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Abstract.  This paper introduces an extension to the well-established
Resource-Constrained Project Scheduling Problem for the comprehen-
sive description of disruption management problems. This conceptual
framework employs the concept of alternative activities to consider both
the temporal shift of activities or the reallocation of reso urces and switches
from one valid process variant to another one. Activities ca n be serialized
or parallelized, process steps can be inserted or removed ad durations
as well as resource requirements can be modi ed dynamically during op-
timization. Focusing on the domain of the aircraft turnarou nd as the
most important airport ground process, we illustrate how th e Extended
RCPSP (x-RCPSP) can be applied for decision support. A specic evo-
lutionary algorithm is presented that identi es good-qual ity solutions to
relatively large disruption management problems within on ly a few sec-
onds. The results of the evaluation illustrate fast converg ence on good
or optimal schedules and serve as a basis for the developmenof future
problem solving algorithms.

1 Introduction

Airport ground processes are a popular example of operaticthat are par-
ticularly susceptible to disruption or failure. The high levels of time and re-
source dependencies make such complex processes prone tdoteseen events
and disruptions. Managing their execution and responding o the problems that
occurred during planned and scheduled operations is a di cut task. The de-
pendencies between parallel and interrelated activities hve to be considered in
context, and decisions must usually be made within short tine. Human opera-
tors who are responsible for the management of disruptions dse their decisions
on the qualitative assessment of the current situation accading to their individ-
ual experience and domain knowledge. Accordingly, two eleemts are crucial for
the quality of decisions: the amount and precision of availdle information that



describes the current situation and the ability of the human operator to analyze
the given data. Subsequently both of these aspects must be osidered if the
quality of decisions is to be improved.

With respect to the former condition, the quality and availa bility of informa-
tion may be addressed by various initiatives directed at intensi ed information
sharing and increased information awareness. Initiated bythe Federal Aviation
Administration (FAA) and adopted by EUROCONTROL, the conce pt of Collab-
orative Decision Making (CDM, see [1, 2] for example) is amog the most popular
and widespread techniques. By making relevant data accedse to all actors in-
volved in the air tra c processes, conditions for the coordination of decisions
and dispositions, as well ascommon situational awarenessis improved. CDM
therefore focuses on the availability of information. The reed for improvement in
data quality is mainly addressed through the implementation and realization of
appropriate information systems. ALLEGRO (see [3, 4] for irstance), which was
implemented with the goal of tracking all events occurring during the execution
of airport ground processes as well as gathering the respéet time stamps in
a comprehensive database at Deutsche Lufthansa AG, can be mioned as a
successful example.

With regard to the latter aspect { the analysis of available data { the applica-
tion of Arti cial Intelligence (Al) provides promising opp ortunities. Intelligent
systems can be employed to preprocess available informatio to analyze the
current situation and to propose (ideally optimal) interve ntative actions to the
human operator. However, although recent e orts to increa® information aware-
ness have led to the emergence of integrated databases, andgpite the fact that
increases in computational power and algorithmic e ciency continue to aid the
development of real-time systems, current Decision SupparSystems (DSS) of-
ten su er from a lack of expressive power and are thus only cosider basic forms
of intervention. This is mainly due to the fact that (to the be st of our knowledge)
there is currently no conceptual framework available for the formal description of
disruption management problems which takes both temporal kifts and resource
reallocations as well as dynamic process execution pathstmaccount in cases
of unexpected disruptions.

This work intends to overcome this de ciency by proposing anapproach for
modelling disruption management problems in a comprehense way. Further-
more, an algorithm is presented that can identify good-quaity solutions in a



short period of time (usually in real-time or after several £conds). The respec-
tive research activity was motivated by the insights and ndings of a study
conducted in collaboration with Deutsche Lufthansa AG. While evaluating the
potential use of intelligent systems in the Hub Control Center (HCC) at Frank-
furt International Airport, the elementary requirements o f turnaround-related
decision support systems were analyzed in a practical conke.

The paper is structured as follows. In Section 2 Disruption Management
(DM) is de ned and an overview on related work is provided. Setion 3 de-
scribes the exemplary Turnaround Process as the most typidaairport ground
process. In Section 4, thex-RCPSP is introduced as a conceptual framework
for the comprehensive description of disruption managemenproblems. By ex-
tending the well-established Resource-Constrained Proj Scheduling Problem
(RCPSP) with the notion of alternative activities, it is pos sible to formulate a
wide variety of potential schedule modi cations that exceeding simply shifting
activities temporally or reallocating resources. In Sectbn 5, we illustrate how
the modeling framework provided by the x-RCPSP can be applied for decision
support. Here, a specialized Genetic Algorithm (GA) with speci ¢ crossover and
mutation operators is presented for this purpose together ith a performance
evaluation that reveals its fast convergence on good or optial solutions. Section
6 summarizes the contributions of this paper.

2 Disruption Management

This section starts by informally de ning disruption, inte rvention, disruption
management and the DM problem. The second part of the sectiorprovides a
brief overview of the most relevant literature in the research area of disruption
management.

2.1 De nitions

De nition 1 (Disruption). A disruption is an unforeseen event that occurs
during the execution of planned operations and triggers a deation from an
existing schedule.

Such deviations are associated with (unanticipated, not neessarily mone-
tary) costs whenever predetermined plans are optimized a@rding to some spe-



ci ¢ criteria. In many practical situations, manifold opti ons allow the system to
dynamically adapt to the modi ed situation and to repair bro ken schedules.

De nition 2 (Intervention). An intervention is a modi cation of a current
or future schedule, aimed at minimizing the negative impaa associated with a
disruption.

Practically important forms of intervention include (1) th e temporal shift
of one or several activities, (2) a change in theallocation of resourcesand (3)
switches from one validprocess variantto another one. The latter form includes
options such as the modi cation of activity durations, the i nsertion or removal
of operations, the serialization or parallelization of process steps, and so forth.

De nition 3 (Disruption Management). Disruption management (DM) is
the process of selecting an appropriate set of interventionafter the occurrence
of a disruption.

Typically, the central aim of disruption management is to n d a way to get
back on track [5] and to optimize the relation between plannel and real processes
by updating future schedules in a way that minimizes the negéve impact of the
disruption.

De nition 4 (Disruption Management Problem). A disruption manage-
ment problem consists of (1) a given plan for the future, (2) aparticular disrup-
tion, (3) various potential interventions and (4) an objective for the adaptation
of plans. It is solved through the process of disruption margement.

2.2 Related Work

Since the 1980s, the problem of responding to unforeseen sxtule disruptions
has started to attract attention. Particularly the develop ment of the popular
factory scheduling systems ISIS [6] and its successor OPI®pportunistic Intel-
ligent Scheduler, see [7]) helped to de ne and separate theooicepts ofscheduling
and rescheduling While the former scheduler focused generating plans usingre-
dictive scheduling(or baseline scheduling the latter one was intended to be able
to react to disruptions by implementing reactive scheduling OPIS, for instance,
heuristically selects an appropriate rescheduling methodsuch as rescheduling



tasks dependent on congested resources, changing the preus resource alloca-
tion decisions or postponing a subset of operations until tle disrupted schedule
is free of conicts.

Another important step in the consideration of schedule disuptions was made
with the GERRY scheduling and rescheduling component [8] othe Ground Pro-
cessing Scheduling System (GPSS, see [9]) developed by thé8SA Kennedy
Space Center. While planning the process of preparing spachuttles for launch
(which basically involves inspection, repair, refurbishnent, etc.), an existing
(complete but infeasible) schedule is taken as a starting piat and, using a
constraint-directed approach which is similar to the min-con icts heuristic [10],
iteratively optimized to increase the quality of the solutions . In order to avoid
early convergence on a poor local optimum, simulated anneg (see [11]) is also
applied during this process.

More recently, the distinction between predictive-reactive and proactive-re-
active schedulinghas been introduced. The former strategy focuses on mere
repairing the original schedule by taking an unexpected disuption into account
(see [12], for example). In the latter strategy, schedules re also updated with
the intention of being robust safety or slack time is incorporated to absorb
anticipated disturbances, meaning reactive procedures red only be reapplied in
the case of severe or unexpected situations (see [13], forample).

A comprehensive overview of rescheduling approaches in theontext of man-
ufacturing systems can be found in [14]. The authors de ne recheduling as the
process of responding to schedule disruptions and proposdr@amework of strate-
gies, policies and methods for the classi cation of the appoaches presented in
literature. Furthermore, they discuss aspects of the reschduling environment
as well as typical performance measures. Aytug et al. [15] pvide another and
more recent review of the extensive area of rescheduling, sBussing the purpose
of scheduling and de ning a taxonomy for di erent types of uncertainty.

