjiogndo PropertyP1 with bUP =
qmax+ Qmax s andblow = - Qmax s

But (4.17) is not yet linear. Therefore, we introduce theakaleyy (k) = ¢.1(K) fq:1 (k)
and the system of linear inequalities corresponding to &tg®2 for f(x) = fg(k), with
b andb'®" as de ned above, and we obtain:

Qa1 (K+1) = fg(K) - v (K)

which is linear. Next we collect all the variables for the t®ehoice model (i.e., inputs,
control variables, and extra variables introduced by themMiransformations) in a vector
denoted bxM'-P (k) and all the partial queue lengtis (k) in a vector denoted by(k +1).
Then the expressions derived above allow us to expyélss 1) as an af ne function of
XM”‘P(k)Z

qk+1) = xMPK) +

with a properly de ned matrix and vector , wherex'-P (k) satis es a system of linear
equations and inequalities

AeqXMILP(k) = ped
AXMILP(k) b,

which corresponds to the linear equations and constraitrisduced above by the MILP
transformations.
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Uy U Uy

Figure 4.9: Unloading stations close together.

Case 2: more unloading stations close together

We now determine the route choice model for a network of sagkh more unloading
stations close together as illustrated in Figure 4.9 wheitbput loss of generality, we con-
sider that a junction can directly serve all unloading stagi(this can be done by lumping
together a sequence of junctions that are located closgéftier and connected to unloading
stations). Let Swith e2f 1;2;:::; Sg denote this junction. Also, léi denote the number
of unloading stations in the system. Then the free- ow ttdirae from S to unloading

Assumptions In this case we make an additional assumption:

A1 Out of the total demand of bags, a certain fractiorof bags have to be transported
to unloading station Ufor = 1;:::;U such thaﬁ“zl = 1. So, at junction Sthe
stream of bags is split into substreams according to the fractions

Model Note that one can virtually expand junctiog ® two junctions $ and S con-
nected via a link of length 0 €t has only one incoming link). Then the ow model for
all junctions in the network excep®d can be derived as in Case 1 above. Next we will
determine the ow model corresponding to the junctich's

The stream of DCVs waiting at the end of the link going inf"San be now divided
into substreams (each substream corresponding to an imdpstdtion). Leg® (k) denote
the queue length (located at the end of the link going ift8)®f the substream correspond-
ing to unloading station Uat time instant,. The evolution ofg®(k) is then de ned as
follows:

qexit(k+ 1) — qexit(k) + Oe(k) -U (k+ _) S

with Og(K) the out ow of S andU (k) the out ow of unloading station U during[ty; tx+1)-
Note that the “max” operator is not needed here due to theiiemofU (k) (U (k) O
always by de nition).

We consider two patterns that the low-level switch-out oaligr could follow:

Pattern1: During the time intervalty;t.1) the low-level switch-out controller at®s!
serves only one unloading station. To determine which uhfgastation to
serve, we introduce the integer control variabf¥!(k) that indicates the index
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of the unloading station to be served during the time intdtyay.1). Then the
out ow of unloading station | during[ty; ty+1) is given by:
8
exit k- — ]
U (k) = ? min Omax;u+ Og(k- —) if = u®Y(k- —)
K= s s s
-0 otherwise.

(4.18)

Pattern2: During the time intervalty;tx+1) all unloading stations are served (we consider
fast switching). Then each partial queue is emptied acangrth the fractions
for = 1;:::;U. Note that we now assume a different type of switch for
St (since $¥ has more than two outgoing links). This switch can be more
expensive so as to allow fast switching. However, we onlydreee, so, we can
spend more money on it. The out ow of unloading stationddiring|[ty; t+1) is
then given by:

exitl, .
U (k)= min Omax;w+ Oe(k- —) : (4.19)

S

MILP model The MILP equivalents for the additional equations desodlthe out ow
of an unloading station except (4.18) can be derived usiegsaning similar to that above.
We now brie y explain how we write the MILP equivalents for.{8). One can intro-

U is served during the time interviik;t+1). Additionally, we introduce the constraint
that:

exit(k) =1
1

which means that there can only be one unloading statioredeat/the time. Then, for
= 1;:::;U, we have:

1 Qoc

qexit( k- _)

U K= k- —)min O™ ==+ Og(k- —)
S S

S

So, one can now write the complete MILP model for the case adtevark with more
unloading stations close together.

Case 3: more unloading stations far apart

Finally, we analyze the case where the track network has omdoading stations far apart.

Assumptions If for the previous case (of a network with more unloadingdistes close
together), we made the additional assump#ian, for this case we make different additional
assumptions:

A12: We now de ne partial demand patterns at loading stations.e&oh loading station
has a demand pattern corresponding to each end point. Tdrezgdh loading station
Li, withi2f 1;2;:::;Lg and for each unloading station Uwith 2f 1;2;:::;Ug,
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Di;l(t)v Di;2(t)

1 t2 - k-1 tk

Figure 4.10: Demand pro le atloading statidy for a network with two unloading stations.

The solid line corresponds to unloading statidnand the dashed line demand
corresponds tadJs.

there is a dynamic, piecewise constant demand pditerf) as shown in Figure 4.10
whereD;. (k) is the demand of bags at loading statignalith destination U in the

beyond the demand is 0).

As example we illustrate in Figure 4.10 the dynamic demartigpaat loading station

Li, with i 2 f 1;2;:::;Lg for a network with two unloading stations. In this gure
the piecewise constant demand represented as a solid liresponds to unloading
station U, and is denoted b;.1(t), while the dashed piecewise constant demand
corresponds to &) and is denoted b;.»(t). Then for a network with unloading
stations, the total demand of Huring the time intervalty;tx+1) is given byD;(k) =
4%, Di; (K.

Ai13: Since we deal with partial demands at each loading statierassume that the DCVs

wait before the junctions in partial vertical queues acoaydo the unloading station
towards which the DCVs travel.

A14: Recall fromA; that we assume enough DCVs present at loading stationstsetiba

abagis at a loading station, there is a DCV ready to tran#pdrtiditionally, we now
assume that no buffer over ow can occur on the link connetitdtie loading station,
and than the demand at a loading station is smaller than #dirig capacity. As a
consequence, no queues can appear at the loading stations.

Model The control time step for each junction in the networksisSo, at each time stép
for each junction $with 2 incoming links, we compute the position of the swiiarduring
the time intervalty; t+1) that has been denoted b§¥-"(k). The position of the switch-out
is controlled as presented next.

We consider two patterns that the switch-out controller jpirection S with 2 outgoing

links could follow. The rst pattern is a realistic one, whitas been already used for the
rst two cases presented above, while the second pattertéas considered in order to
decrease the computational complexity.

Pattern1: During the time intervally;tx+1) the switch-out controller serves only one outgo-

ing link of Ss. To determine which outgoing link to serve, we compuité-°4{k)
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Figure 4.11: Network elements when the switch-out is cdietiaccording toPattern 1.

Pattern2:

which will then be a variable of the optimization problemgeated at the end of
this subsection.

During the time intervalty;tc+1) a low-level switch-out controller serves both
outgoing links. This pattern gives a fair distribution owadlrthe out ows while
considering xed turning rates for each junctiog & presented below. Note
that when using this pattern, no extra variables are incedu Therefore, we
will solve simpler optimization problems, and this will gifaster results. In
future work we will de ne a similar pattern for the control tife switch-in and
then compare the performance and the computation timersatavhen using
Pattern2 for the control of both the switch-in and switch-out.

According to these patterns, we derive the route choice hinydeferring to the network
cell illustrated in Figure 4.11.

Patternl:

In this case we consider partial queuestet end of each linkhat correspond
to each unloading station. Leg;. (k) denote the length of the partial queue
during the time intervalty;tx+1) at the end of the incoming linkof junction §

Then the evolution of length of the partial queue is given by:
Aa;l; (k+1): Aa;l; (k)+ Id;l; K- R Od;I; (k) s
S

wherelg,. (K) is the partial in ow corresponding to Uof link "4, andOgq;. (K)

is the partial out ow corresponding to Uof link "¢, during the time interval
[tk;tk+1). The partial in owslg,. (K) are de ned at the beginning of a link, while
the partial out owsOy,. (k) are de ned at the end of a link as pointed in Figure
4.11.

If junction S, has 2 incoming links, the in owg.o. (K) is de ned as:

lao, (0= U""(K)  1- u3""(K) Opg; (K) +U3""(K)Op1; (K) ;
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o

U

Figure 4.12: Junctiors; is directly connected t&J . The unloading station is connected

Pattern2:

via link O out of S,.

while if Sy has only one incoming link the in ovy.o, (K) is de ned as:
lao, (K= U"~"{K) O, (K):

Similarly, one can de nég.;. (k). Note that if a junction Swiths2f 1,;2;:::; S
is directly connected to a loading stationi2 f 1;2;:::;Lg via the incoming link
| 2f 0;1g of S;, then

ls1; (k)= Di; (K):

The partial out owsOs;: (K) at the end of link's; with | = u$¥-"(k) are de-
termined such that we have maximal exhaustion of the availefipacity as
described inAlgorithm 5 for Og. (K) = 0%%(K) andqs). (K) = q9(k) where
0%9(k) andg™¥(K) are variables that characteri&tgorithm 5 . Note that if junc-
tion Ss has 2 incoming links, the®s1.|. (k) = 0 since only the partial queues at
the end of the incoming link indexed by u$"-"(k) are emptied durinfi; tc:1).

Without loss of generality we assume that for any junctigdigectly connected
to U , the unloading station is connected via link 0 out gfsee Figure 4.12.

Then, the out ow of unloading station Uduring the periodty;tk+1) is given by:
U (K= min 1-u"-k- —) Oz (k- —);0m
S S

with  the free- ow travel time of the link directly connected toloading sta-
tionU with 2f1;:::;Ug, is considered to be an integer multiple of

corresponding to each unloading station. OI'he length of the partial queue at
junction S that consists of DCVs going towards unloading statioriéddenoted
by gs . Then we determine the partial out ow3s (k) for a junction $ such
thatgY_,Os (k) O™ To this aim we consider again a fair distribution over
all ows as described ilgorithm 5 for Os (k)= 0*9(K) andgs (k)= q¥%(K),
and s (k)= 1¥9k) with s (K) the number of DCVs going towards unloading
station U that enter the partial queue at junction d&iring the time interval
[tx;tks1). The partial in ows s (K) and the partial out ow€yg,. (k) are de ned

at for each junction Sas pointed in Figure 4.13.

Based on off-line optimization, for each junctiog 8e can determin& xed
turningrates s with = 1;:::;U. These xed turning rates represent the frac-
tion of the partial queugs (K) that will be sentto link 0 out of Sduring[ty; tk«1).
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Figure 4.13: Network elements when the switch-out is cdietidy a low level controller
according toPattern2.

Then séuzl s Os (k) DCVs will be sent towards the outgoing link 0 0f,S
and saY_;(1- s )Os (K) DCVs will be sent towards its outgoing link 1.

Then the evolution of the length of the partial queue is givgn
do; (k+1)=qg; (K+ 4 (K)-Oq (K s

where 4. (K) expresses the number of DCVs going towards unloading statio
U that enter the partial queue at junction@iring the time intervaly; ty-1):

a (0= (1- B"1)(1- b )Op (k- L) +uS"(K) ¢ O (k- 22):
S S
Note that if a junction Swith s2f 1;2;:::; Sgis directly connected to a loading
station ;i 2f1;2;:::;Lgthen

s (K) = Di; (K):
Accordingly,u (k)= min O™ 1- uS"-Yk- —) , Oz (k- —) :
S S

Algorithm 5 describes the procedure that we consider in order to datertiné distribu-
tion of the partial out ows such that we have maximal exharsbf the available capacity.
We use this algorithm since it results in a fair distributaver all the out ows.

Algorithm 105, Out ow distribution at the end of link g
1. = f1;2;:::;Ug
2: while 6 0do

3 = argmin g¥9(K)+179K) s
2
4. forall 2 do
alg,y _ e OMX, @9(k) L alg
5 O“3(K) = min ﬁ'—sﬂ (k)

100 Algorithm 5, j  j represents the cardinality of the set
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6 Qomax  omax. Oalg(k)
7. end for
8: n
9: end while
Let us now considePattern1 and derive (as example) the outputAd§orithm 5 for
link "4 of the cell illustrated in Figure 4.8 and far = 2. According toAlgorithm 5, if
Aai:1(K) +la:a(K) s Gari2(K) +1aa:2(K) s then the out owOygy; (K), for = 1,2 is given
by:
max
O™ Gaia(k)

Oug;1;1(K) = min T; .

la;1;2(K) (4.20)

Ouyiz(K) = min O™ L la1;:2(K); Ga1:2(K)

lg;1:2(K) (4.21)

and otherwise (i.e., ig;:1(K) +1g:1:1(K) s < qqi1:2(K) +1g:1:2(K) s) the out ow Og. (K) is
given by:

Oqy1;1(K) = min omax. LZ(I()_
s

lag:2(K); M gk (4.22)

L RO (4.23)

m
Od;|;2(k) = min OT

Similarly, one can derive the out ovDg;. (k) with s2f 1;2;:::;8, 1 2 0;1g, and 2
f1;2;:::;Ug, for networks of tracks withJ > 2. Then (ifU > 2), one gets more complex
formulas, but these new formulas can still be written usiiighen-else” statements and
“min” operators.

MILP model We now transform (4.20)—(4.23) into their MILP equivalente rest of
the MILP route choice model for the case with more unloadtagjens far apart, can be
derived using a reasoning similar to that above (see page&/adescribing the MILP route
choice model for a network with one unloading station).

To transform (4.20)—(4.23), we introduce the binary vagaly.-1(K), 4:1:2(K), q:1:3(K),
and g;.4(k) such that:

ar:1(K) = lifandonly ifg;:1(K) +la:1(K) s Qd:2(K) +1a1:2(K) s,

. . omaX
d;l;2(k) = lifandonly Ide;I;l(k) +|d;|;1(k) s 5 S

. . OmaX
da::3(K) = 1ifand only if gg;;2(K) +1g;;:2(K) s 5

da1:4(K) = Lifand only if qg;:2(K) +1g:1:2(K) s omaxXs- Q1K) = Ta:2(K) s,

together with the system of linear inequalities corresfprogmdo PropertyPl. Then the
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out ows Ogy.1(K) andOg:1-2(K) can be written as follows:

Out2(0) = ¢ra(K)  as:2(K) qd;';ii(k)ﬂdﬂ;l(k) T TN R A T O
a1:a(K) q‘“l( Gt 1)+ - () O™ q“";iz('owdﬂ;z(k)
(4.24)
Outa0= 6119 ara®® HE 41100 +
1- g4(K) omaX-q“";ii(k)-ldm(k) ¥
1- g1 ara(K) q‘“Z( Ga12(k) 4100+ 1o ask) o : (4.25)

To transform (4.24)—(4.25) into MILP equations one has tther introduce real-valued
scalar variables and the corresponding systems of lineguilities corresponding to Prop-
erty P2 using a reasoning similar to that above (see pages 76-77).

