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ABSTRACT

RESOURCE PORTFOLIO PROBLEM UNDER RESOURCE
DEDICATION POLICIES IN MULTI-PROJECT
ENVIRONMENTS

Resource related decisions are one of the important aspects of multi-project
environments, since the resource based considerations define the environment as a
multi-project problem by coupling projects with corresponding conceptual and physi-
cal constraints. The characterization of the way resources are used by the individual
projects in a multi-project environment is named as resource management policy in
this dissertation. Resource management policies can differ with respect to the envi-
ronment characteristics (e.g., geographical distribution of projects, specific resource
characteristics, etc.). Thus, to identify and characterize different properties and as-
pects of the multi-project environment, different resource management policies need
to be defined. Two different resource management policies are proposed in this disser-
tation. The first one is the Resource Dedication (RD) policy where resources cannot
be shared among projects because of the characteristics of the multi-project environ-
ment. The second policy is an extension of RD, such that renewable resource transfers
among projects are allowed when one of the projects finishes before the start of the
another one. This resource management policy is called the Relaxed Resource Ded-
ication (RRD) policy. These different resource management policies are investigated
in a problem environment such that general resource capacities are included into the
problem as another decision level. This problem is called Resource Portfolio Problem.
The main contributions of this dissertation are the definitions for RPP under different
resource management policies, corresponding mathematical models and the proposed

solution approaches for multi-project scheduling problems.



OZET

COKLU PROJE ORTAMLARINDA KAYNAK ADANMASI
POLITIKALARI ALTINDA KAYNAK PORTFOYU
PROBLEMI

Coklu proje cizelgeleme ve yonetim problemi proje cizelgeleme yazininda énemli
bir yer tutmaktadir. Kaynaklarla ilgili kararlar problemdeki farkli projeleri kisitlar
tizerinden birbirine bagladigindan, ¢oklu proje cizelgeleme problemleri i¢in 6nemli bir
olgudur. Bu doktora tezinde kaynaklarin projeler tarafindan kullanilma bi¢imini karak-
terize eden kavrama kaynak yonetim politikasi adi verilmigtir. Kaynak yonetim poli-
tikalari, coklu proje cizelgeleme probleminin 6zellikerine gore degisiklikler gosterebil-
mektedir (projelerin genig bir cografyaya dagilmig olmasi, kaynaklara ve projelere 6zel
karateristikler vb.). Bu sebepten, degigik ¢oklu proje problem cergevelerini tanimlaya-
bilmek icin, degisik kaynak yonetim politikalar sunulmahidir. Iki ayr1 kaynak yonetim
politikas1 bu doktora tezi ¢ercevesinde sunulmustur. Ilk politika Kaynak Adanmasi
(KA) politikasidir. KA politikasinda yenilenebilir kaynaklar projelere paylagtirilmak
yerine adanmaktadir Gyleki adanma isleminden sonra kaynaklar projeler tarafindan
paylagila- mamaktadir. Ikinci politika ise, KA politikasiin bir uzanimmidir. Gevsetilmis
Kaynak Adanmasi (GKA) olarak adlandirilan bu politikada yenilenebilir kaynaklar
projeler arasinda taginabilmektedir. Bu kaynak tasimasiin gerceklesgtirilmesi icin bir
projenin bitig zamaninin 6teki projenin baglangic zamanindan once olmasi gerekmek-
tedir. Bu kaynak yonetim politikalar1 genel kaynak kapasitesi kararlarini dahil edildigi
bir problem ¢ercevesinde incelenmistir. Bu problem Kaynak Portfoyii Problemi (KPP)
olarak adlandirilmaktadir. Bu doktora tezinin genel katkilar1 degisik kaynak yonetim

politikalar1 altindaki KPP tanimlari ve bunlar i¢in sunulan ¢éziim yontemleridir.
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1. INTRODUCTION

Project scheduling problem can be defined as the sequencing of the activities sub-
ject to the precedence relations and resource constraints to optimize a predetermined
objective or a set of objectives. The multi-project problem environments consist of a
number of simultaneously executed projects which are, in general, competing for a set
of common resources. In other words, different projects in the problem are coupled
with resource related constraints. The way of this coupling is defined by the resource
management (RM) policy for the multi-project environment. Apart from the resource
management policy, the multi-project environment has different aspects related with
the structure of the individual projects and activities which can affect the nature of

the problem environment drastically.