Originally, responding to disruptions was primarily regarded in terms of
scheduling and rescheduling. It was only recently that the oncept of Disruption
Management emerged. The primary di erence between DM and rescheduling
is that rescheduling focuses on the identi cation of a schedle which is opti-
mal in terms of the original objective function whereas disuption management
also aims to minimize the deviation of the updated schedulerbm the original
one [5]. The Descartes (Decision Support for Integrated Cne and Aircraft Re-



covery) project, a cooperative project of British Airways, Carmen Systems and
the Technical University of Denmark, represented an imporant step forward in

the formation of the new research area and provided the basifor much of the

literature on DM (see [16{18], for example).

Beside air trac and airline-related scheduling, the domains of machine
scheduling and production planning have been at the center foresearch in dis-
ruption management [19]. Bean et al. [20] were among the rstto consider de-
viation costs in their approach to matchup scheduling, whid is based on the
idea of identifying an updated schedule that converges withthe original one at
some early point in the future. While Clausen et al. [16] distss disruption man-
agement in the execution of shipbuilding processes, Xia etla[21] investigate
DM in the context of a two-stage production and inventory system, evaluating
solutions for xed and exible setup epochs as well as di erent forms of penalty
functions. Yang et al. [19] consider cost and demand disrupbns occurring on a
single-product manufacturing plant and propose a pseudo-plynomial dynamic
programming procedure for the general cost case and preseatlvanced solution
procedures for speci ¢ forms of cost functions. Additionalinformation and com-
prehensive overviews of DM in the context of production plaming can be found
in [5] and [22]. Apart from the areas of application mentional above, disrup-
tion management plays a crucial role in the context of many oher real-world
processes. Research, for example, has been conducted in thamains of telecom-
munication [16], project management [22,23, 12], supply ciin coordination [22,
24,25] and logistics management [22].

3 The Aircraft Turnaround Process

In the domain of air tra c, disruptions occur frequently due to dependencies
between many di erent service providers, shared resourceand external factors
such as weather conditions or legal constraints. Even worsedelays resulting
from disruptions are typically propagated throughout the entire air tra ¢ net-
work, causing further schedule deviations far from and longafter the original
disturbance. The high costs associated with delays (accoidg to EUROCON-
TROL [26] airlines have to bear delay costs of 72 Euros per mute for delays
of more than 15 minutes, see [27] for additional gures) haveled to particu-



lar interest in DM in the practical context of air trac and ai rline operations
management, as discussed in Subsection 2.2.

Aircraft turnaround is one major source of delay in the doman of air traf-
c [28]. Combining all activities related to the postprocessing of incoming and
preprocessing of outgoing ights, turnaround can be regaréd as the process of
preparing an aircraft for a ight to another destination air port while on ground.
It is characterized by a high number of simultaneously exected operations [29]
and the involvement of many service providers [30]. Suppleented by the fact
that a turnaround can be executed with many di erent variati ons, the process
is extremely complex to manage and thus interesting for furher consideration.

Deboarding Turnaround Process
Fueling
Cleaning
Catering

Boarding

Time

Fig.1. Simpli ed version of the turnaround process

In order to prevent the examples from being overly complex, asimpli ed
version of turnaround is presented in this paper. With a foclts on passenger-
related core processes [3], its structure can be described dollows. After the
plane reaches its destination gate or position, the incomig passengers leave
the aircraft before it is fueled, cleaned and restocked (caring) simultaneously.
When these activities are nished, the outgoing passengersnter the plane which
then departs for the runway. Figure 1 illustrates an exemplay instance of this
process.

Let us consider typical disruptions and their e ects by examining two di er-
ent scenarios. In the rst one, we assume that some sort of disrbance occurs
prior to deboarding. The most typical example for such a disuption is an ar-
rival delay. If the resulting schedule deviation is large emugh, the process start
is delayed to the extent that it has e ects on the entire turnaround, eventually
causing a corresponding departure delay. This might causerether arrival delay
and additional problems at the next destination of the aircraft. This process is
illustrated in Figure 2 where the thunderbolt symbolizes the disruption, grey



ﬁk Deboarding T'urnaround Process

Fueling
Cleaning

Catering
Boarding O

Time

Fig. 2. Disrupted instance of the turnaround process

bars represent the original plan and white bars indicate themodi ed plan. The
circle shows where the actual problem lies.

As the airline responsible for the turnaround typically faces penalties for de-
lays, it is usually interested in taking some form of interventative action. In this
case, it would be desirable to accelerate the process at sompeint. A good idea
might be to assign additional resources along the critical pth. An additional
tanker could reduce the time required for fueling or additional buses could ac-
celerate disembarking and boarding if the airplane is posibned on the tarmac.
Another option might be to reallocate resources. Relocatig the aircraft to a
gate position is often a good way to speed up the processes adigsengers leaving
and entering the plane. Lastly, it might be helpful to modify the structure of the
executed process. One of the options applied in practice istrefuel the aircraft
while passengers are boarding under the supervision of there brigade.

The e ects of a disruption do not necessarily appear in the dsrupted process
itself. In the second scenario we assume that there is su ciat slack time available
to compensate for an irregularity occurring prior to the start of the turnaround.
However, this time the turnaround is coupled to another one.Passengers arriving
on the incoming ight need to depart on an outgoing ight. Suc h a dependency
causes the disruption to have noticeable e ects. As the pasngers arrive late
they either miss their ight or the outgoing plane has to wait for them and
thus also experiences delay. Figure 3 illustrates this scemio, with the passenger
transfer representing the linking process step.

Importantly, both a delay for the outgoing aircraft and passengers missing
their ights cause costs. Consider, for instance, the necesary expenses for alter-
native bookings and overnight stays as well as the costs atiisg due to losses in
customer satisfaction. Therefore, a form of intervention & required, accelerating
either disembarking or the passenger transfer. This could & achieved through



the assignment of additional buses which carry transfer pasengers from the in-
coming ight directly to the outgoing aircraft. Another opt ion is to place the
a ected planes close to one another. Finally, if no other opton is available or
the delay is too large, it has to be evaluated if it is better to wait and delay the
outgoing ight or to proceed as planned and rebook the a ected passengers.

For the examples presented in the remainder of this paper, itis assumed
that three forms of intervention are available apart from the temporal shift of
activities and the reallocation of resources. First, it is possible to accelerate
disembarking by assigning additional buses. Second, it is gssible to shorten
cleaning if the cabin is then inspected by the cabin crew prioto the passengers
boarding. Finally, it is possible to parallelize fueling ard boarding if the re
brigade is available for supervision.

Note that these options describe only those forms of intervation that were
inspired by the observations made during the eld study conducted in coop-
eration with Deutsche Lufthansa AG. Depending on the given #uation, other
kinds of repair actions might be possible in practice. We deided to focus on this
set of interventions as they are common on the one hand and eghsive enough
to illustrate the shortcomings of current approaches with respect to modeling
(see Subsection 4.1) and the expressive power of the propas&damework (see
Subsection 4.5) on the other hand.

Fig. 3. Another disrupted instance of the turnaround process



We now turn our attention to how the example turnaround process can be
modeled with all its variability, before nally demonstrat ing how the associated
disruption management problems can be e ectively solved.

4 Modeling Disruption Management Problems

This section introduces methods for formally describing DMproblems. The con-
ceptual framework for Resource-Constrained Project Schading Problems is pre-
sented and its applicability to practical disruption management is evaluated.
Motivated by a lack of possibilities to describe potential process variations, the
Extended RCPSP (x-RCPSP) is introduced, illustrating the expressive power
of of alternative activities through several modeling patterns. Finally a formal
description of the simpli ed turnaround process is presengd.

4.1 The Resource-Constrained Project Scheduling Problem

The Resource-Constrained Project Scheduling Problem (RCBP, see [31,32])
generalizes various forms of production-speci ¢ problemgsuch as the job shop,
the ow shop and the open shop problem) and provides a powerfiframework for
the formal description of scheduling problems. The processf solving an RCPSP
aims to schedule arbitrarily linked activities, which are processed on arbitrary
resource types, according to some prede ned optimization teria (such as the
minimization of the overall project duration).