Model predictive route choice control

Next we de ne the general MILP model that will be used in MP@nfrework, the MPC
objective function, and the MPC optimization problem fotlbthe nonlinear and the MILP
case.

MPC MILP model For each MPC stek corresponding to time instaty we now derive
the overall MILP model. Letj+1.n be a vector that consists of all the partial queue lengths
at MPC stepk, over an horizon oN steps. Then the general MPC MILP model can be
written as follows:

Ok+1:N = k;Nxml\jLP"' kN

with a properly de ned matrix |y and vector (n, wherexi\;" consists of all the vari-
ables for the MILP route choice model (i.e., inputs, contmllables and extra variables
introduced by the MILP transformations) and satis es aesysbf linear equations and in-
equalities

eq MILP_ eq
AkN kN — bk;N

LP .
AkNXieNT bien;

which corresponds to the linear equations and constraitrtsduced above by the MILP
transformations.

MPC objective function Recall that the baggage handling system performs optinifally
each of the bags to be handled arrives at its given end poihin speci ¢ time window?!

n order to simplify the explanation, we now consider thatteanloading station is assigned to one ight
only. However, this case can be easily extended to the deras®, where more ights are assigned to an unloading
station.
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Udesiredcom \ Udesiredcom
Udesuremwc o .rl—
t I | | | | | L e 1 t
! L T 1 1 T 1 1 1 >
toPen tclose topen R tclose
(a) continuous out ow pro le (b) piecewise constant out ow pro le

Figure 4.14: Desired out ow pro le at unloading statiod .

A ydesired

Figure 4.15: Desired piecewise constant out ow pro le atloading stationU .

[tclose.  OPeNclose) yheretClosejs the time instant when the end point Bloses and the last
bags are loaded onto the plane, afitf"is the time period for which the end point Wtays
open for a speci ¢ ight. We have assumé@®s€and °P°"to be integer multiple ofs. We
consider the objective of reaching a desired out ow for eantpading station.

Note that the desired out ow at each unloading station isénegal a dynamic signal.
LetU desiredcont genote the desired ow pro le at unloading station s sketched in Figure
4.14(a) where the area under the cudRgsedont equals the total number of bags out of
the total demand to be sent to UNote that outside the time windof’P®"t¢1°59 with
tOPeN= telose. 9PENh4 hags should enter the incoming link of unloading station &hd
consequently,) desiredeonity = 0 fort outside the given time window. Since we want to use
this pro le for our control, we rst have to sample it and ajpimate it with a piecewise
constant one.

The most straightforward way to perform this approximai®to de ne the piecewise
constant owU 9eSe®PWe() = ydesiredconyy ) for t,  t < t,q andk 2 N, as illustrated in
Figure 4.14(b). However, one can perform an even betteroappation by computing the
piecewise constant out ow pro le that minimizes the aredvi®en the desired continuous
out ow pro le Udesiedeonit) and the piecewise constant out ow pro 8%S"®"(t) . This
can be obtained by solving off-line, for each unloadingstatthe optimization problem de-

ned below. For the sake of simplicity of notations let us safer unloading station Uand
omit the subscript for the variables that clearly refer to UFurthermore, we de ney as
follows, see, e.g., Figure 4.15:

fort 2 [tPenclosy ydesiedweyy = it |t with =t
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Then one can approximate®®s™®"e(t) for t 2 [t°Pe" €105 with the solution of the
following optimization problem:

Ko’ lZ j+1 . 2
min ydesiredeoniyy . “qit (4.26)
07 K -1 j=0 |
whereK = 0— Let 4, 1,::5, g .41 denote the solution of (4.26).
Then, the optlmal piecewise constant ow at unloading etatl is given by:

8

< Udeswectj) — j_kopen for kopen J kclose_ 1

- ydesiedjy = 0 otherwise

tclose_ to

with j 2 N, K°P®"de ned ask®**"= % andke'°se de ned askclose=

S

The rst objective of the MILP controller is to reach a desireut ow for each unload-
ing station during the simulation period. Lt (i) denote the actual out ow of unloading
station U during the periodt;;ti+1) with i 2 N. Then, one could de ne the following ob-
jective function during the perioft; ti+1):

Joutow U]_(l) ..... UU(l) — a w U (l) Udeswectl)

wherew is a nonnegative weighting parameter that expresses ttadtpen the unloading
stations (in this way we can penalize differently the unlogdtations depending on, e.g.,
the priority of the assigned ight).

However, to add some additional gradient to this objectivefion and make sure that
all the bags will be handled, we also consider the weightegtleof queues at each junction
in the network, but only for time steps bigger than or equatd®ewith 2 1;:::;Ug.
Then we de ne the additional penalty:

ifi< kclose

JAVALee]
o

au(i);::isas(i) = >8 4 s i) otherwise
s1 =1

whereqg(i) is the summation of the lengths of the partial queues at tirsi&nt; consisting
of DCVs that wait before junctionsSwhile s is a nonnegative weighting parameter that
expresses the penalon junction S.

Finally, at MPC stefi which corresponds to time instai the MPC performance index
is de ned as follows:

k+N 1

TP MR Q) = @ IO Ug(i);iiUu(i) + a JR qu(i); iz as(i)  (4.27)
i=k i=k+1

125ince a baggage handling system has to transport all th&ehétor transfer bags to the corresponding end
points before the planes have to be loaded, the weightirgnpeter s is set to be proportional to the shortest
distance from junction o unloading station U.
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Next, we want to write the MILP optimization problem at MP@& stefk. Let us rst
consider the simplest case whéreN < k°°s€ case for which

k+N1U

P XN ) = A aW U (i) - uesreqi) ;
i=k

Slncea:(+N 1Jadd ql(l) ..... qS(l) —_ O
Then one can write the MPC optimization problem for an MILPdalaas follows:

k+NlU

min w Uit
U (k);:5U (k+N-1) |ak a='1 ()

subject to
MILP model
MILP constraints
Uiy > U (i)- udesieqi) fori=ki:iijk+N-1
Ud|ff(|) >-U (I) +Ude3|re({|) fori= k ..... k+N 1:

Then the MPC optimization problem above is a linear programymroblem that has as
optimal solution

U diff; (i)= maxU (i)- Udesirecti);_u (i)_,_udesirecti)): U (i)- Udesirecti) :

For the case wherde+N k€€ we will still obtain an MILP optimization problem by
applying a similar procedure because the pen]ﬁﬁ?is linear.

Optimization problems Next, we formulate the optimization problem for both the fnon
linear and the MILP model formulations at time step
The nonlinear MPC optimization problem is de ned as:

min Jl?_?\lnlinear t(k)
Uk:N '

subject to
t(k) =M switch_ctrl T ;X(tk);Uk;N (4_28)
C(t(k) O

where

JQ?\,“""ea’ t(k) penalizes the absolute difference between the actual auand the
desired out ow at each unloading station, and the queuelémetwork, as (4.27)
does,

T istheL-tuple that comprises the vectors of bag arrival tiffies ( t3™va, ;. ; tarmvaly

de ned in Section 4.1.1,

X(ty) is the state of the system at time instant

theN-tupleU,.n = u(k);u(k+1);:::;u(k+N- 1) represents the route choice con-

trol, with u(k+ j) for j = 0;1;:::; N 1 consisting of the positions of the switch-in
and switch-out of all junctions in the network at time ingte;.
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The out ows of the unloading stations are determined viautation when using the event-
driven model presented in Section 4.2.2.
Similarly, the MILP MPC optimization problem is de ned as:

min - JNT XN Gk
Xk;N
subject to
UiN = kNXINT + KN (4.29)
AN = bRy

Ak;NXa/;IIIQLP bk;N

To solve the MILP optimization problem one could use solgeich as CPLEX, Xpress-
MP, GLPK, see, e.g., [3].

In general, computing the route for each DCV in the networlemBolving nonlinear
MPC optimization problems will give a better performancarttwhen solving the MILP
optimization problems (due to the simplifying assumptiaeed to write the MILP model),
but at the cost of higher computational efforts. So, onead¢asgke MILP to compute a good
initial point for the nonlinear optimization problem andgtwill reduce the computation
time. One could also use directly the MILP solution, but & tiost of suboptimality. The
results obtained when using MPC with nonlinear and MILP folation respectively, for its
optimization problems will be presented in Section 4.5.3.

4.4.6 Decentralized heuristic approach

In this subsection and the next one we propose heuristimappes that could be used to
ef ciently control the route of each DCV, for the model deténed in Section 4.2. Each
switch is now locally controlled based on heuristic rulegpessented next. Note that the
local switch control of the decentralized heuristic appio& determined based only on
local information regarding the ow of DCVs on the incomingdoutgoing links of a
junction. Consider junctiongwith s2f 1;2;:::; Sg.

4.4.6.1 Control of the switch-in

If Ss has a switch-in, as the junctions illustrated in Figure 4éery time when a bag
enters one of the incoming links of 8/e update the local control of the switch-in af S
LettPMPUeSW1he sych a time instant. Then we compute (as presented bélewphtrol
variable $"-'", which represents the time period until the position of thiéch-in has to be
changed next.

For a junction §, we de ne the following variables:

s! is the set of bags transported by DCVs that travel on the imegtink | 2 f 0; 1g

of junction S at time instantSemPUte—sw.n

;ﬁa“c is the total static priority of the bags transported on theoming link | of

junction S at time instant$°mPute-sw-n Sfic= &, where | is the static priority

i2 g
of bag index,
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incoming incoming incoming incoming
link 0 link 1 link 0 link 1

Figure 4.16: Junctions with a switch-in. The time when thet teggle will take place is
determined by a local rule-based controller.

g’l’” is the total dynamic priority of the bags transported on tieming linkl of
N
junction S at time instantSoMPUESWIN N — 8 1 with X\ the estimate of the
s a max
i2 g

actual time bag indekrequires to get from its current position to its nal destioa
in case of no congestion and maximum speed, didthe maximum time left to bag
indexi to spend in the system while still arriving at the plane oretirf bag index
misses the ight, then the bag has to wait for a new plane withdame destination.
Hence, a new departure time is assigned to bag indend consequenth?®"~"or
bag index is considered. Then the variabl@®*is de ned as follows:

'[idose- tgompute_sw_in if tic|ose_ tgompute_sw_irg 0

max —
i - compute_sw_in compute_sw_in
tinew_end_ t pute_sw_in i ticlose_ ts pute_sw_in

In order to determine the next position of the switch-in atgiion § we compute a
performance measungg{—" for | = 0;1 at time instants®™™"*-*"*-"" This performance
measure takes into account the static and dynamic prieritiehe bags transported by
DCVs on the incoming link, and the current position of the switch-in at junctign@ue to
the operational constraits according to which the position of a switch at a junction can

only change after minimums"iM time units):

pz_\g_in — Wst_pr ;tgtic +Wdyn_pr g_)én_ Wsw_in switchl grt ( 4.30)
p:_\/]\-/_in — Wst_pr thtic +Wdyn_pr g_)in_ Wsw_in switch( 1-1 grt) ( 4.31)

wherel$™" denotes the current position of the switch-in at junctien(i®. IS" = 0 if the
switch-in is positioned on the incoming link 0, atf# = 1 if the switch-in is positioned on
the incoming link 1). The weighting parametev&-P", w"-P" andws"-" can be tuned as
explained in Section 4.4.6.3.

Letz; 2 ¢ denote the bag traveling on the incoming linf Ss and which is closest
to S;and let 2™@-?-8 pe the time period that the DCV transporting liagneeds to travel
(at maximum speed) to reach.S _ .

The position of the switch-in ats3s toggled only ifpZ5-"> pgy-" andI$" = 1, or if
p2y-"> piy-"andISt = 0. If this is the case, then the current position of the switcts
toggled after

SW_in_— switch sw_in_prev arrival_at $
S__ma)( _S__prl_|grl )

time units where $"-""-P"®is the time for which the switch-in at junctior 8as been in its

current position. Otherwise, we se*-""= ¥.
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/bag index bag index

outgoing
link 0

outgoing outgoing
link 1 link 0

outgoing
link 1

Figure 4.17: Junctions with a switch-out. The time when taet moggle will take place is
determined by a local rule-based controller.

4.4.6.2 Control of the switch-out

If Ss has a switch-out, as the junctions illustrated in Figure/4elvery time when a bag
is positioned just before junctions &nd the switch-in at sSallows its crossing, we update
the local control of the switch-out atSLet bag index be the bag positioned just before
junction § when the switch-in at Sallows bag index to cross § and lettg, """~
be the time instant when this happens. Then we compute (asmiesl below) the control
variable $%-°Ut which represents the time period until the position of téch-out has to
be changed next. This goes as follows.

Assume that bag indexs at junction . Let %?Xtdenote the junction that is connected
to S via the outgoing link 2 f 0;1g of S;, and let :‘§ESt be the end point of bag index
Then, we can predict the unloading tirf#!%%9 of bag indexi at ! when traveling on
link | 2 f 0;1g out of S and next along routez R whereR JFxtis the set of routes from
Snext to %est

We estimate the time that bag indereeds to reach its end point similar to how we
proceeded in Section 4.4.3. Hence, we can déf jé},ad as follows:

fulnload: compute SwW 0u_$_ ,\Imk +,\route
s;l;ni

where

Ak is the time we predict that bag indespends on link with | 2 f 0;1g out of S..
For this prediction we take:

|
I|nk

l+ng - . )
% vmax, | if link | out of S is not jammed
link _ S
"sii = 5 div 14n ! (4.32)
max sl if link | out of S is jammed

where
— dif% is the length of link out of
— ng;i is the number of DCVs on linkat time instantg; ™"~

~ s isthe release rate at time instaff"™"*-*"-""tomputed over the time win-
dow [tcompute sw_out rate: tcompute SW_04 (vecall from Section 4.4.3 that when
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(SomPUIeSWOU ¢4+ rate e consider 5y = ™2, while if no DCV left link

| within the time windowftg;"P"*-S"-0%  rate,{LOMPUESWO \ye st o =

i s
with0<" 1),

— V@M s the speed to be used in case of jam, typicdf{ = 0:02 m=s. We con-
sider the outgoing link of Ss to be jammed only Qg Q™ whereQy is
the capacity linK at time instantg°®$ Qf}**is its maximum capacity, and is
a weighting parameter determined based on empirical dgiecély = 0:8).

U s the predicted travel time on rout@ R }#!for an average speed determined
based on empirical data.

Next we de ne the cost criterionZ|~*"'for | = 0;1 that takes into accouni(fumoad y,

N s;Li
where
nload _ : | .
e = argmin 3SR,
fgMeRdr2r g

and the positiotZ™ of the outgoing switch at time instatff™"**-*"-°4

C:;v(\)l;_iom: WpenJi (f\;g;lioad ) +ySw_out switchogrt (4_33)
Cz;vi’;_iomz wPeny; (t\;zlioad ) Fysw_out switch(l_ Ogrt) (4.34)

The last term ot:g;‘fv;i—"“tfor | = 0;1 is necessary due to the operational consti@tThe
weighting parametens®®" andws"-°Utcan be tuned as explained in Section 4.4.6.3.