First of all, the structure of activities is an important part of the problem. The
activities can be executed with only one given predetermined recipe of resource usages
(mode) or there can be a set of recipes each having different resource usages and
corresponding durations. The first case characterizes the single mode project scheduling
problem and the second case is known as the multi-mode project scheduling problem.
In this dissertation, the projects in the multi-project environment will be of multi-mode

case.

Another important aspect of the problem environment is the structure of the
resources. There can be different types of resources in the project environment, namely,
renewable, nonrenewable or doubly constrained resources. The renewable resources are
available in limited quantities in each time period. On the other hand, if the total
consumption of a resource is constrained over the time periods then the resource is
called nonrenewable. Finally, resources are defined as doubly constrained, if both their
per-period and total consumption are limited (Talbot, 1982). Detailed information
about different resource types can be found in Demeulemeester and Herroelen (2002).

In this dissertation, only renewable and nonrenewable resources will be considered.



Finally, the problem environment we investigate is a static environment without
any stochastic component such that all the parameters in the problem environment are
deterministic (e.g., activity mode durations, resource consumptions, general resource
budget etc.). In static project environments, the project portfolio does not change for

the planning horizon.

Resource management policy is an important part of the multi-project scheduling
problems, since it characterizes the problem environment by defining the coupling
among different projects. The common resource policy applied in the multi-project
scheduling literature is Resource Sharing (RS) policy where resources can be shared
among project without any restrictions. Even though RS policy is employed in the
multi-project scheduling literature frequently, it does not cover all possible cases. We
have proposed Resource Dedication (RD) policy for the cases where resources cannot
be shared among projects because of various reasons. The most common ones can be

listed as follows:

e The characteristics of projects may not allow RS. This can be seen in various
Research and Development (R&D) projects where the development process is
highly technology intensive.

e The resource characteristics may force RD. For example, in software development
projects, it is not desired to allocate developers to different projects because of the
learning curve concept. Another example can be given as the heavy machinery
equipment for certain cases where it becomes too costly to share them among
projects because of installation.

e Another reason can be geographical limitations, where projects are distributed

across the world such that it becomes unpractical to share the resources.

Resource dedication term is used in a couple of studies in project scheduling
literature. Bianco et al. (1998) use term dedicated resources as a renewable resource
with only unit capacity, such that when an activity utilizes the resource it becomes

unavailable for other activities. This approach is different from our definition since the



dedication term refers to the one unit capacity availability which forces the resource to

be dedicated to the activity.

RD policy is extended further to Relaxed Resource Dedication (RRD) policy. In
RRD policy, a resource can be transferred among projects, when the project using that
resource is completed and another project is to start which requires that same resource.
This concept is realized in the problem environment by allowing sequential relations

between projects.

The general resource capacity will have different meanings according to the valid
resource management policy in the problem environment. In the RS policy, the general
resource capacity corresponds to the size of the shared pool for each renewable resource.
Under the RD policy, on the other hand, it corresponds to the total amount of each
renewable resource to be dedicated among the projects. In other words, resource
management policy defines the way of coupling projects via general resource capacities.
Naturally, general resource capacity values becomes an important part of the problem
because of these considerations and with the Resource Portfolio Problem (RPP), these
important considerations are included as another decision dimension of the problem,

which we believe completes multi-project problem environments conceptually.

We have investigated RPP under these two different resource management policies
which allowed us to incorporate general resource capacity decisions with the character-
istics of the employed resource management policies. The multi-project environment for
RPP under RD policy inherits different conceptual problems. First of all, the general
resource capacities must be determined from the general resource budget. We call this
conceptual problem as resource portfolio. The next step is determination of resource
dedication values from the general resource capacity values. Finally, when resource
dedication values are known the remaining problem is scheduling of individual projects
with given resource dedication values which is in fact reduces solving the Multi-mode
Resource Constrained Project Scheduling Problem (MRCPSP) for each project. The

general problem environment and inherited problems are depicted in Figure [Tl
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Figure 1.1. General problem environment.