Formally, a RCPSP can be described as follows. A project corists of a set
of activities A = f0;1;::;;a;a+ 1g: The rst and the last element represent
abstract start and end activities, having a duration of 0 and no resource re-
quirements associated. Each remaining 2 A has a non-negative durationd;.
Activities are ordered using precedence constraints. The)astence of an element
pi; in the set P states that activity j must not start before the execution of
activity i is nished. The execution of activities is based on a set of reewable
resource typesR = f1;::;rg, where for each typek 2 R a constant amount
of ¢« units is available. A set of resource requirements de nes th relation be-
tween resources and activities. Activity i requiresgx 2 Q units of resource type
k throughout its execution. The scheduling process should prduce a vector of
starting times ( 1;:::; ) forwhich (1) i O;i2A,(2) i+ d i 2P
and (3) .4 o Gk C for any resource typek 2 R at any time t, where A(t)

10



corresponds to all activities simultaneously executed at. Typically, some form
of optimization criterion must also be considered when seahing for a solution.

The RCPSP is used as a starting point for the formal descripton of disruption
management problems for the following reasons:

{ Dening an RCPSP is easy and intuitive. The modeling constructs men-
tioned above make it possible to describe entities and corsponding rela-
tionships with a high level of abstraction.

{ Unlike the production-speci ¢ job shop, ow shop or open sh@ problems, it
imposes no restrictions on the number of resource entitieghe structure of
the processes or their associated resource requirements.

{ Many highly e cient algorithms are available for problem so lution and opti-
mization. Meta-heuristic approaches, for example, can preide good results
within a short time. Local search, tabu search, evolutionay and ant colony
optimization have all been applied in the context of the RCPSP. A compre-
hensive survey and evaluation of the performance of these ¢lniques can be
found, for instance, in [33].

Despite its strengths, however, the Resource-ConstraineBroject Scheduling
Problem is not powerful enough to cope with the typical requrements of disrup-
tion management. Although it can often identify optimal act ivity starting times
and optimal resource allocations, the RCPSP provides no opgrtunity for the
reconsideration of previous choices with respect to actity execution, preventing
the chosen process execution paths from varying dynamicall When consider-
ing the types of intervention mentioned in Subsection 2.1, t is not possible to
perform a switch from one valid process variant to another.

4.2 Extending the RCPSP for Disruption Management

To overcome this limitation, we propose extending the RCPSPwith new con-
structs. To the best of our knowledge, the only other approab that allows
for additional exibility during optimization is Multi-Mo de RCPSP (MRCPSP,
see [34]). By permitting the dynamic alternation of activity execution modes,
it is possible to consider potential duration and resource equirements associ-
ated with changes. Still, it is clear that the concept of modealternation is not
su cient for the description of the entire range of potentia lly relevant process
variations mentioned above.
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When surveying previous work on DM in the context of the RCPSR it is ob-
vious that the vast majority of research has focused on respaling to disruptions
by shifting activity start times and changing the allocatio n of resources. Artigues
et al. [35] discuss adding an unexpected activity to the curent schedule. They
consider the arrival of each such activity as a disruption. Hkhyari et al. [36] use
explanations to handle over-constrained networks in dynarit scheduling prob-
lems. Zhu et al. [23] present a classi cation scheme for disiptions and describe a
hybrid mixed integer programming/constraint propagation approach to handle
them. In contrast to these works, we focus on the extension oéxisting meth-
ods to formally describe and consider additional forms of itervention during
optimization.

Disruption management as de ned in Subsection 2.1 can be regded as a
combination of planning and scheduling. The consideratiorof potential changes
in process execution paths corresponds to the former, wheas the consideration
of temporal shifts and resource reallocations corresponds the latter part of the
problem. As the scheduling-speci ¢ options can be tackled sing the constructs
provided by the classical Resource-Constrained Project $eduling Problem, it
is particularly important to focus on the planning part of th e problem when
adopting the RCPSP for DM. More speci cally, it has to be extended by in-
troducing constructs which make the formal description of svitches from one
process variant to another one possible.

We base our approach on the concept ofilternative activities and activity
dependencies Each activity might have one or more substitutes that can be
used during optimization. As the execution of one activity is often dependent
on the execution of others, various forms of dependencies gfit be associated
with the execution of replacements. We combine the planningand the scheduling
part of the DM problem into one single conceptual model by desribing potential
modi cations directly within the process.

Up to the present, little research has focused on considergalternative activ-
ities in scheduling problems. One of the most important apppoaches can be found
in the area of constraint-directed scheduling. Beck and Fo{37] introduce XOR-
nodes as well as PEX (Probability of Existence) variables ito the constraint
graph and propose speci c, PEX-based propagators and heustics for solving
such extended problems. In contrast to their work, our goal § to incorporate
alternative activities into the conceptual framework of the RCPSP. We propose
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a compact and intuitive way of modeling variable process exeution paths which
is entirely independent of the underlying search procedure

4.3 The x-RCPSP

Model. Inthe Extended Resource-Constrained Project Scheduling Roblem (x-

RCPSP), the implementation of the concept of alternative activities is based on
distinguishing betweenactive and inactive elements. Only the former are actually
considered during the generation and optimization of the shedule. Activities can

be activated and deactivated dynamically according to pree ned rules. Note

that each such change of the activation state results in a newnstance of the

classical RCPSP. For its solution, well-established appraches can be applied
(see [33], for example).

Formally, the x-RCPSP can be described as follows (see Subsection 4.1 for the
de nition of the underlying RCPSP). A process is de ned by a set of potential ac-
tivities A* = f0;1;::;;a;a+1g. The rst and the last element represent manda-
tory abstract start and end activities with a duration of 0 and no associated
resource requirements. Each remaining 2 A* has an associated non-negative
duration d;. Active activities form the subset A A * and inactive activities
are grouped in the corresponding set di erenceA™ n A. The initial activation
state and process execution path are described by another beetAg A . The
execution of activities is based on a set of renewable rescee typesR = f1;:::;rg
where a constant amount ofck units is available of each typek 2 R . The follow-
ing constructs can be used for the description of activity/resource dependencies:

{ Precedence Constraints.The order of activities is described by use of prece-
dence constraints. The existence of an elemeng; in the set of potentially
relevant dependencieP* states that activity j 2 A* must not start before
activity i 2 A* is nished. The subsetP = fp;; 2 P*ji;j 2 Ag groups all
precedence constraints for which both the predecessor andhé successor are
active.

{ Resource Requirements.The relationship between activities and resource
types is de ned by use of resource requirements. In a two-dirensional array
Q*, all activities i 2 A* are combined with all resourcek 2 R . A constant
amount of g, units of a resource typek 2 R is required throughout the
execution of activity i 2 A*. The subsetQ = fgx 2 Q*ji 2 Ag contains
only those elements for which the associated activity is adve.
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The following constructs are available for the formal desciption of activity
relations and dependencies:

{ Activity Substitutions. The existence of an elemenk;; in the set of potential
activity substitutions X * states that the replacement of activity i 2 A with
activity j 2 A* nA (i.e. the deactivation of i for the activation of j ) represents
a legal form of process variation.

{ Activity Dependencies. Activating or deactivating an activity might have an
impact on the state of other activities. M * therefore de nes the mandatory
implications of a deliberate activity state modi cation. T he existence ofm;;
(m;; ) 2M ™ indicates that activity j 2 A™ has to be (de)activated upon the
(de)activation of i 2 A™*; the existence ofmi;@j) 2M * indicates that j has to
be deactivated upon the activation ofi; nally, the existence of m{;*j 2M
indicates that j has to be activated upon the deactivation ofi.

The x-RCPSP represents a generalization of the classical Resource-Cstnai-
ned Project Scheduling Problem. Any instance of anx-RCPSP with X* =
M * = ; can be converted into an equivalent RCPSP. Both problem clases share
a reasonably high level of abstraction at which problem insances are formulated.
Therefore, de ning an x-RCPSP is essentially as easy and intuitive as de ning a
classical RCPSP. It has to be stated, however, that creatingand maintaining the
respective model might be more di cult if large numbers of potentially relevant
options have to be described. This issue can be addressed tugh the provision
of appropriate (potentially graphically supported) modeling tools and constructs
in practical scenarios.

Consistency Criteria.  The following section describes the two types of consis-
tency criteria for activity substitutions that have to be fu | lled in any x-RCPSP.