The position of the switch-out at junction; & toggled only ich"(‘)’;—i"“t< cg;vlv;-iout and
O = 1, or if ¢@)7°"'< cZg° and OZ" = 0. If this is the case, then the switch-out is
toggled after

gw_out: ma>(0; switch _ s?w_out_prey

where $"-°"“P®is the time for which the switch-out at junctior Bas been in its current

position. Otherwise, we sef"-°U!= ¥.
The results obtained for this control approach will be iitated in Section 4.5.2.

4.4.6.3 Tuning the weighting parameters for the heuristic pproach

The switch control sequence of each junction depends navoalthe weighting parameters
WSLPT wayn_pr ypen ysw_in \\sw_outintroduced above. Consequently, the total performance
indexJ®©t given by (4.4) depends on the weighting parameters.

In Figure 4.18 we have plotted — for the case sttfgyresented in [78] and for a typical
loading pro le'* — the total performance indeX° as follows. The curve corresponding
to e.g.J¥",is obtained whem®'-P"varies between 16 and 1 for a discretization step of
0:01 and between:1 and 4 for a discretization step of1Q while all the other weighting

. imi tot tot tot
parameters are kept constant, equal:ta Gimilarly, we have plottedy, o, Jy, in Jpen
andJsyy out

13In this case study we consider a network of tracks with ondifmpstation, one unloading station, and four
junctions.

14we consider 200 bags to be handled, their arrival at the hggstiation being dynamically assigned according
to a uniform distribution.
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Figure 4.18: In uence of weighting parameters ové?'J The curve corresponding to e.g.
Ji'; is obtained when #" varies betweerl0 ® and 1 for a discretization
step of0:01 and betweeri:1 and 4 for a discretization step dd:1, while all

the other weighting parameters are kept constant.

As illustrated in Figure 4.18 there are many variations ia #mplitude of the total
performance index. Therefore, the weighting parameters tabe rst calibrated.

In order to calibrate the weighting parameters, we use thatdvased model of a DCV-
based baggage handling system describedlgpgrithm 2 of Section 4.2.2 that can be recast
ast = M swich_ctil 7 -y (tq); yheuristic yhereuheUistic s the heuristic control sequence for
the entire network consisting of all the time intervals aftdich the position of a switch-in
and the position of a switch-out at each junction is toggled.

The tuning of the control weighting parameters will be thenelby solving off-line the
following optimization problem:

Nscenario
. o
min El It
subject to
t = M Switch_ctrl T ;X(to);uheuristic depending onv
Ct) O
whereNscen0js the number of scenarios over which the tuning is perfor,rﬂﬁf; is the
total objective function corresponding to scenajiovith j 2 f 1;2;:::; NScenanigy andw =
[\Nst_prwdyn_prvvsw_in wren \NSW—OUH> .

The above optimization problem is nonlinear, nonconvextaasicontinuous variables.

So, in order to solve this problem, one can use multi-staetlloptimization algorithms such
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as sequential quadratic programmingr multi-start global optimization algorithms such
aspattern searchsimulated annealinglgorithms, orgeneticalgorithms, see e.g. Section
2.1.2.

4.4.7 Distributed heuristic approach

In this subsection we develop an approach where the switetralas performed based on
both local information and additional data regarding thes of DCV on the incoming and
outgoing links of the neighboring junctions. This is an esien of the previous decentral-
ized heuristic approach.

4.4.7.1 Control of the switch-in

As in Section 4.4.6.1, we compute based on heuristic rulesdmtrol of a switch-in for
each junction in the network that has two incoming links (Bagire 4.19). Let Swith
s2f1,2;:::,5g be such a junction. The control of the switch-in is updateergtime
(tsOMPUeSY_ some bag enters the incoming links af S

When applying the distributed heuristic approach we compgain the objective func-
tions pgg-" of (4.30) andpgy-" of (4.31) de ned in the previous subsection. However, we
now also take into account the bags that will come towagdso® its neighboring junctions
in the next P®dtime units. The period?™®dis determined based on empirical data.

Let * be the junction connected tq Sia the incoming linkl 2 f 0;1g of S We
predict which bags will crossg§" and continue traveling towardsg 8s follows. At time

instanttS°™PU-SY-_"ye compute the control sequence for the switch-in and swvdtdhat
SEo and £ using the decentralized heuristic rules for switch-in preed above, and the
heuristic rules for switch-out presented in the paragr@phtrol of the switch-oubf this
subsection respectively. As prediction model we use theilsition model ofAlgorithm

2 for the time periodtsomPute-Sw-nygompute_sw_in, - pred) - As result of this simulation we
determine which bags will cros§ S’ with | 2 0;1g, and continue traveling towards &nd
at which time they will enter the incoming linkof Ss.

Let s be the set of bags that will cros§ when traveling towardss$n the next Pred
time units. Then, the time when junctiogt®ggles its position is computed as@ontrol of
the switch-inof Section 4.4.6. The difference is that here we use thewiatig performance
measures:

sw_in _ ,St_pry static_ + stati yn_pry dyn_ . dymny - sw_in switchycrt
Pso =w-P( sO T s0 9 +wAynpy sot s0) w® Is (4.35)
incomin incomin incomini incomin
link O 9 Iinklg link 0 g Iinklg
¥ ran
R

Figure 4.19: Junctions with a switch-in. The time when thet teggle will take place is
determined by a local rule-based controller.
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sw in_ Wst pr( statlc +! s_tftic) +Wdyn_pr( g)in ! dyn) W in swnch(l |crt) (4.36)

where

o

+ $ifcis total static priority of the bags ing, ' S31°= §
i2 sl

AN

is the total dynamic priority of the bagsins,* &"= & -

i2 g

' dyn

4.4.7.2 Control of the switch-out

For each junction which has a switch-out, as the junctidastilated in Figure 4.20, we
update the control of the switch-out as presented next. { efitB s2f 1;2;:::; Sg be such
ajunction. Then, every time when a bag is positioned jusitegfinction $and the switch-
in at S allows its crossing, we compute (as presented below) theaorariable $%W-°4t
which represents the time period until the position of théadwout has to be changed next.
Assume that bag indexs just before junction $§ Then we update the control of the switch-
out at time instantS!™P"**-**-°"' The control of the switch-out at junction, & computed
using a reasoning S|m|Iar to that in Section 4.4.6.2. Howerehis case, when computing
the predicted objective function for the outgoing lihk 0;1 and bag index, we do not
look only at the congestion on the outgoing links of junctf®&nbut also at the congestion
farther (downstream) in the network.

So, we will predict the time that bag indéxeeds to travel on the néxt "®XtMaX|inks
when trying to reach its destination wher@*ma denotes the maximum number of links
we look ahead.

Let us consider next the case whef@* = 2. As sketched in Figure 4.217%] for
m= 0;1 denotes the neighboring junction (:@?S connected via linkm out of Sg‘f’“. Then
the time period that bag indéxheeds to travel linkn out of Sg‘f’“ considering the release

rate g.m of link mout of Q?Xt is de ned as:
|

|Ink 1+NDCV
% an'a’: - shmi if link mout of L'is not jammed
. sI:m
link
St = E glink 7 4 NDCV. '
vjsa'r:‘, —_shmi if link mout of Lis jammed
sI:m

Vv,,»bag index [ bag index

outgoing
link 1

outgoing
link 0

outgoing outgoing
link 1 link 0

Figure 4.20: Junctions with a switch-out. The time when taet moggle will take place is
determined by a local rule-based controller.

15We look only at the next "®MaX |inks in order to get some extra information on the networkgestion
state, while keeping the communication requirements low.
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Figure 4.21: Subtree of neighboring junctions for junctign

where
diink is the length of the linkn out of L,

NEGY; represents the number of DCV that we estimate to have omiiolt of !
at the time instant when bag indewill cross f gf*

DCV _ Cross
Ns;l;m;i = Nsiimi * Rstmi - Bsimi

with

— Ns1;mi the number of DCVs on linkn out of L at time instantgy™Pe-S"-4"

— Rs:mi the estimated number of DCVs on linkout of § that choose linkm
out of P In order to estimates;;;;, we assume that for a junctior}®', a
fraction g of the DCVs crossing §*take linkm= 0 out of £{*'. The fraction

sI is determined based on historical data.

— RE% the estimated number of DCVs that crog$)& after traveling on linkm
out of LT We de nerg%> as follows:

RSO = MIN Ngtimi +Rstimi - stim” S
wherenlk is the time we predict that bag indespends on link out of S (see
(4.32).

Let RZPX. with | 2 f 0;1g andm 2 f 0;1g denote the set of routes from junctiof’3

to ¢! the end point of bag indeix In this case, for each route2 R 2%<,; we predict the
time 211939 when bag index will reach $¢'if the bag takes link out of S, link mout of

Sif*, and route. This time is given by:

nload — t

compute_sw_out alink 4 alink aroute
slmri — + + it

S;i ski s;l;mi
where

nlink . is the time we predict that bag indewill spend on linkm out of L,
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et s the average travel time on rout@ RJFY;, determined based on historical
data.

Finally, in computing the cost criteriocz‘{‘gi—"”tfor | = 0;1 de ned in Section 4.4.6 we

useJ, (f‘;ln'load ) Wheref‘;‘ln'lOad is the predicted unloading time that optimizes the objectiv

function of bag index when choosing linkn 2 f 0; 1g out of !, and route 2 R J75:
o = argmin  J(E)
ffunioadjraR 09 m2f 0,199

The analysis of the results obtained for this control apghnoaill be illustrated in Sec-
tion 4.5.2.

4.4.8 Hierarchical control

In this subsection we propose a hierarchical control fraotkvior DCV-based baggage
handling systems. In this control framework switch conénd provide position instructions
for each switch in the network. A collection of switch corkeos is then supervised by a so-
called network controller that mainly takes care of the eathoice instructions for DCVs.
We will rst focus on the route choice control problem for thetwork controller. Next we
will also present the independent, but supervised, swibctrol.

Control Framework

In order to ef ciently compute the route choice of each DCV pr@pose a hierarchical
control framework that consists of a multi-level contrausture as shown in Figure 4.22.
The layers of the framework can be characterized as follows:

Thenetwork controllemprovides the route choice for DCVs by determining reference
ow trajectories over time for each link in the network. Tlee®w trajectories are
computed so that the performance of the DCV-based baggag#img system is
optimized. Then the optimal reference ow trajectories esenmunicated to switch
controllers.

| Network controller |

Switch controller | e Switch controller |

X /\

DCV controller DCV controller| | DCV controlle see

DCV controlte

Figure 4.22: Hierarchical control for DCV-based baggageniing systems.
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The switch controllerpresent in each junction receives the information sent by th
network controller and determines the sequence of optimsitipns for its ingoing
and outgoing switches at each time step so that the trackiog leetween the refer-
ence ow trajectory and the actual ow trajectory is minimal

TheDCV controllerpresent in each vehicle detects the speed and position eétie
cleinfront of it, if any, and the position of the switch inteetjunction the DCV travels
towards to. This information is then used to determine tleedpo be used next such
that no collision will occur and such that the DCV stops imtfrof a junction when
its ingoing switch is not positioned on the link that the DC¥vels on.

The lower levels in this hierarchy deal with faster time sedltypically in the millisec-
onds range for the DCV controllers up to the seconds rangéhfoiswitch controllers),
whereas for the higher-level layer (network controlleg frequency of updating is up to
the minutes range.

In the remainder of this subsection we will focus on the higlbeel controllers of the
proposed hierarchy and in particular on how the optimalesutan be determined for the
DCVs transporting bags through the network.

Approach

In general, the predictive switch control problem in DC\ébd baggage handling systems
results in a huge nonlinear integer optimization problettnwigh computational complex-
ity and requirements, making the problem in fact intractablpractice as will be illustrated
in Section 4.5. So, since considering each individual $wigtoo computationally intensive
we will consider streams of DCVs instead (characterizedlay-valued demands and ows
expressed in vehicles per second). The routing problentiét be recast as the problem
of determining the ows on each link. Once these ows are daieed, they can be im-
plemented by switch controllers at the junctions. So, thevakk controller provides ow
targets to the switch controllers, which then have to cotitr@ position of the switch into
and out of each junction in such a way that these targets arasweell as possible.

Set-up

We consider the following set-up. We have a transportatiemvark with a set of origin
nodesO consisting of the loading stations, a set of destinationes@l consisting of the
unloading stations, and a set of internal notdegonsisting of all the junctions in the net-
work, see Figure 4.23. We de ne the set of all noded/as O[ | [ D. The nodes are
connected by unidirectional links. Let denote the set of all links.

Let the time instant be de ned agyx = k "©with "¢the sampling time for the network
controller. Then, for each paio;d) 2 O D, there is a dynamic, piecewise constant
demand patter®,q( ) as shown in Figure 4.24 witB,.4(k) the demand of bags at origin

horizon (we assume that beyodthe demand is 0).

Next, letL 4 be the set of links that belong to some route going to desbimat L 4
L . We denote the set of incoming links for nod& V by L ", and the set of outgoing
links of v by L \°“t. Note that for origin® 2 O we havel. " = 0 and for destinationg 2 D



4.4 Control methods 99

we havelL d°“t= 0. Also, recall from Section 4.2.1 that we have assumed e&gm node
to have only one outgoing link and each destination node ve baly one incoming link
(assumptiorAz). ThenjL U = 1 andjL ["j = 1.

Next, for each destinatioth2 D and for each link 2 L 4 in the network we will de ne
a real-valued owu 4(k). The ow u-.4(k) denotes the number of DCVs per time unit
traveling towards destinatiahthat enter link during the time intervajty; tc+1).

The aim is now to compute using MPC, for each time stepws u-.q(k) for every
destinatiord 2 D and for every link 2 L 4 in such a way that the capacity of the links is
not exceeded and such that the performance criterion igmigad over a given prediction
period[ty;tk+n). Later on we will write a model of the baggage handling systetne used
by the network controller, and show that this model can beitmm as an MILP model.
Therefore, in order to obtain an MILP optimization problemedas to de ne a linear or
piecewise af ne performance criterion. Possible goaldfiernetwork controller that allow
linear or piecewise af ne performance criteria are reagtardesired out ow at destination
d or minimizing the lengths of the queue in the network.

Do;d
Do;d(l)

Dod(0)

0 ty t2 s tk-2 tk-1 tk

Figure 4.24: Piecewise constant time-varying demand @d).g.
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Model

We now determine the model for the DCV ows through the netwoket - denote the
free- ow travel time on link™. Recall that the free- ow travel time of link represents the
time period that a DCV requires to travel on linkwhen using maximum speed. In this
subsection we assume the travel timéo be an integer multiple of"¢, say

<= - " with - aninteger. (4.37)

In case the capacity of a loading station is less than the deéntpieues might appear
at the origin of the network. Lej,.q(k) denote the length at time instagtof the partial
queue of DCVs at origim going to destinatiod. In principle, the queue lengths should be
integers as their unit is “number of vehicles”, but we wilpbapximate them using reals.