This problem environment brings new issues in multi-project scheduling problem
and introduces further complexities to the multi-project problem. To investigate the
RPP under the RD policy, we will first look into a sub-problem, which does not include
the allocation decision of the resource budget to resources. Hence, the subproblem is
defined as a multi-project scheduling problem with given general resource capacities
under the RD policy. This sub-problem is called the Resource Dedication Problem
(RDP) in this dissertation. We use the insights gained from our research related with
RDP and employ them for the cases encapsulating further complexities emerging from

resource budget decisions and/or new resource management policies.

The dissertation is organized as follows: we will give an extensive literature re-
view for the single project and multi-project scheduling in Chapter 2l In Chapter [3]
RDP is introduced and proposed solution approaches for the problem are explained in
detail with experimental results. Chapter [ and Chapter [ present RPP under the RD
and RRD policies, respectively, with proposed solution approaches and an extensive
experimental study. We conclude and point out some possible future research topics

in Chapter [0



2. LITERATURE REVIEW

MRCPSP characterizes the individual projects in this dissertation. Therefore,
first a brief survey on MRCPSP will be given in Section 2.1l Then an extensive review

for the multi-project scheduling will be presented in Section 2.2l

2.1. Multi-mode Resource-Constrained Project Scheduling Problem

In MRCPSP, the problem environment consists of activities, resources and dif-
ferent execution modes for each activity. The resources in the environment can be
renewable, nonrenewable or doubly constrained. There can be different objectives used
in project scheduling problems but generally the most common ones are; completion

time of the project, project tardiness and net present value.

The most frequently employed mathematical formulation for MRCPSP is pro-
posed by Talbot (1982) which is an integer program. The network has an activity on
node representation with a start node and a termination node which can be dummy.
Formulation requires the calculation of early finish times and late start times for the
activities to decrease the number of decision variables for each activity. For this cal-
culation, an upper bound for the project makespan T is either suggested or calculated
with a heuristic approach. The early start and late finish values for each activity are
calculated over the time horizon T without consideration of resource constraints. The
early finish times are calculated employing the critical path method (CPM) and using
the mode with the shortest duration for activities. The late finish times are calculated
by backtracking the project network with last project having a late finish time of 7" and
using the mode with the shortest duration. This guarantees that the optimal schedul-
ing time of an activity can be represented within a relatively smaller time window. The
mathematical programming model proposed by Talbot (1982) and the corresponding
sets (Table [2T]), parameters (Table Z2) and decision variables (Table 23) are given

below.



Table 2.1. Sets for MRCPSP.

Set of activities, 7 € N

Set of modes for activity j, m € M;

Set of renewable resources, k € K

Set of nonrenewable resources, ¢ €

Set of time periods, t € T’

w8~ x|zl =

Set of all precedence relationships

Table 2.2. Parameters for MRCPSP.

Early finish of activity 7, j € N

L, Late finish of activity j, j € N

Tkt Available renewable resource k, k € K, in period ¢, t € T

rikm | Usage of renewable resource £, k € K, by activity j, j € N

with mode m, m € M;

Ww; Total available nonrenewable resource i, 7 € I, for the project

Wjim | Consumption of nonrenewable resource 4, @ € I, by activity j,

J € N, in mode m, m € M;

d;m | Duration of activity j, j € N, operating in mode m,

mEMj

Table 2.3. Decision variables for MRCPSP.

% 1 if activity j, operating in mode m is finished at period ¢
jmt
0 otherwise




Mathematical Model MRCPSP

L
min. z = Z XN: tX Nt (2.1)

meMpy t=FEn
Subject to

L;
> Y Xjm=1 JEN (2.2)

meM; t=E;
Ly L
SNt do) X = Y Y tXa YV (a,b) EP (2.3)
meM, t=FE, meM, t=E,
t+djm—1

SN X<t VEEKVEET (2.4)

JEN meM; q=t

L;
wjz'ijmt S w; V1 el (25)
IIDIDY

jGN mGM]- t:E]'

ijtE{O,l} VjGJ,VmEMjanthET (26)

The objective (Equation 2.1) is defined as minimizing the completion time of the
project schedule. Note that the resulting schedule minimizes all regular objectives for
the given scheduling problem. Constraint set (Equation 2.2) ensures that an activity is
completed exactly once. Constraint set (Equation 2.3) ensures the precedence relations
among activities. The precedence relations imposed here are of “finish to start with
no time lag” type. Constraint sets (Equation 2.4) and (Equation 2.5) enforce renew-
able and nonrenewable resource capacities, respectively. Note that renewable resource

capacities are time dependent in the above formulation.