{ Dependency Consistency.An activity must never be activated and deac-
tivated at the same time during the a substitution. More formally, let us
considerA; as the set of all activities activated upon the activation of ac-
tivity i, AA as the set of activities activated upon its deactivation, A® as

the set of activities deactivated upon its activation and A; as the set of
activities deactivated upon its deactivation:
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At = A ;m; 2M* )
A=A im@2m* (3)

Based on these sets, we now can de n& (X ) = AA A ; as the set of
all activities activated upon the application of the substitution x;; 2 X *.
Accordingly, A (xij ) = A, [A j@ describes which activities are deactivated
upon the application of x;; . The activity dependencies can now be de ned
as consistent if A (x;; ) VA (x;; ) = ; forall xi; 2 X*. In that case, no
activity is ever allowed to be activated and deactivated at the same time.

{ Precedence ConsistencyAs no activity can precedeand succeed another ac-
tivity at the same time, there must be no cyclic dependenciedn the set of
active precedence constraint®. Given the application of x;j 2 X * on a set
of active activities Ay, the resulting set of active activities can be de ned as
A= Ao[A (Xij)nA (X ). An x-RCPSP is considered precedence con-
sistent if no cycles exist within the set of precedence congtints associated
with any potential A;. Note, however, that the set of potentially relevant
precedence constraints might very well contain cyclic depedencies. This is,
for example, the case whenever options for changing the exaion order of
activities are available. Consider a simple process congisg of three activ-
ities a, b and ¢ which can be executed either in alphabetical §;b; g or in
reverse order €;b; 3. To describe both potential execution paths using al-
ternative activities, it is su cient to replace b with two variants b and by,
of which (1) the former is a successor of and a predecessor ot and (2)
the latter is a successor oft and a predecessor o& (see Subsection 4.4 for
further details). The precedence graph describing all actiities in context is
depicted in Figure 4, where dashed lines illustrate optionhor alternative
process execution paths. It can easily be observed that thectivities form a
circle in terms of precedence relations. This is, however, grfectly okay if at
any time only by or by is activated. In that case, the respective setP is free
of any cyclic dependencies.

Apart from these substitution-speci ¢ aspects, requirement consistencyis an-
other fundamental criterion for the consistency and solvalility of the x-RCPSP.
An activity must never require more resource entities than there are actually
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Fig.4. Cyclic precedence relations in the x-RCPSP

available. Therefore, g« 2 Q* has to be lower than or equal toc for any
activity i 2 A* and any resource typek 2 R.

Xx-RCPSP Solutions. The process of solving anx-RCPSP is based on the
identi cation of an optimal combination of activation stat e and activity starting
times. Both elements are represented in &chedule which essentially corresponds
to a vector of starting times for all active activities. Let ; denote the scheduled
starting time for an activity i 2 A and A(t) again describe the set of activities
executed at a timet. A schedule can be considered valid if and only if

(@) ¢ Oforanyi2A,

(2 j+d jforanypy 2P,

3) P i2a () Gk G forany k 2R atany t and

(4) the activation state described by S can be derived from an original (valid)
activation state through the application of substitutions de ned in X*, taking
the dependencies described iM * into account.

Identifying the optimal solution of an RCPSP and its generalizations (such
as the x-RCPSP) represents an NP-hard problem. This can be deduced from the
fact that even very special cases such as the job shop schethg problem are
NP-hard in the strong sense [32].

4.4 Modeling Patterns for the x-RCPSP

This subsection discusses how several typical options of pcess variation can be
modeled by use of alternative activities. For better readaklity we use a simpli ed
notation in the subsequent descriptions:

(1)i! j standsforp; 2P*,
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Table 1. Mode Alternation in the x-RCPSP

Original Process Extended Process

A* a;b;c a;h;by;hs;c
P* a! b; a! bga! bp;a! b
b! c h! ¢ch! cky! c

X ; b! b ! bgke! b

(2)iBn kforgx =n2Q",
@i jforxy 2X7,

4)i! jforfxi [ x:i9 X 7,
()i jformy 2M ™, etc.

Mode Alternation. A modeis a xed combination of duration and resource re-
quirements associated with the execution of an activity [34. Activities for which
more than one potential execution mode is de ned are consided multi-mode.
A mode alternation corresponds to the switch from a previously chosen mode to
another one. It has already been mentioned that the Multi-Mode RCPSP (see
Subsection 4.2) is a generalization of the classical RCPSPhat considers such
mode alternations (in addition to activity starting times a nd resource alloca-
tions) during optimization. Here we illustrate how potenti al switches between
various execution modes can be described using theRCPSP, which itself gen-
eralizes the MRCPSP.

Let us consider a simple process consisting of three sequéty executed
activities a, band c where the execution mode obis variable. The rst mode has
the original time and resource requirements. In the second wde, the execution of
b takes longer but requires less resources, whereas the thirdode executes more
quickly but is more resource-intensive. As arx-RCPSP, each of these modes can
be represented as a separate alternative activity. Insteaf b, three options by,
b, and b; are therefore modeled. They precede and succeed the same igities
as b and dier only in time and resource requirements. A mode altenation
corresponds to the activation of one alternative in exchang for the deactivation
of another one. In X™*, this indicates that each mode can be replaced by any
other one. Table 1 summarizes the alterations to the origindprocess model that
make dynamic mode alternations possible.
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Table 2. Resource Alternation in the x-RCPSP

Original Process Extended Process
R rira ri;ra;rd
A* a;b;c a;h;bp;cc
pt al b; al! byal! by
b! ¢ ! cibp! cb! eik! e
X ; ! ba!
M ; b ¢ @by b @

a b @;cc bpyc @b
Q* bB2 ri;bB1 r2; B2 ri;biBl r;B2 ri;pB1l rd;
cB3 r, B3 r2;cB3 rd

Resource Alternation and Capacity Change. Apart from changes in ac-
tivity execution and the associated resource requirementsthe concept of mode
alternation can be used to model additional forms of interveation. Both switches

between alternative resource types and modi cations to avilable resources can
be accurately described using separate activity executioomodes.

Regarding the former, additional (and alternative) resource types must rst
be introduced into the model. The model can then express thatactivities re-
quiring the original resource type might also be executed usg the potential
substitute. Thus two alternative activities represented by separate execution
modes with identical durations but di erent resource requirements replace the
original activity. This approach provides extensive exibility in the de nition
of possible alternatives, describing their e ects on costsdurations and resource
requirements on the activity level. Let us consider a proces consisting of three
activities a, b and c, sequentially executed using two resource types; and r».
b requires two units of r; and one unit of r,, ¢ requires three units ofr,. If the
possibility to replace r, with an alternative resource type exists, an additional
variant is introduced for each activity requiring r,. Thus by and c; are executed
using r, whereash, and c, are executed using the alternativer. The exchange of
a resource type corresponds to the synchronous switch of alélated alternatives.
The constraints in M * ensure that at any time the same variants of all involved
activities are executed. Table 2 summarizes the di erence®etween the original
and this extended process model.

Changes of resource capacities can be described in a simil&shion. Con-
sider for example temporary increases of the number of avaible resource units.
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Table 3. Changes of capacity in the x-RCPSP

Original Process Extended Process

R ri ri;ry
A* a;b;c a;b;g:c
p* al! b; al! b;
al! c al! ca! o
xX* ; al! o
M* ; ;
Qf bB2 r; bB2 r;
cB2 r; B2 r1;¢B2 rg

Instead of directly changing the ¢k of k 2 R, an additional resource type rep-
resenting the available standby units is inserted into the nodel. An alternative
mode requiring resources of this type is de ned for all activties which might trig-
ger a (temporary) expansion of capacities. This approach iappropriate for the
description of many realistic scenarios in which resourceapacities are changed
for the execution of speci ¢ activities. Furthermore, it is reasonable to consider
optional resource entities on an activity level as common pactice to keep the
periods of reserve usage as small as possible. Let us consida example process
consisting of three activities a, b and ¢ and in which a has to precedeb and c.
Furthermore, assume that activities b and ¢ both require all the available units
of resource typer;. In this original scenario, b and ¢ are never executed simulta-
neously even though it would be possible taking only the preedence constraints
into account. The possibility of increasingr; is modeled by introducing an al-
ternative (i.e. a standby) resource typer; and distinguishing between di erent
variants of activities that require ri. One variant (representing the original ac-
tivity) is executed using ry only, while other variants might be (partly or fully)
executed usingry . Table 3 shows how the original model can be extended to
re ect the possibility of a capacity change which allowsb and c to be executed
in parallel.