For every origin node 2 O and for every destinatiothi2 D we now have:

-d(K
u (k) 6 Do;d(k)+q°‘dn(c) for>2 L o L4 (4.38)
with Dg.q(k) = O fork> K. Moreover,
Qoa(k+1)= max 0;qoa(K)+ Doa(k)- & Uk " (4.39)
2L QU L g

But queues can form also inside the network. We assume th&@Vs run with maxi-
mum speed along the track segments and, if necessary, tlitdyef@e crossing the junction
in vertical queues. Letyq(k) denote the length at time instatof the vertical queue at
junctionv?2 | , for DCVs going to destinatiod 2 D. In this subsection we do not con-
sider out ow restrictions on queues to destinatmfor a junctionv connected via a link to
destinatiord, and hencej,q(k) = O for all k.

Taking into account that a ow on link has a delay of - time steps before it reaches
the end of the link, for every internal nod® | and for everyd 2 D we have:

Ovd(K)

Fo(K) 6 F(k) + 50 (4.40)
whereF\‘,"(‘j(k) is the ow into the queue at junction, being de ned as:
Fal= & uak- ) (4.41)
2L0M L g
and Where:\?gt(k) is the ow out of the queue at junction de ned as:
Fa'= &  uak : (4.42)

2L o L g

The evolution of the length of the queue for every internadew?2 | and for every
d2 D is given by:

Qva(k+1) = max O;qua(K) + Fiy(k) - FQ'(k) ™ (4.43)
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Moreover, for each origitm 2 O and for each junction 2 I we have the following
constraints:

a Goa(k+1) qI (4.44)
d2D
a ava(k+1) g (4.45)
d2D

whereq'® and g'® express (respectively) the maximum number of DCVs the cgmve
belt transporting bags towards loading stations can acamhate and the maximum number
of DCVs the track segments of the incoming links of that jimrttan accommodate.

We also have the following condition for every link

a u.a(k) 6 UM (4.46)
d2D
whereU ™®is the maximum ow of DCVs that can enter a link.
Then, at time steg, the model of the DCV ows through the network of tracks déscr
ing (4.38)—(4.46) can be written as a system of equalitiesaarystem of inequalities as
follows:

Oke1 = M (g uy)
M "eYqupiu) O

where

gk is the vector consisting of all the queue lengthg(K), for all 0 2 O and for all
d 2 D, and of all the queue lengtlog4(k), forallv2 | and for alld 2 D

U is the vector consisting of all the ows:.4(k), foralld 2 D and forall® 2 L g.

Performance index

Next we de ne the performance index to be used for computiegoptimal routing at step
k for a prediction period oN time steps.

The objective is to have each bag arriving at its end pointiwit given time interval
[tglose-  JPENE0s9 wheret§°Seis the time instant when the end poihtloses and §**"is
the time period for which the end poidtstays open for a speci ¢ ight. We assuntg°se
and §**"to be integer multiples ofs.

Hence, one MPC obijective that allows a piecewise af ne penénce criterion is to
achieve a desired ow at destinatiahduring the prediction period. Leges"™ddenote the
desired piecewise constant ow pro le at destinatidras sketched in Figure 4.25, where
the area undend®s®dequals the total number of bags out of the total demand tha toa
be sent to destinatiod. Note thatuges™{k) = 0 for all k < ki**"and allk  k§°se with

tglose_ open close

kgpen: — andkglose: th
Let -, = —%. Hence, one can de ne the following penalty for ow pro lesrespond-
ing to destinatiord 2 D:

B = U - e galk+ )
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desired
Ug ‘

L | I— I 1 1 1 t

-
1 1 T T T T T g

tc\ose_ open nc tclose
d d d

Figure 4.25: Desired arrival pro le at destination d.

where’ 4 is the incoming link of destinatiod.
k+N-1- -

Later on we will include the penalty term & J35°(i) into the MPC performance

i=k
criterion for each destinatiothand for each time stefa Note that we make the summation
of these penalization indices only upkeN- 1- - since fori > k+N- 1- -, the variable
U 4.d(k+ ;) is notde ned at MPC steg.

Moreover, note that using as MPC performance criteﬁﬁ{j- o 4 3%*i) for each
destinatiord and for each time stelg could have adverse effects for small prediction hori-
zons. Therefore, to counteract these effects, we alsoaenas additional controller goal
maximizing the ows of all links that are not directly conrted to unloading stations. To

this aim, let ¥ be the typicai® time required for a DCV that entered linkin [ti; ts1) to

- link
reach destinatiod, with J'Q,';‘k an integer multiple ofs. Also, let |.4 = —%k Then one can
de ne the following penalty:

(

399 (1) = u.qg(k) if kSPEn_ g k< k(cjlose_ I

0 otherwise

This penalty will be later on used in the MPC performancescidn.

Next, in order to make sure thatl the bags will be handled in nite time, we also
include in the MPC performance criterion the weighted langjtqueues at each junction
in the network as presented next. Lé’ﬁ“’ be the typicai® time required for a DCV in the

queue at junction to reach destinatiod, with \",'L:jnc(k) an integer multiple of "°. Also, let

junc K
vd = x M Then we de ne the new penalty:

( \T(;nq\f,d(k) if k kglose_ v

Joverdu?k) -
vd otherwise

Whered{,f‘é” represents the length of the shortest route from junctida destinationd.
Note thatJ%erdue(k) is nonzero only for steps that are larger than or equkﬁ't’ée- vd-
Moreover, for these stepﬁéerdue(k) is proportional todyy". The reason for this is that

16These durations are determined based on historical data.
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we want to penalize more the queues at junctions that arediuaway from destinatiod
because the DCVs in those queues will need longer time teltravdestinatiord.

Finally, letL 9estdenote the set of links directly connected to unloadingestat Then
the MPC performance index is de ned as follows:

o k+N_ci~L- K k+<'a\|_1 o
In(@eu)= & ¢ a HH+ & & 29°0)-
d2D i=k i=k v2I
k+N- 1
a a 390 (4.47)

i=K “2(L nL desy\ | 4

with 4 > 0 a weight that expresses the importance of the ight assidoelestinatiord,
1land 1 nonnegative weighting parameters.
Then the nonlinear MPC optimization problem is de ned asoiwk:
min Ik u
UK UkeN- 130k 15Ok (G Ui)
subject to
Ok+1 = M ®Y(qk; uk)

Oen = M CH(Oien- 15 Uken- 1)
M "®9(qgks1suk) O

M M€Y gyin; Uken-1) O

MILP optimization problem for the network controller

Hence, we deal with a nonlinear, nonconvex, and nonsmodtimization problem. How-
ever, using the propertid3l and P2 presented in Section 4.4.5, this problem can also be
written as an MILP problem.

In principle, — i.e., when an MILP optimization algorithm et terminated prema-
turely due to time or memory limitations, — the MILP optimiica algorithm guarantees
to nd the global optimum. This global optimization featugenot present in the other op-
timization methods that can be used to solve the originalimear, nonconvex, nonsmooth
route choice optimization problem. Moreover, if the congtiain time is limited (as is often
the case in on-line real-time control), then it might occuattthe MILP solution can be
found within the allotted time whereas the global and mstiéirt local optimization algo-
rithm still did not converge to a good solution. As a resuig MILP solution may even
give a better system performance than the solution retusgete prematurely terminated
global and multi-start local optimization method.

Switch control

We now focus on the switch controller for the proposed hrmarand on how optimal
switch positions can be determined.
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Recall that at each control st&pthe network controller provides optimal ows for each

uf’_‘(’f(k+N -1 withd2 D, 2L \ Lg4andN the prediction horizon of the network con-
troller. Then the switch controller of each junction has tonpute optimal switch-in and
switch-out positions such that the tracking error betwéenréference optimal ow trajec-
tory and the ow trajectory obtained by the switch controlie minimal for each network

dow [ty; tken) With t = to+k "°. Moreover, note that in order to determine the switch cdntro
action during the time windowji; tx+n) We will use again MPC. Next we will refer to one
junctionv 2 | only. For all other junctions, the switch control actiong aetermined
similarly.

Let SCbe the switch controller sampliftime. Also, letks¢ be an integer that expresses
the number of switch control actions determined until now.tAkSC is de ned asks¢ =
—wk. Then letts¥ denote the time instant corresponding to the time ktépf the switch
controllert3d = to+k> SCwith to the time instant when we start the simulation.

Furthermore, les" (k%% denote the position of the switch-in at junctigrduring the
time interval t2%t3%,, and lets{"'(k>%) denote the position of the switch-out at junction
during tes;tese,, -

We want to determine the switch control sequence duringithe window [ty; tk+n)
while using MPC with prediction period dfiS¢ steps. Hence, at each MPC sief, the
switch controller solves the following optimization preb:

Svngcl I"ISC J\i\ll(vsc;Nsc(X\,: Ksc; Sv,kSC;NSC) (4.48)
kSCN

with xysc the current local state at junction Syysense = [S(kS9) @12 SN(KSC+NSC- 1) :::
SQUH(KSO) 1:: LU(KSC+NSC- 1)]” if junction v has 2 incoming and 2 outgoing linksysc.nsc
contains only switch-in or only switch-out positions if gtionv has only 1 outgoing or only
1 incoming link respectively) and witBijsc\sc the local MPC performance index de ned
as:

. — 2 opt opt; .
J\i\&vsc;Nsc(Xv,kSC, S\,’ksc;Nsc) = a X ;E;kSC;NSC(u‘ p) - X ;ksc;Nsc(X\,:ksc, szksc;Nsc)
T2L put

+ nﬁg"c’;—,\'gc(x\,’ Ksc; S\,’ Ksc; Nsc) + nSI@VZ;—,\‘I’SLéwa Ks¢; SV, Ksc: Nsc)
where

X Pyeense(UP) denotes the optimal number of DCVs to enter the outgoing link
of junction v during the period tS¥:t%, . . , whereu®" is the vector consisting
of all the ows u™(k);:::;u”%(k+N) with d2 D and” 2 L \ L 4. The variable
X Pieense(UP) is derived later on (see (4.49)).

X -ksense(Xykse; Syse:nse) IS the actual number of DCVs entering linkduring the pre-
diction period. Given the current state of local system dreddequence of switch

17Wwe select the sampling time® of the network controller and the sampling tim& of the switch controller
such that " is an integer multiple of SC.
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control, the variableX ysense is determined via simulation for a nonlinear (event-
based) model similar to the one of &aret al. [80] (the difference is that now the
switch positionss,sc,nse are given for each peridtie; test, ), - - -, [ttsnsc. 1) tocsnse)
instead of for each of the neki’® DCVs to cross a junction).

MRS (Xugkse: Sukeseinse) aNd NG Xyee; Syeeinse) Tepresent the number of toggles

of the switch-in and of the switch-out respectively durimg tprediction window
s tstyse - These variables are obtained from simulation (for the mgives cur-
rent state of local system and the sequence of switch control

is a nonnegative weighting parameter.

Next we derive the variablmo;ﬁ;tksc;Nsc(uf’pt). To this aim, we rst determine how many

stepspysc of the network controller will be involved in solving (4.485 follows: pysc =
N> wheredxe denotes the smallest integer larger than or equal (so, pec  1).
Furthermore, note that the indé&aof the time instant, for whicht,  t3 < t41 can be
computed as followsk= K= wherebxc denotes the largest integer less than or equal to
x. Figure 4.26 illustrates the prediction windotg; t&, \sc.;  With respect to the window
[tk; tes pksc) :
The variabl@(oﬁ;tksc(uf’pt) is given by:

t t t Ky 2 t
o [o] o .
XU = e & WK+ ™ @ & u(i)+
d2D i=k+1 d2D
o t
|2E‘3|£tsc a Uo’%(k+ Prsc - 1) (449)

d2D

whered !‘:fﬁlx(i) = 0 by de nition for j < 1 and where

:lﬁztsc = min(tk+j_;t|§g(\:’+Nsc_ 1) - t%l(\:’a
et = tscinse. 17 thrps-1 iF Pree> 1
2K 0 otherwise.

The results obtained when using the hierarchical contesh&work are presented in
Section 4.5.4.

4.5 Experimental results

In this section we present the experimental results obdaivteen determining the optimal
DCYV route choice of a baggage handling system by using th&@amethods proposed

t tir1 tier2 erpysc- 1
i L L — L
| - ) |

I 1

left -9) nc

1;kse ( p ) 2:kse

tir Prsc

tSW tSW
e KSCHNSe. 1

Figure 4.26: Prediction windowts; te, \sc.; over which we solve the MPC optimization
problem (4.48) illustrated with respect to the windfiiwti:p,sc) for pxsc > 2.
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in Section 4.4. Hence, we now assess the ef ciency of thefatig approaches: opti-

mal control, centralized, decentralized, and distriblNHRIC, decentralized and distributed
heuristics — these approaches are developed for a 1-lewtd ofoice control framework

—, and MPC in a 2-level route choice control framework. Inertb reduce the com-

putational complexity of MPC, we have also compared theltesibtained when solving

nonlinear optimization problems, and when solving MILPimyizations.

4.5.1 Optimal control versus model predictive control

In this subsection we compare the results (the system peaioce and the total computation
time required to determine the route choice control) ol@imhen using the optimal control
method presented in Section 4.4.1 and when using the moddigtive control (MPC)
approach presented in Section 4.4.2. The comparison withhdde based on simulation
results.

Set-up

We consider the network of tracks depicted in Figure 4.2 Wit loading stations L.and
L, two unloading stations Jand U, and two junctions §and $. We have considered
this simple network since the computational complexityrese methods increases with
the number of junctions in the network. Note that the cordpgroaches considered in this
section allow the choice of routes containing loops.

We assume that the velocity of each DCV varies betweer€and 20 ms. The lengths
of the track segments are indicated in Figure 4.27.

Scenarios

We have de ned fteen scenarios where the stream of bagswiihenter the network of
ing randomly assigned using a uniform distribution. Reéam Section 4.1.1 that the

2-tupleT = (t2mval-tamvaly comprises the vectors of bag arrival times de ned#%42a =
1P Ll 2 p
[tagval::tarva > with N'°ad the number of bags to be loaded onto DCVs at loading station

time intervalltp; tp + 1009, using a uniform distribution.

taval, oo, taha, at loading station Lwith 2 f 1;2g, are allocated randomly during the

Lq St Ui

500m 700m

100m

500 700
L m m U,

S
Figure 4.27: Case study for a DCV-based baggage handlingsysf Section 4.5.1.
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For this case study we assume that both end poiptsrid U, are open during the time
window([tg+100stp+2009. Also, we assume that at time instégitno DCV is transporting
bags through the network, while all the considered scesatart from the same initial state
of the system.