Talbot (1982) suggests a two stage algorithm to solve MRCPSP. In stage one; the
network is relabeled using one of the proposed heuristics to determine the order of the
activities to consider for assignment. In addition to this, resources and modes are also
sorted according to some criterion to determine the general requirement for resources.

In particular, for each resource, mode, and activity the following index is calculated;



Index jjm = djy, for resource k which maximizes 7, /7%

where
Lj
M= ri/(Lj — E;+1) (2.7)
t:Ej

The resources are sorted in decreasing order by summing these indices over all
activities and modes. For sorting of modes, different rules are used according to the
selected objective function. For example, if the objective is minimizing the makespan,

then modes are sorted in increasing duration.

After these labeling of activities, resources and modes, one can proceed to stage
two. In stage two, an implicit enumeration algorithm is used to develop a complete
feasible schedule by using partial feasible schedules. First of all, activities are considered
in increasing order of one of the given scheduling rules (e.g. minimum slack). The
algorithm finds feasible solutions for the activities until an activity cannot be scheduled
because of predecessor relations, resource constraints or its late finish time, L;. At this
point, a backtracking procedure is applied and the most recently selected activity is
scheduled to a later time in order to free resources. This procedure is applied to all
activities and modes till an improved solution is found or optimality is verified which
is done in one of these two conditions are satisfied: either all possible job assignments
have been explicitly or implicitly evaluated, or a solution is found which is equal to a

proven theoretical bound such as the Critical Path Length (CPL).

Another solution approach for MRCPSP is proposed by Sprecher et al. (1997).
The resources considered in the problem are renewable, nonrenewable and doubly con-
strained. The proposed methodology is a special branch and bound (B&B) procedure
for the problem. Each node in the B&B tree is expressed by a time instant which can
be the start time for any activity. In other words, a branch is created for the early
finish time of the processing activities. On each node, a set of eligible activities is

constructed. This set contains currently active activities and the activities that are



delayed on previous branches. For such activities a mode is selected and if there is a
resource conflict resulting from this mode selection, then a minimal delay activity is
selected from the eligible set. A set is called a minimal delay set when another eligible
activity cannot be added to the set by maintaining resource constraints. After that, a
branch for the next level is created. If a complete schedule is created, then the next
minimal delay alternative is considered. On the other hand, if the procedure returns to
a level where all minimal delay alternatives are searched, then next mode alternative

is selected.

There are different bounding rules proposed by Sprecher et al. (1997). Here,
only the bounding rules which result with fathoming a branch will be explained. First
one is associated with the time windows for activities. If an activity is assigned a
starting time later than its late finish time, then the current partial schedule can not
be completed with a total makespan less than the upper bound. Thus, this branch
is fathomed. The second one is nonrenewable resource consumption of activities. If
the total nonrenewable resource usage of the already assigned activities and minimum
nonrenewable resource usage of unassigned activities exceeds any resource capacity,
then that partial schedule is infeasible and the branch is fathomed. The study of
Sprecher et al. (1997) is extended with new bounding rules by Sprecher and Drexl
(1998).

Since an exact solution for MRCPSP is hard to obtain, there are various heuristic
approaches to the problem in the literature. The first group of the heuristics is generally
priority rule based heuristics where a set of rules are applied to the problem to efficiently
obtain a feasible solution. One of the earliest rule based heuristic study is proposed by
Boctor (1993). The general scheme of the proposed approach is quite simple where the
objective is taken as the project makespan. If there are still non-scheduled activities,
then the algorithm advances to the nearest point where there are some non-allocated
resources and for that point the available activities are determined. From that activities
list, the activity with the highest priority is selected and from the feasible modes
of the corresponding activity, the mode with the highest priority is selected. The
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activity selection rules used in the study are minimum total slack, minimum late finish
time, maximum number of immediate successors, maximum remaining work, maximum
processing time, minimum processing time, maximum number of subsequent candidate.
For mode selection these following rules are used: shortest feasible mode, least critical
resource and least resource usage ratio. These rules are applied to different problems
and results are evaluated with the deviation from the critical path solution, percentage
increase over the CPL and the number of times the procedure has obtained an optimal
solution. The results show that none of the rules is consistently successful over all
experiments, but overall, min slack and shortest feasible mode combination were the

most successful.