Activity Insertion/Removal. Next, we examine how the insertion and re-
moval of activities as another important form of process varation can be modeled
using the x-RCPSP.
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Table 4. Activity insertion and removal in the x-RCPSP

Original Process Extended Process

A" a;b;c a;h;bp;c;e

= al! b; al byal by
b! ¢ h! ckp! ee! c

xX* ; bi! b

M ; b ek e

Consider a simple process consisting of three sequentialtadties a, bandcin
which an additional activity e could be inserted (or removed) betweerband c. In
order to consider such optional process steps, appropriatactivity dependencies
have to be modeled within thex-RCPSP. In addition, one activity of the original
model is replaced by two alternative versions, one includig the optional activity,
the other not.

In the example process consisting o&, b and c, bis replaced by two variants
b and b,. Activity e is omitted wheneverb, is executed and activated whenever
the alternative activity by is activated. Both variants of b take the place of the
original activity and depend on activity a. With respect to their successors/by
has to be executed prior toc whereasb, is modeled as predecessor @& which
itself precedesc. The insertion or removal of the optional activity corresponds to
a switch from one alternative to another. The mutual exchangeability of b; and
b, is de ned in X . In the set of dependenciesM *, activity eis linked to b; and
b, appropriately. Table 4 summarizes the di erences betweenhe original process
and the extended model which supports the dynamic insertionand removal of
process steps.

Order Change. Alternative activities can also be used to model exibility in
the execution order of process steps.

Let us consider a process consisting of a strict sequence @fuf activities a,
b, ¢ and d, which should be modied such that the positions of b and d can
be swapped. In thex-RCPSP, the possibility of reordering the activities (and
thus changing the precedence constraints associated wittosne activities) can be
described by introducing alternate versions of all processteps for each potential
position of an activity. In the extended process, a distincion is made between
the two di erent versions of band d. The rst one describes the original,whereby
and d; precede and succeed the same activities as the original aciies b and d.
The second variant describes the optional position wheréy, and d, are associate
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Table 5. Order change in the x-RCPSP

Original Process Extended Process

A* a;b;c;d a;h;by;c;di; de
= al! b; al! b;a! do;
b! c; bh! cd! ¢

c!l d c! di;c! by
X* ; by! bp;di! d2
M ; b di;b @dz;
b, d2; b @dy;

di by;di @by,

d2 bp;d2 @by

with the precedence relations of the respective counterpar Changing the order
of activities corresponds to switching from one alternative to another as de ned
in X*. Since the same variants of all involved activities must be ativated in
the respective process variation, mutual dependencies beten the alternative
versions ofband d are de ned in M *. Table 5 summarizes the modi cations to
the original process to support the option of reordering acivities.

Serialization/Parallelization. The serialization of activities marked for par-
allel execution and vice versa represents another commonrim of process vari-
ation. Such variations can be formally modeled using thex-RCPSP as follows.

Consider six activities, a, b, ¢, d, eand f , scheduled for sequential execution.
Let us examine the possibility of parallelizing the sequene b, ¢, d with the
execution of e. As an initial step, we distinguish between two versions of he
rst activity of the latter sequence (with respect to the serial executioh The
rst variant corresponds to the serial variant, whereas the second is scheduled
for parallel execution. In this case activity e is replaced by two exchangeable
alternatives: e; replaces the originale and e, is used to describe the option
of parallelization. With respect to precedence relations,e; is (1) a successor
of all predecessors of the rst activity of the former sequeme b, ¢, d and (2)
a predecessor of all successors of the original activitg. In addition, the last
activity of the preceding sequence must be linked directly vith the successors
of the succeeding sequence. Serialization or parallelizan may be achieved by
allowing to switch between the alternative activities in X* . Table 6 summarizes
the di erences between the models describing strictly seal and optional parallel
execution modes.
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Table 6. Parallelization/serialization in the x-RCPSP.

Original Modi ed Network
A* a;b;c;d;e;f a;b;c;d;a; e f
(= al! b; al! b;a! e
b! c; b! c;
c! d; c! d;
d! e; d! e;d! f
e! f er! fepx! f
X* : e! e

M * :

4.5 Modeling the Turnaround Process

We now explore how di erent execution variants of the simpli ed turnaround
process (as introduced in Section 3) can be modeled using thareviously pre-
sented patterns.

In the owchart of the turnaround process shown in Figure 5, each alternative
activity is associated with an xor-node that expresses the possibility to chose
between alternative execution paths. The angular nodes ofhte graph correspond
to activities, the round nodes representxor-nodes and the directed arcs between
these nodes visualize the precedence constraints. Solishéis outline the activities
of the \default" process execution path, whereas dashed lias depict potential
process alternatives that can, for instance, be exploitedd handle disruptions.

Fig.5. Turnaround process with modi cation possibilities

The three concrete forms of intervention which were sketché for aircraft
turnaround in Section 3 are related to the abstract modelingpatterns presented
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in Subsection 4.4 as follows. The potential acceleration dboarding through the

assignment of additional resources corresponds tormode alternation. The option

of shortening cleaning at the cost of introducing an additimal cabin inspection
step can be modeled as a combination ahode alternation and activity insertion.

Finally, the synchronous execution of fueling and boardingcorresponds to a
applying the activity parallelization pattern.

The complete x-RCPSP model that captures this variable process is shown
in Table 7. Note that in a practical setting it is advisable to use appropriate
graphical modeling tools which o er the automatic derivati on of formal x-RCPSP
model de nitions. The de nition of such a (possibly domain-speci c) graphical
modeling language and the corresponding set of precise traformation rules is
however beyond the scope of this paper.

Table 7. Formal description of aircraft turnaround with execution a Iternatives

Set Content

R Bus, Firebrigade

A*  Start, Deb, Deb®, Fue, Fue®, Cat, Cle, CleR, Ins, Boa, End

P* Start ! Deb, Start | Deb®, Deb! Fue, Deb! Fue”, Deb! Cat, Deb!
Cle, Deb! CleR, Deb® | Fue, Deb® | Fue®, Deb® | Cat, Deb® | Cle,
Deb® | CleR, Fue! Boa, Fue® ! End, Cat! Boa, Cle! Boa, Clef !
Ins, Ins ! Boa, Boa! End

Q* DebB1 Bus,Deb® B2 Bus, Fue® B1 Firebrigade

X* Deb! Deb®,Fue! Fue”, Cle! Cle®

M* CleR Ins, CleR® Ins

In Table 7, process steps are represented by the rst three lers of the
associated activity names.Deb® is the alternative of Deb which is characterized
by reduced execution time and additional resource requirerants. CleR is the
reduced version ofCle which takes less time but is dependent on the execution
on the optional process step of cabin inspectiomns . Fue® is an alternate version
of Fue which is not necessarily executed prior to boarding but has dditional
resource requirements.
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5 Applying the x-RCPSP in Disruption Management

This section illustrates how the x-RCPSP modeling framework can be applied
to practical disruption management. After sketching the overall approach, we
propose an evolutionary algorithm for the incremental optimization of solutions,

present the results of a detailed performance evaluation ah discuss possible
algorithmic enhancements.

5.1 Overview

In line with the general de nitions of subsection 2.1, a disuption management
problem can be formulated based on thex-RCPSP as follows:

{ Disruption management problems are solved in the context ofan initial
scheduleSy where the current point in time, to, typically corresponds to the
point at which the disruption is detected. The initial schedule re ects the
choices that have been made and thus describes planned pr@seexecution
paths and activity starting times. The current point in time divides the
schedule into a past (unmodi able) and a future (modi able) part, i.e., the
current plan for the future.

{ The disruption Dy is characterized by its type and a set of corresponding pa-
rameters. The most common forms of disruptions a ect activity and resource
attributes and lead to changes in durations, starting times availabilities and
so forth. Comprehensive overviews and classi cations of dérent types of
disruptions can be found in [14], [23] or [38].

{ The potential forms of intervention are implicitly de ned within the given x-
RCPSP model of the disruption management problem. This model forns the
basis of the initial scheduleSy and speci es the time, resource and precedence
constraints as well as options for the potential restructure of the future part
of the schedule.

{ The objective for the adaptation of schedules de ned through an evaluation
function ' : S! R describing the costs associated with the execution of a
scheduleS. Cost can combine various aspects such as the costs of viotat
constraints, earliness or lateness penalties, the costs applying interventions
as well as the costs associated with deviations from the origal schedule
or other measures of \schedule quality". These costs shouldhaturally be
minimized during optimization.
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The central aim of disruption management is to identify the optimal response
to a given disruption. In the context of this work, we propose the following
strategy:

1. Update Sy to S; to re ect the e ects of a disruption Dg. The past is left
unmodi ed, however current and future parts of the scheduleare updated
to take the e ects associated with the occurrence ofDg into account. S;
therefore describes what will happen if no form of intervenion occurs. The
simplest method of generating a \disrupted version" of the £hedule is to
right-shift all a ected activities. However, any other met hod that re ects
the operational strategy and leads to a feasible (but not neessarily good)
solution quickly can also be applied.