Results

To solve the route choice optimization problems of optimahtcol and MPC, we have
chosen thgeneticalgorithm with multiple runs and “bitstring” populatiomplemented via
the functionga of the Matlab optimization toolboGenetic Algorithm and Direct Search
We made this choice since simulations show that this opétitm technique gives good
performance, with a short computation time.

Regarding the optimal control optimization, we B#t"= 6+ Nr= andNoen= Nbags 40
whereN™" is the number of times that we run the genetic algorithm whd&ving the
optimization problem, andl%®"is the maximum number of generations of population that
we allow when computing a solution. All the other options ae¢ by using the default
options of the functioma. Note that we have chosen these large valuedftit and N9€"
since this should increase the chance of nding a solutiat i close to the global one,
see, e.g., Section 2.1.2.

For the MPC approach we set the horizorNe 10 bags. Recall from Section 4.4.2
that, at each MPC step, we implement all the computed cos#nmoiples, and accordingly
we shift the horizon wittN steps. When solving the MPC optimization problem wgsh
we setN™""= 3 andN9"= 70. Note that for MPQN™" andN9%" have smaller values than
the ones we have considered for optimal control. This chbazbeen made since MPC
solves smaller optimization problems than optimal control

Based on simulations we now compare, for the given scenatiesproposed control
methods. Let)i°taPproachdenote the total performance index expressed by (4.4) tivat ¢
responds to the control methods that we compare in this stibegoptimal control and
MPC). In Figure 4.28 we have plotted the performance in#ighgPProachyersus the num-
ber of bags that we handle in each scenario, and the total watign timé® needed for
the total closed-loop simulation. Note that the lower thefgrenance indexjtotapproachis,
the better the performance of the baggage handling systesrgis$f the baggage handling
system has transported all the bags to their end pointsmiitig given time window, then

no penalization is needed. Hence, the best performance afygtem would correspond to
Jtot;approach: 0.

The results indicate that optimal control gives a bettetesysperformance than MPC
or as good as MPC only fdiP29s 60, while forNP29s> 60 MPC performs better than
optimal control. This happens because the values set fanuhwer of rundN™" and for
the number of population generatidN8®" are too low. This means that in order to obtain
better results when using optimal control, one has to irsgreaven mord™" and N9&".
The results also indicate, that even for the computatiagsdtictions mentioned above, the
total computation time obtained when computing the rout@aehsolution using optimal
control, is always larger than the one obtained when usin@€ MWoreover, the difference
in computational effort required by the considered appneadncreases with the number
of bags to be handled by the DCV-based baggage handlinghsysteparticular, the total

18The simulations were performed on a 3.0 GHz P4 with 1 GB RAM.
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Figure 4.28: Comparison of the results obtained using opticontrol (OC) and model pre-
dictive control (MPC) for the total closed-loop simulatiolm order to assess

the ef ciency of these approaches, we progressively iremghe number of
bags to be handled.

computation time of MPC is about2hours, while the total computation time of optimal
control is about 40 hours fd4°a9s= 150.

In practice, optimal control is not suitable for computihg troute choice control of a
DCV-based baggage handling system. The rst reason to stipipis remark is that, in
practice, the arrival time at loading stations of all the ©&mbe handled is not known at
time instanty. The second reason, is the huge amount of computationat effguired to
compute the optimal route choice control. However, even#®/tould be used to compute
on-line the DCV route choice control because this methog mdks ahead at a buffer of
bags to be handled, the total computation time is still guiigén for real-time optimizations.

4.5.2 Centralized, decentralized, and distributed contrbapproaches

In this subsection we compare the performance of the cégdhldecentralized, and dis-
tributed MPC, and the decentralized and distributed hécsibased on simulation exam-
ples. These control approaches have been presented inrS4ati2, Section 4.4.3, Section
4.4.4, Section 4.4.6, and Section 4.4.7 respectively.

Set-up

We consider the network of tracks depicted in Figure 4.2%our loading stations, two
unloading station, nine junctions, and twenty unidiretéidinks. Note that this network al-
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lows more than four possible routes to each destination &nayrorigin point (e.g., Ycan be
reached from k. via junctions ; Ss; Sg; S1; Sa; Sg; So; Se; S1;S2; S5 S4: S8 S1: 52, S5: 563 S
Sy, Se; S1; S5 Ss; S7; So; Sg, and so on). We consider this network because on the one hand
it is simple, allowing an intuitive understanding of andigi in the operation of the sys-
tem and the results of the contt§land because on the other hand, it also contains all the
relevant elements of a real set-up.

We assume that the velocity of each DCV varies betweer®andv"® = 20 n¥s, and
that the minimum time period after we allow a switch toggleS¥™"= 2's. The lengths of
the track segments are indicated in Figure 4.29.

In order to faster assess the ef ciency of our control metivedassume that we do not
start with an empty network but with a network already poprdaby DCVs transporting
bags.

Scenarios

For the tuning of the weighting parameterave de ne eighteen scenarios where 120 bags
will be loaded into the baggage handling system (30 bagschitleading station). We con-
sider three classes of demand pro les callég;”, “ dp,”, and “dp3” hereafter. According

to these classes, the bags arrive at each loading statiba timte intervaltp; to+1009 with

tp the time instant when we start the simulation. The arrivaks at a loading station are
allocated randomly, using a uniform distribution accogdia the following cases:

Ly Lo L3 La
50m 50 50m 50m

300m

S

Figure 4.29: Case study for a DCV-based baggage handlingsysf Section 4.5.2.

19The proposed control approaches allow the choice of routetaiming loops.
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Table 4.1: Considered Scenarios

Scenariotype| End time X0 Demand Scenario ID
same dp, 1
end time Init 1 dp, 2
Relaxed dps 3
t§lose= 2005 dp; 4
t§lose= 200s | Init, |  dp, 5
dps 6
different dp,; 7
end time Init 1 dp, 8
Relaxed dps 9
t§lose= 100 dp; 10
t§lose= 200s | Init, |  dp, 11
dps 12
different dp1 13
endtime | Inity dp, 14
Tight dps 15
tflose= 100s dp, 16
tose= 144s| Init, |  dp, 17
dps 18

dp;: the bags arrive at the loading station with a constant rale2obags/s;

dp,: 5 bags arrive at a loading station during each of the timavate[ty;tp +409 and
[to+60sty+1009, and the rest of 110 bags arrives durftiygr40sto+6039;

dps: 10 bags arrive during the time interj;tp +809 and the rest of the bags, i.e., 110
bags, arrives aftdr= tg+80s, i.e., durindto +80sty+10039.

Note that for the demand pro lesdp,” and “dp3” the bags arrival time is uniformly
distributed over the mentioned time intervals.

More speci cally, we consider two different initial state$ the system calledlIfit 1”
and ‘“Init 2", where 60, and respectively 120 DCVs are already transpmpliags in the
network, running from loading stationgl:::;L4 to junctions $ and S, from § to S, and
from S3to S,. Their positions aty and their static priorities are assigned randomly.

The bags to be handled can be organized in two groups of bagsgtoup 1” consist
of the bags that populate the DCV network beftgrand “group 2” consist of the bags that
enter the network afteg. For a maximum storage period of 100 s at unloading statiges,
examine both situations where the transportation of tha Imgery tight (the last bag that
enters the system can only arrive in time at its end poin&IECV travels the shortest route
with maximum speed), and respectively more relaxed tger0 s we denote the scenarios
according to Table 4.1 whetg°s¢andt$°*¢indicate the time when the end point closes for
“group 1" and “group 2" respectively.

We rst calibrate the weighting parametaxsover all the scenarios we have considered.
Next, for the same scenarios we compare the control methatispw we consider different
samples of the demand pro les than those used for calibratio
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Results

To solve the MPC optimization problems we have chosen afaigeneticalgorithm with
multiple runs and “bitstring” population of the Matlab apization toolboxGenetic Algo-
rithm and Direct Search

Based on simulations we now compare, for the given scenatiesproposed control
methods. For all the proposed predictive control methodset¢he horizon ttl = 5 bags.
We make this choice since for a larger horizon, the comprtatime required to obtain a
good solution of the local optimization problem increasdsssantially. Hence, using larger
horizons for the considered MPC optimization problemsldga considerable larger total
computation time.

Let J}Otapp“’a"hdenote the performance index of the baggage handling systera-
sponding to scenario indexand the considered control approach. In Figure 4.30 we plot
the total performance inde}°taPProachang the total computation tidéobtained when us-
ing the proposed control approaches — centralized, desleretd, and distributed MPC,
decentralized and distributed heuristics — versus theidered scenarios. In this gure
we plot the performance indeltarrroachcorresponding to centralized MPC, but only for
the scenarios where the initial population of the networkacks is small (60 DCVs). We
do this since the computation time for the case where thear&tis populated with 120
DCVs is larger than 10s. Recall that the lower the performance ind&%2PProachis  the
better the performance of the baggage handling system.

Let Japproactavg denote the average performance index obtained when usirydilic-
tive control methods and the heuristic approaches. Thi®peance index is de ned over
the scenarios for which we have plotted the results of Figu3e:

Japproactavg — 1 é Jtlot;approach
i h
j approaci / 2 approach

with  @PProachihe set of scenarios for which we have illustrated the petéorce index
Jiotapproachin Figure 4.30, e.g., 2PProach= f1-2:3:7:8:9;13; 14; 159 for centralized MPC
and @approach= f1.2--:--18g for all the other approaches. Then in Table 4.2 we list the
average result3®PPoactvd of Figure 4.30.

One expects that the best performance of the system is eltaihen usingentralized
predictive switch control. This would have happened if we hHowed more runs and if
we had allowed a larger computation time to calculate thetgwl of an MPC optimization
problem (in these simulations, in order to reduce the coatjrtal effort of the route choice
control using centralized MPC, we ran theneticalgorithm 4 times for each optimization
problem, while limiting the time allowed to compute a satutito 400s). Moreover, note
that centralized control becomes intractable in practiberwthe number of junctions is
large due to the high computation time required.

The simulation results indicate that usidgcentralized MPQowers the computation
time. Furthermore, the results indicate thatributed MPCgives better performance than
decentralized MPC (in many cas#8taPrroachis mych lower than the rest), but at the cost
of higher computational effort. Note that when using dedizied and distributed MPC
we ran thegeneticalgorithm 4 times for each local optimization problem, wehallowing a

20The simulations were performed on a 3.0 GHz P4 with 1 GB RAM.
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Figure 4.30: Comparison of the results obtained using trappsed centralized, decentral-
ized, and distributed control approaches (MPC and hewstifor the total
closed-loop simulation. In order to visualize on the logfamic scale results
such as Prapproach= ( for some scenario, we selP#PProach= 104 for that
scenario. The scenarios over which we make this compariaga heen de-
ned in Section 4.5.2.

maximum of 20 generations of population. We have choseretbpsons in order to have a
balance between the overall performance and the total ctatiquoi time.

Finally, thedecentralizecanddistributed heuristic approacheagve typically worse re-
sults than distributed MPC with a single round of downstreard upstream communica-
tion, but with very low computation time.

Let handlegenote the length of the time period in which we handle albifgs. Accord-
ing to simulations 110s  "a"dle. 240 s for all scenarios and all proposed methods. Hence,
according to the present implementation, only the deckrdhand distributed heuristic ap-
proaches would give real-time results. However, note thataan easily gain several orders
of magnitude in the total computation time of the proposeutiad approaches by using
parallel computation when solving an optimization probl&eitter implementation, object
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Table 4.2: Comparison of average performance of the systaint@al computation time
for the proposed control methods.

Control Japproaclavg — totg] CPU time
approach (s) (s)
Centralized MPC 16 107 2.2 10°
Decentralized MPC 10 10° 32 10°
Distributed MPC

downstream communication 13 10* 5.8 10°
Distributed MPC

communication back & forth 1 10° 2.0 10*
Decentralized heuristics 4 108 0:06
Distributed heuristics 9= 5s) 301 10° 131:48

coded programming languages instead of Matlab, or dedicgigmization algorithms.

4.5.3 Switch control using mixed integer linear programmirg

In this subsection we compare the results obtained wherguki nonlinear and MILP
formulation for the optimization problem of centralized MPThese formulations have
been presented in Section 4.4.5.

Set-up

We are interested in analyzing the trade-off between perdoce and computation time
when using the two formulations of the MPC optimization geob. To this aim we consider
as benchmark case study the network depicted in Figure #t8& network consists of four
loading stations, ve junctions, and three unloading stasi close together connected via
single-direction track segments, where the free- ow tidivee is indicated for each link.

We consider the second case where the networkr@e unloading stations close to-
gether Hence, we will compute the control for the switch-in and ¢hdtch-out of each
junction in the network except the control of the switch-ofithe junction directly con-
nected to the unloading stations. The low-level contrdigerthis special switch-out is
computed according tBattern2. So, during the time intervtk; ty+1) with ty = to+k s with
k2 N, all unloading stations are served.

Then the evolution of each queue at the end of a link in the owtw, for s= 1;2;3;4
andl = 0;1 is given by:

qg;l(k"'l) = max 0; fs;I (k)

with fs (k) de ned as follows:
fr.o(K) = qro(k) + Di(k- 2)- 1- u*-"(k) O™
fr.1(K) = qua(K) +  1- u3"-"U(k- 4) Op(k- 4)- uj"-"(k)Oma

f20(K) = Gzo(k) + Dz(k- 2)- 1- u3"-"(k) O™
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Figure 4.31: Case study for a DCV-based baggage handlingsysf Section 4.5.3.

f21(K) = gza(K) + Da(k- 2)- u3*"()O™ ¢

fa0(K) = Gao(k) + US"-*"{k- 3)Oa(k- 3)- 1- ug"(k) O™
f31(K) = gza(k) + Da(k- 2)- u3"-"(K)O™* ¢

f40(K) = dgo(k) + Oi(k- 4)- 1- uz*"(k) O™

fa2(k) = Gga(K) + Os(k- 3)- u3""(l)O™* ¢

whereOs(k) with s2f 1;2;3gis given by (4.14).
The evolution of the partial queues corresponding to untapstation U form= 1;2;3
at the end of the link leading 8" is given by:

qexit(k+1) — qexit(k) + Oe(K) - U (k+—) s
s
with U (k) given by (4.19), and

Og(K) = min OQM&

q4;0(k- 1) +Oj_(k‘ 5) 1- UZW_in(k' 1) +
S

Oa;1(k- 1)

S

+03(k- 4) u$""(k- 1) :

Scenarios

We assume that the velocity of each DCV varies betweesrDand 20 ms. In order to
faster assess the ef ciency of our control method we assinaievte do not start with an
empty network but with a network already populated by DC\ssporting bags.