Another priority rule based heuristics approach for MRCPSP is proposed by
Lova et al. (2006). In this study, authors only considered renewable resources and the
objective is minimizing the project makespan. In addition to the priority rules for
activity selection in Boctor (1993), there are seven more rules designed for the same
decision. Since the computation time of a selection combination for a given problem is
relatively small, the authors propose a multi pass scheme. For an s multi pass heuristic,
s different rule combinations are considered and the rule combination giving the best

results is selected.

The second group of heuristics is meta-heuristics, usually Genetic Algorithm
(GA), Simulated Annealing (SA) or Tabu Search (TS) applications. Mori and Tseng
(1997) propose a GA application for MRCPSP. The objective is to minimize the project
duration and only renewable resources are considered in this study. Another impor-
tant aspect of the proposed GA is the usage of the scheduling order intervals. For each
activity, a scheduling interval is determined by forward and backward tracking. The
start point of the interval is calculated with forward tracking and it is the order of
the activity, if it does not have any predecessors and one plus maximum of end points
of its predecessors otherwise. The end point of the interval is calculated with a back-
ward tracking and it is the order of the activity, if it does not have any successors and

one minus minimum of end point of its successors otherwise. The chromosome shows
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the selected mode for the activity (selected randomly), scheduling order interval and
scheduling order (selected randomly between start and end points of scheduling order).
Thus, it is not necessary to use a transformation procedure or scheduling builder. The
fitness of a chromosome is measured by the project duration. Also note that only
the resource and precedence feasible solutions are considered. The execution of GA
is carried out applying the following steps. In initialization, a number of individu-
als are created by randomly assigning modes and scheduling orders. If a schedule is
feasible, then it is included in the population. This procedure is executed until a pre-
determined number of feasible solutions are generated. The population is always sorted
in ascending order of their project durations. For crossover, the best individual and a
random one are selected. Then an activity is selected randomly. The activity string
from that selected activity to the dummy start activity is taken from the individual
which has the interval with the smaller start point. The missing activities are taken
from the other individual. For mutation operation, an individual is selected randomly
and random modes of a random number of activities are changed randomly. The ex-
perimental results show that GA gave better results than priority rule and stochastic

based assignment procedures.

Hartmann (2001) proposes a GA for MRCPSP with renewable and nonrenewable
resource types. The fitness calculation of the individuals allows the consideration of
resource infeasible solutions in the algorithm. In case of violation of nonrenewable
resource capacities, this total nonrenewable resource capacity violation is calculated
and then the fitness value of the individual is set to maximum project duration limit
plus the violation. Otherwise the fitness value is simply the project duration. Note that,
a feasible individual always has a lower fitness value than an infeasible one with this
fitness calculation approach. The chromosome representation of a solution is simply
the order of scheduled activities and their selected modes in a two dimensional array.
Schedule generation from this representation is fairly easy by assigning the activities
with their selected modes as early as possible. Before executing the GA, a preprocessing
procedure is applied on project data based on the bounding rules given in Sprecher

et al. (1997). The initial population is generated by randomly selecting order of the
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activities and mode assignments such that they are always precedence feasible but they
might be nonrenewable resource infeasible. For crossover operation, two individuals are
selected randomly and then two children are generated by taking the partial scheduling
order from one parent and using the order of the remaining activities from the other
one, the mode assignments array is not changed in this procedure. Mutation is applied
to newly generated individuals. First, the order of an activity is changed with one
of its immediate neighbors keeping the mode assignment; and secondly, the mode
assignment of an individual is changed with a given mutation probability. For selection
of the next generation, the population is ranked according to fitness values and the
fittest individuals are selected. On top of these operators, a local search procedure
is also used. The local search technique is left shifting the activities by changing
their mode assignments, if this move is feasible. This heuristic can be applied as a
single pass or a multi-pass procedure. In the preliminary experiments it is seen that
multi-pass heuristics do not improve the results of single pass heuristics. With an
extensive experimental design, it is seen that the proposed GA outperforms the rule

based heuristics and gives comparable results with other meta-heuristic approaches to

MRCPSP.