2. Optimize the future part of S; according to' until a prede ned stopping
criterion is ful lled. In operational DM, a common approach is to set a time
limit for the identi cation of a good solution [39]. Note tha t optimization
might be necessary even iS; is equal to Sy (i.e. the disruption has no direct
impact on the feasibility of the schedule) as the disruptionmay have altered
the problem such that S; is no longer optimal.

3. Derive the set of interventions to from the optimized schelule S;, which
describes the best known plan for future process executiofhe interventions
are given by the di erence betweenS; and the original scheduleS,.

In the following, we will present a schedule optimization mehod for Extended
Resource-Constrained Project Scheduling Problems whichims to identify an
optimal combination of activation state and activity start ing times. In general,
the practical relevance of the proximity of the optimized to the original schedule
suggests the use of an incremental local search algorithm. divever, as perfor-
mance usually represents a crucial factor in the operative pcess of disruption
management and as genetic algorithms perform particularlywell for the RCPSP
[33], we propose extending RCPSP-speci ¢ evolutionary algrithms to take the
particularities of the x-RCPSP into account.

5.2 An Evolutionary Algorithm

In an evolutionary algorithm, optimization is based on the continuous evolution
of a population of solutions. Each generation is composed ahe ttest indi-
viduals of the previous population and their children, which are the result of
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recombination and mutation. The main ideas behind this conept are that (1) a
combination of good solutions might result in or be at least ¢ose to even better
ones and that (2) slight variations in the generated solutims help to avoid local
minima. The evolution process, i.e., the actual optimization, is continued until
a prede ned stopping criterion is reached. The central quesons that have to be
addressed when designing an evolutionary algorithm are (cf40]):

Representation. How are solutions represented in the algorithm?
Initialization. How is the initial population generated?

Fitness and Selection.How are the ttest individuals selected?
Crossover. How can solutions be combined?

Lt T e T e T e S

Mutation. How can a solution be modi ed slightly?

The following discusses these aspects with respect to & RCPSP-specic
algorithm.

Representation.  Due to the inherent complexity associated with the direct
modi cation of time values, abstract forms of solution representation are com-
monly used during schedule optimization [33, 41]. Such re@sentations are com-
posed of easily describable and modi able elements which cabe unambiguously
converted into corresponding schedules. There are severegpresentations that
have been developed in the context of the classical RCPSP [#2n our approach,
we decided to useactivity lists as they best t the requirements of the x-RCPSP,
where not only the order of execution but also the set of seléed activities char-
acterizes a solution. Such an approach implicitly addresseboth aspects and thus
this representation can be adopted for thex-RCPSP without modi cation.

An activity list  corresponds to a precedence-feasible list of all2 A and
describes the order in whichactive activities should be considered for the gen-
eration of a schedule. An activity list can be converted into a corresponding
timetable based on sequential activity insertion (cf. [41,42], for example). Each
operation is scheduled to be executed in the order prescrilseby at the earliest
possible time with respect to the precedence constraints ahresource require-
ments. As inactive operations are not contained in , they are not part of a
solution. Note that even though di erent lists might result in the same schedule,
the unambiguity requirement mentioned above is ful lled by the Serial Schedule
Generation Scheme (SGS) as each has exactly one associated schedule.
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Initialization.  Two scenarios exist for the generation of the initial populdion

of solutions:

{ In disruption management, an initial valid schedule typically exists which

serves as a starting point for optimization. Considering the descriptions
above, the updated schedules; is considered for the generation of the ini-
tial population. The corresponding activity list 3 can then be determined
by sorting all future activities by their starting times. In DM scenarios this
initial list corresponds to the option of taking no intervention at all.

Although the focus of this paper is on disruption managementwe also brie y
describe a method for generating an initial solution in scearios where no
previous schedule exists. For the creation of a valid actity list 1, appro-
priate choices have to be made about the activation state andhe sequence
of activities . With respect to the former, Ag provides a starting point. All
activities i 2 A are activated and all remaining elements are deactivated.
To identify a valid sequence of activities, Algorithm 1 can be used to gener-
ate from a given set of activities A and a set of precedence constraint®
(making it possible to generate ; from Ay and the associated seP ™). In
the iteration described in lines 2-6, alli 2 A are sequentially appended to the
(initially empty) list of activities. For this purpose, the subset of currently
schedulable activities A® is determined (line 3). P(i) = fj 2 Ajp; 2 Pg
corresponds to the set of all predecessors of an activity 2 A and we thus
combine all activities that (1) have not been scheduled befee and (2) do not
have any scheduled predecessors or only have scheduled peedssors. IfAS
is empty before all elements ofA have been added (line 6), an inconsistency
is detected and no valid solution can be returned (line 4). Oherwise, an

Algorithm 1 Generate Activity List ( A;P)

1:

N a kRN

repeat

AS f i2Ajiz2 ~N(P>G)=;_P (i) )g

if AS = then return false

else add an arbitrary element of A® at the end of
until j j= jAj
return
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arbitrary element from the set of schedulable activities isappended to the
generated list (line 5).

The initial population comprises of the corresponding initial solution and a
certain number of associated fellows. These fellows are daded from 3 through
the (simple or repeated) application of the mutation operator discussed below.
For our example of the turnaround process, a potential initial solution is (Deb,
Fue, Cle, Cat, Boa) from which other solutions such as Deb, Cle, Fue, Cat,
Boa) or (Deb, Cle, Cat, Boa Fue®) can be generated.

Fitness and Selection. In each iteration of a genetic algorithm the best so-
lutions of the current population are chosen and used to formthe basis of the
next generation. Thus, it is necessary to assess the qualitpf the activity lists
and compare potential candidates. The rst step of this process is to convert the
activity list into its corresponding schedule using the scledule generation scheme
associated with the chosen representation (see also the disssion above). The
costs of the resulting timetable are then calculated with the help of the sched-
ule evaluation function ' (see Subsection 5.1). As this function should take all
decision-relevant aspects into consideration, the valuesbtained can be used
directly for the quantitative comparison of solutions. In particular, the activ-
ity lists that result in the schedules with the lowest costs ould be taken into
consideration for the evolution of the current generation.

Crossover. The main di culty in performing a crossover operation in the con-
text of the x-RCPSP results from the fact that the two activity lists to be
combined might describe di erent activation states and thus contain di erent
sets of operations. RCPSP-speci ¢ procedures can only be afied in the special
case in which the contents of both lists are the same. In thisgbsection we there-
fore propose a technique for the combination of two parent slotions , and
which is based on the idea that one parent prescribes the aatation state and
the other prescribes the order of the process steps. The rsparent thus de nes
which process variations are chosen in the child solution whereas the second
one in uences the position of activities in the resulting list.

Algorithm 2 describes a suitable crossover operator in moreletail. The set
of activities contained in ; is denoted asA;. The subsetX; X * describes
the substitutions that have led from the original activatio n state Ag to A;.
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Algorithm 2 Crossover ( a; b)
1: if Aa = Ay then
2: generate through the application of an RCPSP-speci c crossover oper ator

3: else

4T (XanXp) [f xij 2X 7 jxji 2 (XbnXa)g
5. ifjTj< j(XanXp) [ (XpnXa)j then

6: return incompatible

7. else

8: b

9: do

10: changed false

11: ifi2 ,x; 2T then

12: replacei with j in , taking M * into consideration
13: changed true

14: end if

15: while changed

16: end if

17: end if

18: return

Whenever the contents of the parent activity lists 5 and  are equal, one of
the established RCPSP-speci ¢ crossover operators (see1443], for example) is
applied (lines 1-2). If, however,A, 6 Ay, atransition set T X * is used to cope
with the di erent list contents. The transition set describ es which substitutions
should be applied to convert , to 4. Given the substitution sets X; and Xy
associated with the activity lists, T combines (1) all substitutions exclusive to
a and (2) the inversions of all substitutions exclusive to  (line 4). If one of the
substitutions exclusive to  is not invertible, the transition set is incomplete,
which means that  can not be directly converted into 5. If the size of the
symmetric di erence between X, and Xy, is larger than the number of elements
in T (line 5), the activity lists are thus considered incompatible for crossover and
no valid combination of the parent activity lists can be performed. The algorithm
returns (without result) and a di erent selection of parent s has to be made (line
6). Otherwise, a valid child is generated as follows. First,the new solution
is initialized as a clone of , (line 8). Then, in a repetitive procedure (lines
9-15), activity substitutions are applied until  contains no more replaceable
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elements. Note that all precedence and activity dependencgonstraints have to
be considered when modifying the contents of (line 12, see also the discussion
on where and how to place newly inserted activities in the fdbwing subsection).
The result of this replacement procedure is a new, valid actiity list  containing
the elements of , and following the order prescribed by .
Consider the two parent solutions 1 = (Deb®, Fue, Cle, Cat, Boa) and