To compare the results we consider six scenarios where 8Haae to be handled for
different initial states of the system, where DCVs are wagitio cross different junctions
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Figure 4.32: Demand pro le.

in queues of different length, and where= 25 % form= 1,2, and 3= 50 %. For this
particular case study we consider = 1 for m= 1;2;3. We simulate a period of 600
s, for a network where the capacity of each junction is 5 DG\(#lis is a realistic value
for the junction capacity when no switching occurs). Theudation time step s is set to
20s. We consider the bag arrival pattern for each loadingpstaccording to the three
different classes of demand pro les sketched in Figure AdreT'°2= 100s is the total
loading time. The demand of each loading station equals 0 fof '@, These scenarios
will involve very tight transportation since the time winddor each unloading station is
[to+150sty+ 3509 — the last bag that enters the system can only arrive in tintbeat
corresponding end point if the DCV travels the shortesteavith maximum speed.

Results

Let us now compare the results obtained when using the pedgaedictive control method
with different formulations of the optimization problem.

In order to solve the MILP optimization problem (4.29) we baged the CPLEX solver
implemented through theplex interface function of the MatlaBomlabtoolbox, while to
solve the original mixed integer nonlinear MPC optimizatfroblem (4.28) we have cho-
sen again thgeneticalgorithm with multiple runs and “bitstring” population tfe Matlab
optimization toolboxGenetic Algorithm and Direct SearcNote that typically thgja Mat-
lab function starts the search from random initial pointsolithave been set by the algo-
rithm. However, this function has also the option to allow tiser to set the initial search
point. Then we can apply directly the results of the MILP pp#ation to the original non-
linear route choice problem, we can solve the nonlineanapétion problem starting from
random initial points only, or we can use the solution of thE-Rloptimization problem
as a good initial guess when solving the nonlinear optirfonatAs prediction horizon we
have considerel = 8 for all MPC optimization problems.

Based on simulations we now compare, for the given scendhiesesults obtained for
the proposed formulations of the optimization problem. Téwults of the simulations are
reported in Figure 4.33. Note that the MPC performance imgmalizes the absolute dif-
ference between the actual out ow pro le and the desiredaupro le at each unloading
station, and the queues in the network (as described in){4\2file the total performance
of the system used to compare the proposed formulationdipesaoth, the overdue time
and the additional storage time at the end point (as destiib@.4)).
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Figure 4.33: Comparison of the results obtained using trappsed MPC formulations for
the total closed-loop simulation. At each MPC step we candlitee possible
approaches: (1) we solve the MILP optimization only, (2) we the MILP
solution as good initial guess to solve the original MPC optiation problem,
and (3) we solve the MPC original optimization starting froamdom initial
points. The nonlinear MPC optimization problem is solvethgis genetic
algorithm (GA) with “bitstring” population.

These results con rm that computing the route choice udggdriginal nonlinear for-
mulation for the MPC optimization problem gives better periance than using only the
MILP formulation. However, this happens at the cost of higt@mputational effort. Fi-
nally, we also compute the DCVs route choice using as infdakible solution for the
original nonlinear MPC problem the control sequence deitezthby solving the MILP op-
timization problem. As illustrated in Figure 4.33, the riésindicate that this last method
offers a good trade-off between performance and computateffort.

4.5.4 Route choice control using a hierarchical control franework

In this subsection we want to assess the ef ciency of theanadrical route choice control
framework presented in Section 4.4.8. Recall that in Secti®.2 we have compared the
results obtained when using a 1-layer route choice contaohéwork. Therefore, in order
to compare the ef ciency of the proposed control frameworke will now select three
representative methods of the 1-layer route choice cofrtimiework, namely:

1. centralized MPC presented in Section 4.4.2,

2. distributed MPC with a single round of downstream and ng@sh communication
presented in Section 4.4.4,

3. distributed heuristics presented in Section 4.4.7.

These methods have been chosen since they are the rst tretwds (in Table 4.2) that
give good performance for a DCV-based baggage handlingmsyathen the computation
time is not an issue.
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Figure 4.34: Case study for a DCV-based baggage handlingsysf Section 4.5.4.

Set-up

We consider the network of tracks depicted in Figure 4.34 fatr loading stations, two un-
loading stations, nine junctions, and twenty unidirectidimks, where the free- ow travel
time is provided for each link. Note that the proposed hirial control allows the choice
of routes containing loops.

We again assumé"® = 20 nrs and SW"= 2. As for the previous case studies, we
assume that we do not start with an empty network but with warétalready populated by
DCVs transporting bags, as presented next.

Scenarios

In order to assess the performance of the proposed hiecatclointrol framework we de ne
six scenarios where 2400 bags will be loaded into the bagljagédling system (600 bags
at each loading station). We consider three classes of dépraries called ‘dp,”, “ dp,”,
and “dp3” hereafter. According to these classes, the bags arrivechtleading station in the
time interval[tg;to + 1809, the arrival times at a loading station being allocated canlg,
using a uniform distribution according to the following eas

dp;: the bags arrive at the loading station with a constant raBe33 bags/s;

dp,: 50 bags arrive at a loading station during each of the timervais[tg;to+609 and
[to+120sty+1809, and the rest of 500 the bags arrives duffigg60stg+1209;

dps: 100 bags arrive during the time interyi|; to +1209 and the rest of the bags, i.e., 500
bags, arrives aftdr= tg+120s, i.e., durindto + 1205ty +1809.
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We also consider two different initial states of the systeinere 60, and respectively 120

to junctions $ and S, from S to S, and from S to S,. Their positions aty are assigned
such that between each 2 consecutive DCVs we have a minimiendistance of 2m, and
between the DCV closest to the next to be passed junctiontengihction we again have
2m. The static priorities of these DCVs are assigned rangamihe setf 1;2g using a
uniform distribution.

We assume that we have only two ights assigned to the untgasliations Y and U,
(one ight assigned to one unloading station). Also, assigrthat we start the simulation
at time instanty = 0s, we consider that the time windows within which we needathgs
at their end points argy + 8005ty + 14003 for U; and[tp + 1000 sty +16009 for Us.

We simulate a period of 40 minutes. The control time step Herrtetwork controller
is set to 60 s, while the control time step for the switch coligr is set to 2s. Note that in
these scenarios we also consider the occurrence of queoegiat

Results

In this section we compare the results obtained when usagritposed hierarchical control
framework and the approaches of a 1-layer control framew@khave proved to give good
performance in Section 4.5.2: centralized MPC, distridlPC with a single round of
downstream and upstream communication, and distributedsties.

In order to solve the MILP optimization of the network corilieo we have used the
CPLEX solver of the Matlab optimization toolbdbomlah while to solve the nonlinear
optimization problem of the switch controller we have chodegeneticalgorithm imple-
mented in Matlab via the functioga with multiple runs (for these simulations we run the
genetic algorithm three times for each optimization). Niia in order to keep the total
computation time low, for both approaches — hierarchicaldvdhd centralized MPC —
we shift the horizon withN, respective\NS¢M® samples at each MPC step. Also, due to the
same reason (computational requirements), we allow adih@tnount of time for solving an
optimization problem corresponding to the centralizedealhoice control and distributed
MPC with a single round of downstream and upstream commtiaitéhe computation
time allowed for each optimization is of 1 hour and 80 secoreipectively).

As prediction horizon we considé&t = 6 for the network controller anbIS¢Ma& = 15
for the switch controller of the hierarchical contrbl= 40 for the centralized MPC switch
control, andN = 5 for the distributed MPC. We have chosen these values simegagions
indicate that they give a good trade-off between the totadmatation time and performance.

Based on simulations we now compare, for the given scendhiesesults obtained for
the proposed control frameworks. The results of the sirariatare reported in Figure 4.35.
For this comparison we consider the total performance oéyiséem de ned in Section 4.3
that penalizes both the overdue time and the additionadgéotime for each of the bags to
be handled:

Nbags
Jtot(t) - é Jipen(tiunloacb
i=1

with NPa9Sthe number of bags to be handled.
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Figure 4.35: Comparison of the results obtained for the totased-loop simulation when
using (1) the hierarchical control framework, (2) the cetized route choice
control approach presented in Section 4.4.2, (3) the disted MPC with a
single round of downstream and upstream communicatiotrigised MPC2)
presented in Section 4.4.4, and (4) the distributed heargtproach presented
in Section 4.4.7.

Recall that the lower the performance ind&¥ is, the better the performance of the
baggage handling system is. The simulation results inglitett using the hierarchical con-
trol framework typically yields a better system performanian using centralized MPC
or distributed MPC with a single round of downstream and ngash communication, the
solutions of which were returned by the prematurely tert@id@lobal and multi-start local
optimization method. However, even with the computatigeatrictions mentioned above
(we allow a limited amount of time for solving an optimizatiproblem), the total computa-
tion time?! of centralized MPC and of distributed MPC with a single romfidownstream
and upstream communication (over 17 hours) is much larger the one of the hierarchi-
cal control (an average of 100s per junction, plus 5s forieghthe MILP optimization
problems).

Moreover, these results indicate that the performanceid@eobtained when using the
distributed heuristics (forP®d= 5s) is close to the one obtained when using the hierarchical
control framework, and sometimes even lower (e.g., forader?2 and scenario 6), but the

21The simulations were performed on a 3.0 GHz P4 with 4 GB RAM.
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total computation time required to determine the solut®also much larger when using
the distributed heuristics.

Hence, the hierarchical control with MILP ow solutions eff a balanced trade-off
between the performance of the system and the total coniutathe required to determine
the route choice solution.

4.6 Summary

In this chapter we have considered the baggage handlinggsdn large airports using
destination coded vehicles (DCVs) running at high speeda natwork of tracks. Then,
for a DCV-based baggage handling system, a fast eventrdmweadel of the continuous-
time bag handling process has been determined. Next, weetelverated the performance
criterion for this system. This performance criterion ierthused to compare the control
methods that we have proposed to use in order to optimallferthe DCVs through the
baggage handling system. In particular, we have developeéad¢ampared optimal control
and centralized, decentralized, and distributed predictiethods for route choice control.

In practice, optimal control (OC) and centralized modetiztve control (MPC) are not
suitable for determining the optimal DCV route choice cohtiue to the high computation
time required to solve the route choice optimization problelowever, usinglecentralized
MPC lowers the computation time. Furthermore, the resultsciagi thadistributed MPC
may give better performance than decentralized MPC, buteatost of higher computa-
tional effort.

Since the MPC methods based on the event-driven route chmmidel involve solving a
nonlinear, nonconvex, mixed integer optimization probthat is very expensive in terms of
computational effort, we have also proposed an alternagypeoach for reducing the com-
plexity of the computations by simplifying the nonlineartiopization problem and writing
it as a mixed integer linear programming (MILP) optimizatijoroblem. The advantage is
that for MILP problems solvers are available that allow usftoiently compute the global
optimal solution. The solution of the MILP problem can thenused as a good initial start-
ing point for the original nonlinear optimization problerf&inally, in order to reduce the
computational requirements, we have also proposed twadtieunethods and a hierarchi-
cal control framework. Simulations con rm that the decatired and distributed heuristic
approaches give typically very fast results, but the penorce of the system when using
the heuristic approaches is worse than when using the piredinethods. Finally, the re-
sults show that the hierarchical control with MILP ow sollois offers a balanced trade-off
between the performance of the system and the total coniput#ne required to deter-
mine the route choice solution when a limited amount of timallowed for solving the
optimization problems.

In future work we will also develop ef cient control methotissolve the line balancing
problem, and accordingly compute the optimal route choareafl (empty and loaded)
DCVs in the network. We will also consider the early baggageage area and analyze
whether presorting the bags going out of the early baggagage area can improve the
performance of the system. Finally, we will apply these rodthto more complex case
studies.



Chapter 5

Conclusions and future research
directions

In this chapter we will rst present the summary and the caewns of this thesis. Next, we
will summarize the main contributions of the thesis. FipalNe will discuss the remaining
open problems and we will give some recommendations foréutesearch.

5.1 Summary and conclusions

In this thesis we have considered two speci ¢ applicatiditsamsportation systems for ma-
terial handling, namely mail sorting machines in mail saytcenters and baggage handling
systems in airports. Accordingly, this section presenéssbmmary and the conclusions
regarding each of the considered applications.

Postal automation We have considered mail sorting machines for large mailsteoch
as newspapers, catalogs, and large letters, which havesbeetty called “ ats”. These
sorting systems are then called “ at sorting machines”.

Regarding this application, we have rst given a brief dgstoon of how at sorting
machines currently work. Afterwards, we have proposed a setwip by making minor
design changes, i.e., adding extra feeders and moving thenbdin system. For the new
set-up we have determined an event-driven model of the rmamtis-time process that has
later on been used for model-based control. In order to ertheroptimal speed of the bin
movements we have implemented and compared advanced lometitoods. In particular
we have considered the following control approaches:

different variants of optimal control with gradually deasing complexity, namely:

1. optimal control with a piecewise constant speed on tinkerials of variable
length,

2. optimal control with a piecewise constant speed on tinkervals of constant
length,

3. optimal control with a constant speed,

121
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model-based predictive control (MPC) with a piecewise tamsspeed on time inter-
vals of constant length.

According to the obtained results we have concluded that l4RKe most appropriate
control method to determine the velocity of the bottom syster the proposed at sorting
machine. To support this conclusion we have noted that MR€sgi throughput within 1%
deviation of the throughput achieved when applying the ntostplex variant of optimal
control that we have considered (optimal control with a pigise constant speed on time
intervals of variable length). Moreover, we have noted M&C can compute real-time
control actions, while optimal control requires an extrgni@ge computation time.

We have also analyzed how the structural changes — the seulgaumber of feeders,
the variable position of inserting devices — and paramdtanges — the increased max-
imal bound for the velocity of the top system of the at sogimachine — in uence the
throughput of the automated at sorting machine. Based pukition results we draw the
following conclusion: increasing the speed of the top systaly, does not have as imme-
diate consequence an increase in the throughput. Hen@¥pdeing the optimal bottom
velocity is still needed in order to maximize the ef cienctbe at sorting machine.

Baggage handling We have considered the part of the baggage handling systéam wh
transports the bags in an automated way using destinatidadceehicles (shortly called

DCVs). These DCVs run at high speed on a network of trackssparting one bag at the

time.

We have rst given a brief description of how DCV-based baggaandling systems
currently work. Next, we have determined a fast event-adrivedel of the continuous-time
baggage handling process that has been later on used fol-bebsl control. In order
to maximize the ef ciency of this system we have developed enplemented advanced
control methods that could be used to optimally route the B&Wough the system. In par-
ticular, we have developed and compared ef cient centedljziecentralized, and distributed
predictive methods, and ef cient decentralized and distied heuristic approaches.

Based on the obtained simulation results we draw the foligwionclusions:

1. Optimal controlbecomes intractable in practice even for a network with & serall
number of junctions due to the high computation time reqglicedetermine the opti-
mal routing.

2. Centralized MPGstill requires high computational effort to determine thoaizol of
DCV routes . The simulation results indicate that for a nekweith nine junctions
centralized MPC requires more than one hour to compute ttimalprouting for an
horizon of 40 bags, while in practice, at rush hours, a largalver of bags (over 2000
bags/hour) have to be handled within an hour.