Another meta-heuristic application for MRCPSP with renewable and nonrenew-
able resources is proposed by Jozefowska et al. (2001), which is a SA approach to the
problem. There are a couple of important parametric considerations in the study. First
of all, the initial temperature is calculated by using the number of cost decreasing and
cost increasing transactions. Another one is the Markovian approach for the cooling
scheme. The temperature is decreased with the standard deviation of the changes in
the objective function value and a control parameter for the amount of decrement. The
solutions are represented by a two dimensional list; one for the activities and one for
their mode assignments. The resource infeasible solutions are included in the solution
procedure with a similar approach as given by Hartmann (2001). Neighborhood gen-
eration is done in three different ways. First one is changing the scheduling order of an
activity. To do this, an activity is selected and its nearest successor and predecessor

are found. Then the activity is moved randomly between its nearest successor and
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predecessor and all activities are shifted left or right accordingly. The other method is
randomly changing the mode assignment of an activity. The last one is the combination
of these two methods. The numerical results show that the proposed approach does

not give competitive results when it is compared to the results reported by Hartmann

(2001) and Bouleimen and Lecocq (2003).

The SA approach of Bouleimen and Lecocq (2003) gives promising results for
MRCPSP with renewable and nonrenewable resources. The solution representation is
simply a two dimensional array; one for order of the activities and the other for mode
selection of the activities. From this representation it is easy to generate a schedule by
using a serial schedule generation scheme Kolish et al. (1995). The objective function
is taken as the project duration. The proposed SA algorithm is based on a two stage
approach. A neighborhood is generated with two different exploration techniques; one
for the activities and one for the modes. Basically, with an outer SA iteration, a mode
neighborhood is searched. The search is simply carried out by changing mode assign-
ments of activities with feasible assignments. When a solution is accepted with a mode
change, then an activity neighborhood search is executed. For activity neighborhood,
simply order of an activity is changed considering the feasibility of the new assignment.
Mode neighborhood acceptance is carried out with a probabilistic approach whereas
activity neighborhood solutions are accepted only when they result in an improved
solution. With this two stage neighborhood search, a better exploration of the solu-
tion space is achieved. Note that the neighborhood solutions are always feasible. In
addition to these modifications, the authors generate a number of initial solutions to
achieve a differentiation in the initial solutions used. Finally, they use another pa-
rameter to determine the iteration limit of both neighborhood searches which is also
cooled during the run of the algorithm. The experiments carried out by Jozefowska et
al. (2001) show that the study of Bouleimen and Lecocq (2003) gives most promising
results for the MRCPSP.

Alcaraz et al. (2003) propose a GA for the MRCPSP with renewable and non-

renewable resources. The solution representation of the GA differs from the other
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meta-heuristic applications in the literature. The order of the activities and modes are
represented by the conventional two dimensional array. In addition to this array, there
is a label in all the chromosomes which states the direction of scheduling generation
scheme; forward or backward. In forward schedule generation, activities are scheduled
according to the given order and precedence graph. In backward schedule generation,
activities are scheduled with the given order on the reversed precedence graph. In other
words, an activity is scheduled in backward scheduling scheme, if all its successors are
scheduled. These two schemes can give different schedules because of the left or right
shifts. The fitness value is the makespan, if the solution is resource feasible. On the
other hand, if the solution is resource infeasible, the fitness value is calculated as the
sum of three components; the deviation between the feasible maximum makespan and
possible minimum project makespan (by selecting the least duration modes without
considering resource limitations) of the infeasible solution at hand, the over usage of
the resources and finally the obtained objective function. The crossover operation is
carried out by using the forward or backward label to determine the relative order of
the activities. Two different moves are consecutively applied for; changing the order of
the activities and changing the assignment of the modes. Experimental results show
that the proposed algorithm generally gives competitive results with the recent studies

of Hartmann (2001) and Jozefowska et al. (2001).