» = (Deb?, Cat, CleR, Ins, Boa, Fue®) of our turnaround process. If , 1
and , », the transition set T = fCleR Cle, Fue® Fueg results from
the combination of X, = fDeb DebPgand X, = fDeb Deb?,Cle CleR,
Fue FuePg. Based on these elements, the list = (DebP, Cat, Cle, Fue,
Boa) is generated. If, alternatively, 4 > and p 1, the sequence =
(Deb?, Fue®, CleR, Cat, Boa) can be generated.

Mutation. As mentioned above, mutation is used in evolutionary algorhms
to avoid convergence on poor local minima. The basic idea isotrandomly and
slightly modify some part of the survivors and the newly geneated children. For
the x-RCPSP, mutating (all or only several randomly chosen) activity li sts cor-
responds to making some slight schedule modi cations. In tle x-RCPSP-speci ¢
mutation operator described below (Algorithm 3), each of the interventions mod-
eled in X* is applied with a certain probability.

Algorithm 3 Mutate ( )
1: if a randomly generated value 2 [0; 1] then

rearrange through the application of an RCPSP-speci ¢ mutation opera tor
: else

replacei with j in , taking all dependencies de ned in M * into consideration
s end if

2
3
4:  select an arbitrary xij 2X "ji2
5
6
7: return

Algorithm 3 performs a simple rearrangement of the activities with a certain
probability 2 [0; 1] (line 2). For the purpose of merely changing the order of ac
tivities in  (and therefore leaving the activation state unmodi ed), any existing
RCPSP-speci ¢ operator (see [43, 41], for example) can be g@fied. Accordingly,
the chosen process execution path is only modi ed with a probbility of 1
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In that case, an arbitrary substitution is selected (line 4) and then applied on ,
taking all related dependencies and constraints into consieration (line 5). In the
context of such process modi cations, the question of whereand how to place
newly inserted activities into  may arise. Precedence constraints can make cer-
tain positions unavailable and the rearrangement of other ativities necessary.
One strategy might be (1) to put replaced activities as closeas possible to the
former position of the replaced activity, (2) to insert the operations associated
with the substitution through M * at the earliest possible position and (3) to
ensure precedence feasibility by shifting a ected activiies to the right-hand side
of the respective predecessors. However, the fact that othestrategies could po-
tentially be applied (and perhaps even randomly varied) prozides mutation with
additional exibility.

Let us consider an activity list = (DebP; Cat; Cle; Fue; Boa) in our
turnaround process. Temporal shifts and/or resource reathcations can for in-
stance be associated with the rearrangement of the operatits into a sequence
(Deb?; Cle; Cat; Fue; Boa) or (Deb®; Fue; Cle; Cat; Boa). A process varia-
tion is performed if is mutated into (Deb® ; Cat; Cle; Fue® ; Boa) through the
application of Fue  Fue® orinto (DebP; Cat; CleR; Ins; Fue; Boa) through
the application of Cle  CleR.

5.3 Computational Experiments

In the following, we discuss the results of an experimental eluation that shows

that the proposed genetic algorithm quickly converges on god-quality solu-

tions. We describe the experimental setup and test cases bmke summarizing
the obtained results. Note that the intention of this evaluation was to show the
general applicability of the presented procedures rather han to illustrate the

performance of the speci c operators used in the experimet Thus, the pro-

posed algorithm and the corresponding evaluation resultsisould be viewed as a
starting point for further improvements and extensions.

Experimental Setup and Problem Instances. The proposed algorithm and
the operators were evaluated in a Java-based framework fore generation and
solution of disruption management problems. Furthermore,the RCPSP-speci ¢
operators were implemented using the highly e cient [33, 44 algorithm proposed
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by Hartmann [43]. The following parameter settings and prokabilities were used
in the described experiments:

{ Each generation consists of 10 solutions.

{ The best solution of a population is added to the succeeding eneration
without modi cation (i.e. the rate of survival is set to 0 :1).

{ For the creation of the remaining solutions, two parents arecombined using
the crossover operator described in Algorithm 2. In accordace with the given
survival rate, the probability for crossover is thus P = 0:9. Parent solutions
are selected with a probability that is directly proportion al to their tness
value (i.e. tness proportionate selection).

{ For the newly generated child solutions, mutation isattempted with a prob-
ability of P = 0:5. That is, an attempt is made to either change the position
of two randomly chosen activities or to perform a replacemenaccording to
the above algorithm. Note that such an attempt to mutate the activity list
does not necessarily result in a modi ed schedule as on the enhand prece-
dence constraints often prohibit permutations of the list while on the other

hand a mutated list might represent the same schedule as therainal
In (2)
n (1)
is reinserted into the ith generation. This ensures that the focus remains on

solutions close to the original schedule.

{ With a continuously decreasing probability P = the original schedule

All of the above values were chosen and adjusted based on seaktest runs
that were conducted on various arti cially generated DM problem instances.
Note that the parameters were not optimized for domain-spetc problems and
were not dynamically adjusted during optimization, leaving room for additional
performance improvements and further research which is, heever, beyond the
scope of this paper.

As no publicly available data sets or generators for instanes of reactive
scheduling and disruption management problems [44] existkat the time, we
decided to implement a highly con gurable framework for the automatic gener-
ation of appropriate problem instances. The framework not mly supports the
parametrization of network complexity, resource factor ard resource strength
(see [45]) but also allows us to control the structure of the dginal (the so-
called baseline) schedule and the associated disruptionsid the potential forms
of interventions.
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Throughout the experiments, the following parameter settings were used for
generating the test cases and subsequently lead to 16 di erg problem classes.

{ Low/High Process Complexity. This parameter determines the number of
precedence constraints among activities. Low process corgxity indicates
that there are few, whereas high process complexity means #t there are
many precedence relations de ned.

{ Low/High Resource Complexity. This setting combines both resource require-
ments and resource availability. Low resource complexity nreans that there
are many resource units available to cover low requirementsavhereas high re-
source complexity means that there are only a few resource #ties available
to satisfy high requirements.

{ With/Without Left-shifts. A left-shift corresponds to scheduling an activity
to start earlier than it did in the baseline schedule. This sdting controls
whether such starting time modi cations are permitted.

{ Tight/Wide Baseline Schedule. This setting controls the distribution of ac-
tivity starting times and the amount of slack time incorporated into the
schedule to compensate for disruptions. In a tight scheduleactivities start
at the earliest possible point in time and tend to be executedn parallel. In
a wide schedule, activities start only after a certain amoun of slack time has
passed and are therefore less likely to be executed simultaously.

The evaluated problem instances were split into two groups dpending on
their size. Small problems consist of one process with 10 &eities and large
problems consist of one process containing 100 activities.

Furthermore, 10 dierent problem instances were generatedfor each size
and each complexity class, forming a total of 320 test case&ach of the baseline
schedules was disrupted by doubling the duration of fty percent of the activities
immediately after the start of execution. Various forms of intervention were
available in the test cases to respond to this disruption. Inaddition to temporal
shifts and resource reallocations, process execution patimodi cations were also
available. The test case generator assigned one of the exein alternatives
described in Subsection 4.4 to each activity with a probabiity of P =0:1

In order to evaluate a schedule, various quantitative and gualitative charac-
teristics can in principle be taken into account (see Subseéion 5.1). In real world
situations it might be necessary to consider multiple and pdentially con icting
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objectives, typically resulting in the combined schedule galuation function '
being complex and highly dynamic (see [46] and [47] for the dtussion of related
approaches).