3. Decentralized MPQowers the computation time due to the parallel computaion
the local control actions. However, this comes at the cosedfiction in the total
performance.

4. Distributed MPCtypically gives better performance than decentralized MRE at
the cost of higher computational effort than decentrali{C. This happens due to
the required communication and coordination in computirggdontrol actions.
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5. Decentralizedhnddistributed heuristic approacheketermine the DCV routing while
requiring much lower computational effort. However, thapproaches give typically
worse results than the predictive methods.

Since model-based predictive control methods involveisgla nonlinear, nonconvex,
mixed integer optimization problem that is very expensiveerms of computational effort,
we have also proposed an alternative approach for redubsgamputational complex-
ity. This alternative approach consists of simplifying th@nlinear optimization problem
and then writing it as a mixed integer linear programmingl(M) optimization problem.
The advantage is that for MILP problems solvers are aval#idt allow us to ef ciently
compute the global optimal solution. This approach invslagain a trade-off between the
ef ciency of the system and the total computation time sinoe can directly apply to the
real system the solution obtained using the MILP formulatibthe optimization problem,
or use it as a feasible initial guess for the original (nozéir) optimization problem.

Finally, we have also proposed a hierarchical control fraork for computing the op-
timal routes. In this control framework switch controllgn®vide position instructions for
each switch in the network. A collection of switch controdiés then supervised by a so-
called network controller that mainly takes care of the eathoice instructions for DCVs.
Based on the obtained results we conclude that computingpitiraal routes using the hier-
archical control framework outperforms the centralizeateachoice control when a limited
amount of time is allowed for solving the optimization preiuis of centralized route choice
control.

5.2 Main contributions

In this section we present the main contributions of thigaesh regarding the two appli-

cations that we have considered. Note that the control @gpes that we have developed
for these systems can also be applied to other transpartgtgiems, e.g., distribution sys-
tems, automated guided vehicles in warehouses, port caenti@rminals, or manufacturing

systems.

The main contributions of this research with respect togl@sttomation are the follow-
ing:
We have proposed an event-driven model for the continuious-at sorting system

which has been designed such that the destination bins cem Inidirectionally with
variable speed.

We have developed and compared ef cient model-based dan&thods to compute
the speed pro le of the destination bins that maximizes tireughput of the at
sorting machine. In particular, we have proposed variahtgptimal control with
gradually decreasing complexity and model predictive int

The main contributions of this research with respect to bagdgandling systems are
the following:

We have proposed an event-driven model for the continuiousCV-based bag-
gage handling system.
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We have developed and compared ef cient model-based dan&thods to compute
the optimal routing of DCVs transporting bags from a giveigiorto a given desti-
nation such that the performance of a DCV-based baggagdihgsgstem is max-
imized. In particular we have considered centralized, dgaéized, and distributed
model predictive control, and heuristic approaches. We ladso proposed a hierar-
chical route choice control framework for the DCV-baseddsge handling system.

5.3 Open problems and recommendations for future re-
search

In this section we brie y present some of the open problenas ¢till have to be tackled
with respect to the applications considered in this the&dditionally, we give some rec-
ommendations for future research.

Postal automation

Regarding this application one could further develop aamtrethods to compute the speed
pro le of the bottom part for a at sorting system. Next, welindevelop ef cient control
methods for higher-level control problems — such as optlynassigning identi cation
codes to the destination bins, sorting the ats in end-@ginsequence — that are currently
not optimized. Finally, we will present other design chanfpr a at sorting system, and
other means to increase the ef ciency of the postal services

New control methods to set the speed of the bottom systenin this thesis we have com-
pared several model-based control methods that could kit tosgetermine the optimal
velocity of the bottom system of an augmented design for asating machine. In future
work also other control methods will be considered such styfde-based approaches, neu-
ral networks, see, e.g., [36], and fuzzy-based approaskesg.g., [63]. These approaches
can use the receding horizon principle. Then, at each tiey, she following steps are
involved:

automatic feature extraction: Recall that before entering the sorting phase, we
know, for a buffer of ats, the identi cation codes which wealso printed on each
item in form of a bar code. Then, given the buffer of identiticen codes, we will
compute one or more feature measures for the stream of icltign codes (such as
entropy).

automatic speed calculation:in order to determine the speed of the destination bins
we will use neural networks and fuzzy-based approaches)ebased approaches.
use of speedThen we will apply the computed speed to the system for a dgivea
period.

Also note that one can use the solution of these approacthieitialfeasible solution when
solving the MPC optimization problem described in Sectich2

In future work we will also determine an approximation foe thninimum number of
scenarios that we have to use when comparing control methadsthat the relative error
is smaller than a given bound0< < 1) with a given probability (0< < 1), see [51].
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Control methods for higher-level control problems A higher-level control problem for
a at sorting system is to assign destinations to the binsdblect the sorted mail so that
the overall performance is optimized when considering amgset of scenarios. Currently,
this is done by assigning destinations to the bins befor@tbeess starts (several destina-
tion addresses and postal codes can be assigned to ondlgicdrresponding addresses are
close on the route that a post man takes for the mail delivetgyvever, one can increase the
performance of the at sorting machine by optimally assignidenti cation codes to the
destination bins. This can be done beforehand, by solvifljnaf a mixed integer optimiza-
tion problem over a given set of scenarios. This optimizapicoblem will have multiple
objectives (to determine the optimal speed of the bins fowargdestination assignment,
and to determine the optimal destination assignment). &fbeg, one can solve, in an in-
ner loop, the optimization problem that has the goal to deirs the optimal speed using
optimal control or model predictive control. Then, this speavill be used when solving, in
an outer loop, the optimization problem that will determihe optimal destination assign-
ment. Both optimizations will be solved with respect to thedal of the at sorting system
and so that the operational constraints are satis ed.

Another open problem for a at sorting system is to ensurecibreect order of the mail
not only with respect to postal codes and street names, soitvéth respect to the street
and house number. Then this would save time when actuallyediglg the mail items. The
sequence of mail sorted with respect to the street and hawmbaer is called “end-delivery
sequence” of the sorted mail. Currently, to obtain this grtiee mail is sorted several
times. Therefore, designing a sorting machine that wouklienthe fast mail sorting in
end-delivery sequence is a big challenge. To this aim, onaleselop intelligent control
methods to dynamically allocate destinations to the dastin bins and to the intermediary
pockets collecting the mail, so that the number of sortinghds necessary to ensure the
end-delivery sequence of the sorted mail is minimized.

In the future all the big companies that use the postal senaddeliver their catalogs
or advertisement brochures should also print the addresgastal code according to the
end-delivery sequence that mail sorting centers use. Thikladditionally decrease the
time needed for sorting the ats in end-delivery sequence.

Changes and optimizations In order to further increase the ef ciency the at sorting
system one can also make other design changes such as:

Augment the at sorting system with more intermediate Ievel transport pockets
between the top part of the system and the bottom part. Themilveot have only
transport boxes and destination bins, but also severatdayfeintermediate trans-
portation. Then for this new set-up one can develop ef ciemmtrol methods to
dynamically allocate destinations for each intermediatekpt so that the items are
sorted in end-delivery sequence as fast as possible.

Augment the at sorting system with smaller sorting systeahsach destination bin.
Then these smaller secondary systems would sort the iteergliglelivery sequence.

Augment the system with a weight sensor. Then, knowing thighwef each at, we
can determine more accurately the time instant for cornegiping and stacking. As
a consequence, we can increase the maximum relative welmtiveen the top and
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the bottom system, and this, combined with determining thieral speed pro le for
the bottom system, will increase the throughput of a atismrinachine.

Furthermore, the scope of the research can be broadenedl.iffoeder to increase the
ef ciency of the postal services, while minimizing the cesbne can:

Remove more human work from the postal services by using,aitpmated guided
vehicles or conveyor systems to transport the bins witteslartail to the postal vehi-
cles.

Optimize the number and the position of mail sorting ceraeic post of ces.
Optimize also the routes and the number of postal vehicldgastal trucks needed
when delivering the mail, or when transporting mail from enail sorting center to
another.

Baggage handling

Regarding this applications we will further improve the tohmethods already developed
in this thesis. Next, we will continue developing other éént control methods for the
DCYV route choice problem. We will also develop advanced imymbethods for other con-
trol problems — such as presorting the bags that leave tl le@ggage storage area, line
balancing, and empty cart management— which are currentipptimized. Finally, we
will present other means to increase the ef ciency of a DG@¢dd baggage handling sys-
tem.

Improving the developed control methods Regarding the DCV-based baggage handling
systems, one can further develop and analyze control metthad could be used to ef -
ciently route the DCVs on the network of tracks. Therefonefuture work we will also
consider several extensions of the current approaches:

We will improve the heuristic approaches (e.g., we will téki® account more fea-
tures (such as density of DCVs on the links of the network) wbemputing the
control action for the switch out of a junction, and also optie the number of links
that one will look farther when estimating the time that a élspend in the system.
We will combine the model-based predictive control with figtics (e.g., one can
use the solution of the heuristic approach as good initialsgdor the optimization
algorithm).

Regarding the distributed control we will:

— use multiple up and down rounds of optimizations,
— extend the range of communication exchange to more thareoeg |
— extend the local control area to more than one node.

New route choice control methods We can develop new ef cient control approaches to
determine the DCV route choice. These approaches invotvagh of neural networks and
fuzzy control.

Furthermore, one can introduce the conceptlatooning [92]. In this framework the
groups of DCVs will travel closely spaced together with shotervehicle distances and
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larger distances between platoons. So, we can develop rbadetl methods for optimally
creating, routing, and splitting platoons of DCVs. The ld@ggadvantage of routing pla-
toons of DCVs instead of individual DCVs will be a much loweneputation time than the
one obtained when using the distributed approaches dex@ioghis thesis. This happens
because we will then compute routes for platoons insteadrapaiting routes for individual
DCVs.

Finally, we will compare the ef ciency of these methods witte performance of the
control methods already developed in this thesis.

New control problems Note that state-of-the-art baggage handling systems alg® én
early baggage storage area where the bags that have bededfietoo early can be ad-
ditionally stored. In this thesis we have not consideredetiidy baggage storage area, but
in order to emulate its presence, one or more loops werededlin which the bags that
entered the network of tracks too early were kept. In bugyoais, the order in which the
bags leave the early baggage storage area also has hightamgmr Therefore, in future
work we will considempresortingthe bags that leave the early baggage storage area so that
the overall performance of the DCV-based baggage handjistgis is maximized. In or-
der to optimally presort the bags leaving the early baggémage area one can design a
local MPC controller to solve on-line an integer optiminatiproblem. Hence, for a given
prediction period, we will compute the vector of bag idengtion codes that leave the early
baggage storage area during the prediction period so thatttiormance of the DCV-based
baggage handling system is optimized with respect to theuyes of the system and its
safety and operational constraints.

Next, one can also use the concepplaftooningfor the bags leaving the early baggage
storage area, and develop ef cient control methods fomoaliiy creating the platoons.

Also, recall that in this thesis we have assumed a suf ciamhber of DCVs to be
present in the system so that when a bag is at the loadingrstéere is a DCV ready to
transport it. In practice, we also have to ef ciently mangige empty DCVs in order to en-
sure a balanced service to all loading stations. Hence, wetbalevelop intelligent control
methods that will dynamically assign loading stations toheampty DCV and ef ciently
route the DCV through the network so that all loading statibave suf cient DCVs in their
buffer. Note that the problem of dynamically assigning iogdstations to each empty DCV
is also called the “line balancing” problem, while the prabl of routing the empty DCVs
through the network is also called “empty cart managemeéntrder to solve these prob-
lems, one can develop control methods similar to the onesa@yrdeveloped in this thesis
or the ones proposed as recommendations for future research

Changes and optimizations Finally, one can optimize the number of DCVs required for
an ef cient baggage handling system, and minimize the gnesgsumption. Also, one can
investigate whether the layout of the network can be optichiwhile minimizing the costs
of the infrastructure and maximizing the overall performanf the DCV-based baggage
handling system. Moreover, one could investigate how thever& of tracks should be
equipped with sensors so that events such as congestiomsicgn be determined in time
and, as a consequence, how to maximize the ef ciency of frgtesn while minimizing the
number of sensors in the network (and, consequently, maimgithe costs).
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Other recommendations

For both applications (postal automation and baggage hay)dine can also include more
complex dynamics of the system than those that have beeideoed in this thesis (e.g.,
one can include the acceleration and deceleration of th®rotystem of a at sorting
machine and of the DCVs respectively, instead of considegipiecewise constant speed
of their movements), friction, characteristics of motamsd the effects and the limitations
of distributed actuation.

The control approaches developed in this thesis can be ssfatlg used also in control-
ling and optimizing other applications of transportatigatems such as:

Roller belts for people. These systems are often used inrpr in buildings where
people have to travel (on foot and in a short time) large wajldistanced between
important points of the building. These systems are vergétite due to their con-
tinuously transport capacity during operation. An impotfaroblem of such systems
is to determine the optimal speed of a roller belt that mizgsithe energy consump-
tion, while maximizing the people's satisfaction, and whijuaranteeing some level
of safety and passenger comfort. To this aim optimizatiablfams can be solved
similar to how we proceed for determining the optimal speedHe bottom part of a
at sorting system.

Automated guided vehicles (AGVs). The AGVs are completeipmated vehicles
that can load, unload, and transport goods in warehouses;qgrdainer terminals, or
manufacturing systems. Typically, they navigate from anpto another along xed
pathways by following some markers. Hence, an ef cient Us@@Vs can increase
the performance of transportation in the production, traael service sector, while
minimizing the energy consumption. The systems consistidgsVs deal with plan-
ning, routing, and scheduling problems just as the DCV-thédsgygage handling sys-
tem. In particular, for large-scale AGV-based systemseftedent planning, routing,
and scheduling is dif cult. Then, one can apply the contr@thods presented in this
thesis.

Traf ¢ systems. Advanced technologies from the eld of canttheory, communi-
cation, and information technology are currently being borad with the existing
road transportation infrastructure and equipment. Hesaen, intelligent vehicles
will be driving on roads in an automated way. The routing apelesl problems of
these intelligent vehicles can also be controlled usingrieéhods presented in this
thesis. Similar approaches can be used for unmanned aehalles (UAVS). The
UAVs could vy freely on optimal routes between an origin andestination. Then
distributed controllers could compute the routes and speétdAVs ying on a 3-D
network such that a smooth, ef cient, reliable, and safeom#ted ight control is
ensured.

Power distribution and water management. The networksirnature of the systems
dealing with power distribution and water management camdrg complex. The
control problem of these systems can be stated as followspuate the optimal power
ow or water level, respectively, such that the overall merhance of the system is
maximized. Then lower level controllers could try to aclei¢lre optimal power ow
or water level. Therefore, one can use decentralized amdbdited control methods
similar to the ones presented in this thesis.
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Gl

ossary

Terminology

Below we present the speci ¢ terminology used in this thesis

Flats:

DCV:

List

Large mail items such as large letters, journals,aniags, and newspapers.