Mika et al. (2005) propose a tabu search for MRCPSP with positive discounted
cash flows where a positive cash flow is associated with each activity. Four different
payment methods are considered in the problem environment: lump-sum payment at
the completion of the project, payments at activities’ completion times, payments at
equal time intervals and progress payments. A SA and a TS algorithm is proposed
each of which uses the same neighborhood search moves. The first move is changing
the assignment of an activity in the activity list and the second move is changing the
selected mode of an activity. A combined move which changes the assignment of an
activity and its selected mode is also defined. The tabu list includes the reverse of
the moves executed which cannot be applied if inspiration criteria (the move results

with a better objective value) is not satisfied. An extensive experimental research is
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conducted with different payment methods for both of the solution approaches.

Mika et al. (2005) investigates MRCPSP with schedule dependent set-up times.
In this problem a set-up is required when resources in different locations are assigned
to an activity. In this case, the time required for the set-up occurs because of the
preparation of required resources which can be in different places. A TS algorithm is
proposed for solution approach where a solution is represented with three lists: one for
activity sequence, one for mode assignments of activities and finally one for locations of
activities. The neighborhood search moves are based on changing these lists. Tabu list
is updated similar to study of Mika et al. (2005). Proposed TS approach is compared

with improvement heuristics and random sampling.

In Table 2.4] a summary of the literature for MRCPSP is given.



Table 2.4. The summary of literature review for MRCPSP.

Authors Objective | Solution Approach | Notes

Talbot (1982) Makespan |A two stage heuristic | A new mathematical formulation for MRCPSP
Sprecher et al. (1997) Makespan |B&B procedure Suggested different bounding rules

Sprecher and Drexl (1998) | Makespan |B&B procedure Extended work of Sprecher et al. (1997)

Boctor (1993) Makespan |Rule based heuristic |Rules for activity and mode selection

Lova et al. (2006) Makespan |Rule based heuristic | A multi pass scheme

Mori and Tseng (1997) Makespan | Genetic algorithm Forward-backward tracking for scheduling intervals
Hartmann (2001) Makespan | Genetic algorithm Infeasibility is allowed

Jozefowska et al. (2001) Makespan |Simulated annealing | A two dimensional list for activity and mode selection
? Makespan |Simulated annealing |A two stage neighborhood search

Alcaraz et al. (2003) Makespan | Genetic algorithm Forward-backward schedule generation

Mika et al. (2005) NPV Tabu search A combined neighborhood search

Mika et al. (2005) Makespan | Tabu search Includes sequence dependent set-up times
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2.2. Multi-project Scheduling

The multi-project scheduling problem consists of several projects where the in-
dividual projects have the characteristics defined in Section 2.1. The literature for
multi-project scheduling is summarized in three parts. The first part is related with
studies which basically deal with multi-project scheduling problem under RS policy.
The second part presents resource related works, since the problem under consideration
includes the determination of resource levels (capacities) subject to a given total bud-
get. The last part of this Section introduces the studies related with different resource

management policies beyond RS policy.

2.2.1. Multi-project Scheduling under the Resource Sharing Policy

Most of the studies in the multi-project scheduling literature employ Resource
Sharing policy. In this policy, the general resource pool of the multi-project environ-
ment can be shared among projects without any restrictions or additional costs. In
other words, the allocated renewable resource for individual projects can vary through-
out the time periods, which implies a resource flow among projects. This approach
allows application of different solution approaches to the problem. For example, a
common approach is combining all projects into a big project network and attending
the problem with well known single project solution approaches with minor modifi-
cations. This can easily be done by adding a dummy start node such that the start
nodes of all projects that do not have any predecessors are assigned as successors of
this dummy start node. Further, a dummy end node is added such that the end nodes
of all projects that do not have any successor nodes are assigned as predecessors of this

dummy end node.

The mathematical model for RPP under the RS policy and the corresponding
sets (Table 23], parameters (Table [Z6) and decision variables (Table 7)) are given

below:



Table 2.5. The sets for RPP-RS.

Set of projects, v € V

Set of activities of project v, j € J,

Set of all precedence relationships of project v

; | Set of modes for activity j of project v, m € M,,

Set of renewable resources, k € K

Set of nonrenewable resources, ¢ €

S|~ g|m s s

Set of time periods, t € T'

Table 2.6. The parameters for RPP-RS.