In our experiments, however, we decided to use a relativelyisiple objective
function for determining the tness of a schedule as the maingoal of the eval-
uation was to assess how quick the algorithm converges on sable solutions.
The rationale of the cost function used in the experiments isas follows. Every
i 2 A" has a due date ;. Costs of 1 monetary unit are assumed for each time
unit of delay per activity. In order to simulate a typical cost situation, it is as-
sumed that a schedule modi cation (such as the temporal shif of an activity or
a process variation) is comparably expensive and induces sts of 3 monetary
units. The schedules were thus optimized according to the fitowing function, in
which  denotes the number of modi cations and A corresponds to the set of
active elements inS.

X
"(8)=3 + max (0; ;i + d i)
i2A

Results. To the best of our knowledge, no public benchmark data existfor the
particular disruption management problems addressed in tlis work. A compari-
son of our algorithm with performance of existing methods isthus not possible.
The only theoretical option would be to compare the presentd x-RCPSP-speci ¢
algorithm with classical schedule optimization techniques that, however, only
take temporal shifts and resource reallocations into accout. It would therefore
be inappropriate to draw conclusions from a comparison betwen an algorithm
which is capable of considering alternative and a method thacannot.

Thus, instead of comparing our GA to an algorithm that actually solves a
di erent class of problems, we illustrate that the proposed methods facilitate
the identi cation of good-quality solutions to relatively large problem instances
in very short time. This fast convergence on optimal or at least good schedules
is thus the main criterion for the applicability of the GA in r ealistic scenarios
of operational disruption management. Furthermore, publishing the benchmark
problems and the results of this evaluation provides a basigor future compar-
isons and thereby stimulates further research in this area.

Table 8 illustrates the optimization potential that could b e obtained within a
limited period of time 2. For small problem instances, the exact optimumslF was
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Table 8. Portion of the optimization potential tapped within limite  d time

Small Large

Limit 5 sec 15 sec 5 sec 15 sec 45 sec

low 99.15%  99.63% 55.63% 70.99% 81.80%
high | 100.00% 100.00% | 65.01% 76.48% 85.65%
low | 100.00% 100.00% | 82.38% 89.21% 92.58%
high | 99.15%  99.63% 38.27% 58.26% 74.87%
yes 99.37%  99.69% 53.27% 67.16% 77.99%
no 99.78%  99.93% 67.38% 80.31% 89.46%
tight | 99.56%  99.81% 60.06% 74.64% 84.01%

Process Complexity

Resource Complexity

Left-Shifts

Baseline Schedule
wide| 99.59%  99.81% 60.58% 72.83% 83.43%

Overall 99.58%  99.81% 60.32% 73.74% 83.72%

initially identi ed using a simple deterministic procedur e. All potential schedules
that were generated using the possible activity list permutations and substitu-
tions were then evaluated using the given cost function. Theoptimization poten-
tial is de ned as the di erence between the costs associated wittthe disrupted
and unmodi ed schedule S; and ' (SlF ). The genetic algorithm was evaluated
over 10 separate test runs for each of the generated test caseThe execution
time was limited to 5 or 15 seconds respectively on a standardesktop PC3. Note
that these tight time limits should correspond to the near-real-time requirements
of practical disruption management. In each test run, the ogimization proce-
dure obtained a certain amount of the theoretically available potential. If S?
denotes the schedule resulting from 5 or 15 seconds of optigdtion respectively,
the obtained portion corresponds to%
represent average values over all test runs.

. The gures shown in Table 8

Even when using receniexact methods(see [48], for example) it is not possible
to solve hard scheduling problems of the regarded sizes in asonable time [43,
49]. Therefore, we followed a di erent strategy for the evaliation of large problem
instances. Instead of determining the exact optimum, the bet solution that could
be identi ed during (1) all conducted GA runs as well as (2) an additional 10-
minute test run was taken as the reference solutiorS! . The values in Table 8
correspond to the averageknown optimization potential that could be obtained
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within a limited period of time. Note also that an additional test lasting 45
seconds was conducted in order to illustrate the developmenof optimization
over time.

The following observations can be made based on an analysié the gures
listed in Table 8 and the detailed performance evaluation piblished online.

{ The assumption that the proposed genetic algorithm convergs on optimal
or at least good-quality solutions is plausible. In almost dl small cases the
exact optimum could be identi ed within the rst 5 seconds of optimization.
For large instances, the fact that approximately 75% of the known potential
(identi ed using more than 20 minutes of optimization) could be obtained
within 15 seconds is promising.

{ There is a high probability of obtaining a good-quality solution within a
limited amount of time. This is illustrated in Figure 6, whic h summarizes
the distribution of the obtained optimization potential fo r all 15-second test
runs on large problem instances.

The x-axis de nes 5% ranges for the obtained optimization pdential. The y-

axis shows the percentage of the identi ed solutions that fd into a particular

optimization range. The rightmost point in the gure for ins tance states that
about 33% of all identi ed solutions could obtain between 95and 100% of
the known optimization potential. The thick line links the a ctual observed
values, whereas the thin dashed line provides a corresponai exponential
approximation.

Figure 6 highlights that almost half of the test runs resulted in schedules
which could obtain at least 75% of the known optimization potential. The

probability of identifying a solution that obtains more tha n 50% of the po-
tential is higher than 80%.

{ Most of the parameters discussed for varying the test casesalve an actual
impact on the complexity of the problem and the performance & the algo-
rithm.

A high number of precedence constraints narrows the searctpace. The
more restrictions that exist, the less sequences that are Val and have to
be evaluated. Thus the genetic algorithm converges fasterigen a high
process complexity.

Resource complexity has a considerable impact on the time cpiired for
the conversion of an activity list into the corresponding sdedule. The
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Fig. 6. Distribution of the tapped optimization potential for larg e problem instances

higher the requirements and the less units that are availal#, the more
e ort that is required to identify the rst possible executi on slot for an
activity. Low resource complexity thus means that more scheules can
be evaluated and the genetic algorithm will converge faster

Restricting temporal shifts to activity postponements means that the
space of available options is narrowed. The genetic algotitm therefore
converges faster if no left-shifts of activity starting times are allowed.

The existence of slack time has no considerable impact on thepeed of
convergence in the analyzed scenarios.

{ Large improvements can be made within the rst few seconds obptimiza-
tion. This is illustrated in Figure 7, where the typical development of the
costs associated with the best known schedule is depicted thughout the
evolution of 2000 generations of 20 solutions each. Note that is this fast
convergence that makes the proposed algorithm applicablenirealistic sce-
narios of operational disruption management where decisius typically have
to be made in near-real-time.
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Fig. 7. Reduction of schedule costs during optimization

6 Summary and Conclusion

This paper proposes a comprehensive approach to modeling drsolving dis-

ruption management problems in a practical context. Based o examples from
the domain of aircraft turnaround management it was shown that standard

rescheduling techniques (such as the temporal shift of actities or the reallo-

cation of resources) does not su ce in many real-world disription management
problems and that it is also necessary to consider alternatie process execution
paths in order to optimally recover from a disrupted scheduk.

Motivated by the lack of possibilities to model these forms @ intervention
in existing scheduling frameworks, the well-established Rsource-Constrained
Project Scheduling Problem (RCPSP) was extended to meet thedemands of
such advanced forms of disruption management. We subsequtiy introduced
the concept of alternative activities and corresponding ativation states into the
x-RCPSP, which facilitate the considerations of such variations inthe process
execution path and to therefore combine planning and scheding during opti-
mization. Beside this basic extension we also provided sexed modeling patterns
which can be used as a guideline when formulating disruptiomanagement prob-
lems.

An evolutionary algorithm was proposed for incremental scledule optimiza-
tion based on the fact that in many practical situations disruption management
problems have to be dealt with in near-real-time and that Geretic Algorithms
perform well in such situations . Subsequently a Genetic Algrithm was devel-
oped for the x-RCPSP and appropriate initialization, crossover, and mutation
operators were developed.

38



The new method was analyzed in an experimental evaluation ueg exam-
ple problems have of various size, resource complexity, tidness and so forth.
Importantly, it became obvious that even for relatively lar ge problems the ge-
netic algorithm converges on optimal or good-quality solutons within only a
few seconds. This behavior of early convergence indicatekdt the presented ap-
proach is suitable for dealing with practical disruption management problems.
We therefore propose that the presented algorithm forms andeal starting point
for further extensions and improvements. One potential appoach is to make it
applicable to even larger disruption management problems sing the recently
developed Local Rescheduling technique described in [50].

Finally, a comprehensive set of publicly available test cass and benchmark
results for disruption management problems were provided Wwich we hope will
stimulate further research in the area.
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