Metal cart with a plastic tub on top, used to transpothigh speed one bag at the

time on a network of tracks. These carts are propelled byalifreduction motors

similar to roller coasters.

of abbreviations

The following abbreviations are used in this thesis:

DCV Destination coded vehicle

AGV Automated guided vehicles

ocC Optimal Control

MPC Model Predictive Control

MILP Mixed Integer Linear Programming
HR Heuristics

GA Genetic Algorithm
Conventions

The following conventions are used in this thesis for notatind symbols:

A lower case character typeset in boldface, exgrepresents a column vector. The
transpose of a vector is denoted by the superserigtor instance, the transposexof
iSX”.

The number of elements of a seis indicated by j.

The absolute value of a scalar variaklis denoted byxj.

137






Samenvatting

In dit proefschrift wordt gefocused op twee speci eke tramdsystemen, namelijk geau-
tomatiseerde postsorteermachines en bagage-afharsisigigmen.

Geautomatiseerde postsorteermachines

In de laatste decennia is de hoeveelheid tijdschrifte@agiten andere in plastic verpakte
poststukken die worden verwerkt in geautomatiseerde exagtatra aanzienlijk toegeno-
men. Om deze grote stroom aan post te kunnen verwerkenaigiat-the-art sorteercentra
uitgerust met geautomatiseerde sorteermachines. De giivitkit van een sorteermachi-
ne is gede nieerd als het aantal gesorteerde poststukkaeeis: door de tijd die nodig is

om deze te sorteren. In dit proefschrift beperken we ons detspukken in A4 formaat

enveloppen. Poststukken van deze afmetingen worden aiseyad.

Kort samengevat werkt een geautomatiseerde at sortedrimaals volgt: de ats wor-
den door een invoegmachine in transportbakken geplaatstadsportbakken bewegen met
een constante snelheid en leveren poststukken af op simédrestemmingen volgens een
vooraf bepaalde sorteerstrategie. De doorlooptijd varhieboven geschetste basissys-
teem kan nog worden verkort door het systeem zo te ontwergtethedontvangstbakken in
twee richtingen kunnen meebewegen met de transportbakken.

Voor een continu sorteerproces wordt een event-driven hogdgesteld met behulp van
simulatie. Om de optimale snelheid van het ontvangstsyste®erekenen wordt een aantal
geavanceerde regelsystemen geimplementeerd en vemgelbkeverschillende varianten
vanoptimal controldie worden vergeleken zijn, in volgorde van afnemende ceritglit:
optimal control voor constante snelheden over tijdsirgkben met variabele lengte, optimal
control met een constante snelheid over tijdsintervallen constante lengte en optimal
control met een constante snelheid. Vervolgens wordenmetigoden vergeleken met een
regelsysteem gebaseerd mwdel predictive contro(MPC) voor een constante snelheid
over tijdsintervallen van gelijke lengte. De voorgestehtdethoden worden vergeleken in
verschillende scenario's.

Vervolgens wordt geanalyseerd hoe structurele verangieminoals een toename in het
aantal feeders, een variabele positie van het aantal isysmen en parametrische veran-
deringen zoals een verhoogde maximumsnelheid van het bgsteem van de sorteerma-
chine de doorlooptijd van de sorteermachine beinvioeden.
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140 Samenvatting

Bagage-afhandelingssystemen

De continue vraag naar kostenbesparing in de luchttratsguor en de toename van goed-
kope viuchten vereist een effectievere werking van luckgha. Deze doelstelling kan mede
bereikt worden door het intelligenter afhandelen van deabagloor middel van automa-
tisering en het gebruik van geintegreerde sensoren, actma¢n intelligente regeleenhe-
den. Moderne bagage-afhandelingssystemen op grote awdik transporteren de bagage
door middel van bestemmingsgecodeerde transportmiddBIEN's), dit zijn onbeman-
de eenheden die met grote snelheden bagage via een netwerdilgavervoeren. Zo'n
bagage-afhandelingssysteem bestaat uit laadplekkgriekbd®n, een eenrichtingsnetwerk
van transportsmiddelen met verschillende (lokale) lussen het laden, lossen en de opslag
van DCV's, en de vroegtijdige bagage-opslag waar de bagiage aegtijdig gearriveerd is
enkele uren kan worden opgeslagen. Dit resulteert in eepleoinfrastructuur met vele
interacties tussen de verschillende componenten en ptaatsar regelbeslissingen moeten
worden genomen, waardoor een adaptieve, on-line managemesggelstructuur vereist is.

Typische zaken in een geautomatiseerd bagage-afhansgstgem zijn de cooérdina-
tie van de “processing units”, tijdsplanning, planning \adie middelen, routekeuze, het
aansturen van het transport tussen verschillende vemagslen (bijvoorbeeld DCV's en
lopende band) en het voorkomen van deadlocks en het vollmebuffers. Tegelijkertijd
moet er worden gestreefd naar een optimale doorstroom-erexdangstijd zodanig dat an-
dere eisen en condities gerespecteerd worden (bijvoathethiet beschadigen van bagage
en de bagage af te leveren binnen de gegeven tijd). Het badiem een DCV's-gebaseerd
bagage-afhandelingssysteem vraagt daarom om het opleasezenvoudige bedienings-
problemen bijvoorbeeld de coérdinatie en synchronisaie lvet laden en lossen van de
bagage op een DCV, de snelheidscontrole van elke DCV alsetebpiossen van hogere
orde problemen bijvoorbeeld de route van alle DCV's doomfettverk. In deze studie leg-
gen we de nadruk op de hogere orde problemen en verondenstedl dat de lagere orde
regelsystemen aanwezig zijn om hun problemen effectiefaggin. Met name concentreren
we ons op het vraagstuk van het effectief transporteren gddQV's door het netwerk. De
vroegtijdig bagage-opslag is nog niet meegenomen, echt@awezigheid van zo'n opslag
is wel gesimuleerd door het introduceren van enkele lussariw de vroegtijdig aan het
netwerk aangeboden bagage opgeslagen kan worden.

Het op DCV gebaseerde bagage-afthandelingssysteem werkblgt: voor een gege-
ven dynamische vraag naar bagage en lege DCV's voor elk dypled, samen met een
eenrichtingsnetwerk van rails, wordt de route voor elk D@danig berekend onder de van
toepassing zijnde veiligheids-en operationele conditiaselk bagagestuk binnen een voor-
af bepaalde tijd op het eindpunt arriveert. Op dit momenbleealtle netwerken een simpele
structuur, de DCV's worden door het netwerk vervoerd dooddel van route schema's
gebaseerd op “geprefereerde” routes. De schema's kunneijzigel worden indien een
vooraf gede nieerde gebeurtenis optreedt. Echter, dedelbeid bagage verschilt van mo-
ment tot moment afhankelijk van externe factoren bijvoetéet jaargetijde, tijdstip van
de dag, het vliegtuigtype aan de gate en het aantal passagiele viucht. In dit onderzoek
wordt niet uitgegaan van vooraf gespeci ceerde routes roatwikkelen en vergelijken we
ef ciénte regelmethodes die de optimale route tijdens ndegiende omstandigheden recht-
streeks bepalen. We bestuderen met nameodespellenden heuristischenethodes die
geimplementeerd zijn in earecentraliseerdegedecentraliseerden gedistributeerdane-
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thode.

Men spreekt van eegecentraliseerdaanpak als er één oplossing wordt bepaald voor
het hele systeem, bij egyedecentraliseerd@anpak worden de oplossingen lokaal bepaald
zonder onderlinge communicatie en codrdinatie. De aarggddistribueerdndien de be-
slissingen lokaal worden genomen maar er ook sprake is vamemicatie en codrdinatie
tussen aangrenzende regelaars. Verder wordt de suggedéargom de route van elke
DCV te bepalen aan de hand van ééerarchischaegelstructuur bestaande uit twee lagen
bestaande uit lokale schakelaars op het lagere niveau esueazillerende regelaar op een
hoger niveau. In dit raamwerk voorzien de schakelregela@siie-instructies aan de scha-
kelaars in het netwerk. De verzameling van schakelregektaat onder toezicht van een
netwerkregelaar die als hoofdtaak de verschillende sttegjedaars van stroom instructies
voorziet.

Het bepalen van een optimale route resulteert in een mie&tj niet-convex, “mixed-
integer” optimalisatie probleem. De rekentijd om deze getiakken op te lossen is dermate
hoog dat het onoplosbaar is, “intractable”. Derhalve premen we een alternatieve me-
thode om de complexiteit van het probleem te reduceren detaribt-lineare probleem als
een lineair programmerings probleem met reéle en integabealen (nixed integer linear
programming— MILP) te de niéren. Het voordeel van deze MILP-problemendiat de
globale, optimale oplossing gevonden kan worden door éhte software algorithmen. De
oplossing van het MILP-probleem kan dan direct dienen aggrisenditie voor het oor-
spronkelijke optimalisatie probleem.

De prestaties van deze aanpak worden getoetst aan de haeérvdbenchmark case
study” waar de verschillende methodes toegepast en véageleorden.






Summary

In this thesis we focus on two speci c transportation systermamely postal automation
and baggage handling.

Postal automation

During the last decades the volume of magazines, catalagsther plastic wrapped mail

items that have to be processed by mail sorting centers hesaiged considerably. In order
to be able to handle the large volumes of mail, state-ofatttenail sorting centers are
equipped with dedicated mail sorting machines. The thrpugbf a mail sorting machine

is de ned as the number of sorted mail items divided by theetimeded to sort them. In
this thesis we consider large letters of A4 size envelopesh &ail items are called ats.

Brie y, a state-of-the-art automated at sorting machirgenates as follows: the ats are
inserted into transport boxes by feeding devices; the boaay the pieces with constant
speed and sort them into static destination bins accordirtbe selected sorting scheme.
The throughput of a basic system sketched above can be atephigndesigning a system
where the bottom part consisting of destination bins canenigirectional with piecewise
constant speed.

For the continuous sorting process we determine an evérdgrdmodel using simula-
tion. In order to compute the speed of the bottom system tlaaimizes the throughput of
this machine, we implement and compare several advanceacbtorethods. In particular
we rst consider different variants adptimal controlwith gradually decreasing complex-
ity, namely: optimal control with a piecewise constant gper time intervals of variable
length, optimal control with a piecewise constant speedroa intervals of constant length,
optimal control with a constant speed. Next we also consitrtel-based predictive control
(MPC) with a piecewise constant speed on time intervals n§tamnt length. The proposed
control methods are then compared for several scenarios.

Furthermore, we also analyze how the structural changese-intitreased number of
feeders, the variable position of inserting devices — amdipater changes — the increased
maximal bound for the velocity of the top system of the attsog machine — in uence
the throughput of the automated at sorting system.
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Baggage handling

The continuous need for reduction of costs in the air trartspdustry and the rise of low-
cost carriers require a cost effective operation of theaatsp To this aim major efforts are
now being invested in making the baggage handling systemispatrts more intelligent by
increasing automation and by including embedded senstitstars, and intelligent control
units. As a result, modern baggage handling systems at éngerts transport luggage in
an automated way using destination coded vehicles (DCVBj¢chware unmanned carts
that transport the bags at high speeds on a network of tr@cksaggage handling system
consists of several parts: loading stations, unloadintpsi®, a network of conveyors of
single-direction tracks with several (local) loops (foatting, unloading, and temporary
storage of DCVs), and the early baggage storing area, wheredgs that enter the system
too early can be stored for longer time periods (e.g., houk8)this results in a complex
infrastructure with many interacting components and go@tivhich control decisions have
to be taken, requiring an adaptive, on-line managementantial structure.

Typical issues in automated baggage handling systems ardination of the process-
ing units, time scheduling, scheduling of resources, rohtdce, controlling the transfers
between different modes of transportation (e.g., convegtis and DCVs), and prevention
of deadlocks and buffer over ows. At the same time, the coinshould aim at optimal
throughput and processing times subject to various operatand other constraints (e.g.,
the bags should not be damaged, bags should arrive at untpstditions within prescribed
time windows). Therefore, the operation of a DCV-based bggdandling system involves
solving both low-level control problems e.g., coordinatamd synchronization when load-
ing a bag onto a DCV and when unloading it to its end point, doaity control of each
DCV and higher-level control problems e.g., routing DCVsotigh the network. In this
thesis, we focus on the higher-level control problems foMEased systems where we
assume that the low-level controllers are present andefity solve the low-level control
problems. In particular, we only focus on routing DCVs tamging bags through the net-
work such that the performance of the system is maximized.€Bnly baggage storage area
is not yet considered, but in order to emulate its presermepo more loops were included
in which the bags that entered the network of tracks too eeghe kept.

The DCV-based baggage handling operates as follows: gidgnamic demand of bags
and a buffer of empty DCVs for each loading station, togethigr the network of single-
direction tracks, the route of each DCV has to be computejgstin operational and safety
constraints such that each of the bags to be handled artivissgiven end point within a
speci c time window.

Currently, the networks have a simple structure, the DC\tsgh@uted through the sys-
tem use routing schemes based on preferred routes. Thasggrechemes can be adapted
to respond to the occurrence of prede ned events. Howekier|dad patterns of the sys-
tem are highly variable, depending on, e.g., the seasos, dinthe day, type of aircraft at
each gate, or the number of passengers for each ight. Thexgih this thesis, we do not
consider prede ned preferred routes, but instead we devahal compare ef cient control
methods to determine the optimal routing in case of dynaraioahd. In particular, we
considerpredictiveandheuristicapproaches implemented incantralized decentralized
anddistributedmanner — the control approach is said todamtralizedif the overall so-
lution is determined by a single controller, the controleggeh is said to bdecentralized
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if local control actions are computed by local controllerighewut any communication or
coordination between these controllers, the control aggras said to bdistributedif the
local control actions are computed while considering atsomunication and coordination
between neighboring controllers. Furthermore, in ordezftoiently determine the route
choice of each DCV we also proposéiararchicalcontrol framework that consists of a 2-
level control structure with local switch controllers agtlowest level and one higher super-
visory controller. In this control framework, switch coollers provide position instructions
for each switch in the network. The collection of switch aofiers is then supervised by
a so-called network controller that mainly takes care of threinstructions for the switch
controllers.

Computing the optimal route choice yields a nonlinear, morex, mixed integer opti-
mization problem. The computational efforts required ttedmine the optimal route choice
are high, and therefore, solving this optimization problemsomes intractable in practice.
Consequently, we also present an alternative approactediicing the complexity of the
computations by writing the nonlinear optimization prohlas amixed integer linear pro-
gramming(MILP) problem. The advantage is that for MILP optimizatiproblems solvers
are available that allow to ef ciently compute the globatiopal solution. The solution of
the MILP problem can then be used directly or as an initiatistg point for the original
optimization problem.

To assess the performance of the proposed control appmaokecontrol frameworks,
we consider a benchmark case study, in which the methodsarpared for several sce-
narios.
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