E,; Earliest finish time of activity j of project v

Ly; Latest finish time of activity j of project v

dyjm | Duration of activity j operating on mode m

Tvikm | Renewable resource k£ usage of activity j of project v, operating
on mode m

Wyjim | Nonrenewable resource 4 usage of activity j of project v, operating
on mode m

dd, Assigned due date for project v

Cy Relative weight of project v

Cry Unit cost of renewable resource k

cw; Unit cost of nonrenewable resource i

th Total resource budget

18



Table 2.7. The decision variables for RPP-RS.

19

1 if activity j, operating on mode m in project v is finished
Xojmt at period ¢
0 otherwise
TC, | Weighted tardiness cost of project v
Ry, Total amount of required renewable resource k
W; Total amount of required nonrenewable resource ¢

Mathematical Model RPP-RS

min. z = ZTC‘U

veV
Subject to

Ljy
> ) Xym=1 VjeN,andVveV

mEMvj tZEvj

Lva

Ly
Z Z (t - dvbm>vamt > Z Z thamt

mEMUj t:Evb

YV (a,b) € Pand Vv eV

mEMUj t:Eva

t+dvjm —1

ZZ Z Z rvjkavjquRk Vk’EKthT

veEV jEN, meM,; q=t

Ly
Z Z Z Z WyjimXvpjmt < Wi Viel

veV jeNv mGMU]- t:Evj

chim + Z C’f‘kRk S tb

el

keK
L

TC, > Cyf i > tXynm —dd,) VYveV

t=FE,Nn mEM,n

Xymt €{0,1} VjeJ VteT,VmeMy;adVveV
Ry, W;, TC, € Zt VoveV,Vke KandViel

(2.8)

(2.9)
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Objective function (Equation 2.8) minimizes the total weighted tardiness cost
over all projects. Constraint (Equation 2.9) ensures that all activities are scheduled
once and only once for all projects. Constraint (Equation 2.10) implies predecessor
relationships for all activities of all projects. Constraint sets (Equation 2.11) and
(Equation 2.12) limit the renewable and nonrenewable resource usage and consumption,
respectively. Note that in the mathematical programming model RPP-RS, all activities
of all projects share the same resource pool represented by constraints (Equation 2.9)
and (Equation 2.10). In constraint (Equation 2.13) the cost of the general resource
pool is limited with total budget. The weighted tardiness values for individual projects
are calculated in constraint set (Equation 2.14). Finally constraints (Equation 2.15)

and (Equation 2.16) define feasible ranges for decision variables.

The renewable resource utilization of projects in a shared resource environment
will change during the project duration but it will be restricted with the determined
total resource capacity. In Figure 2.1 below, it can be seen that the utilized resource

values during the project duration change from period to period for projects.

Resource
40 30 20
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.....
30 — P2
70 — s — o —
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40
40
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20
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10
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Figure 2.1. Example of resource allocation under shared resource policy.

One of the first studies on multi-project scheduling is a general integer program-

ming formulation proposed by Pritsker et al. (1969). The proposed formulation covers
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most of the aspects of multi-project scheduling like renewable resource constraints,
multiple modes and preemption. The terminology in the paper is as follows. Jobs
are individual operations which require a set of resources and they can be executed in
different ways. Jobs in turn form projects and can have precedence relations among
themselves. Projects have due dates and earliest and latest possible completion times.
This setting can be easily converted to a multi-project environment with multiple modes
and renewable resource constraints. The proposed formulation and the corresponding

sets (Table 28)), parameters (Table 29 and Table 2.10) and decision variables (Table
[2.17)) is given belows;

Table 2.8. The sets for multi-project scheduling formulation.

V| Set of projects, v =1...|V|

N, | Set of jobs, j =1...|N,| for project v

K | Set of resources, k =1...|K|

P, | Set of jobs that must immediately precede job n of project v

Table 2.9. The parameters for multi-project scheduling formulation.

G, | Absolute due date defined for project v

g» | Desired due date for project v (project v is not late if it finishes before

or on g,)

u, | Earliest possible period in which project ¢ could be completed, v € V'

ayj | Arrival of job j, j € N, of project i, t € G, (arrivals occur at the

beginning of periods)

d,; | Number of periods required to perform job j, j € N, of project v,
1eV

ey; | The earliest possible period in which job j, j € NN;, of project v,

v € V, can be completed
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Table 2.10. The parameters for multi-project scheduling formulation (cont.).

ly; | The latest possible period in which job j, 7 € N;, of project v,

v € V, can be completed

ryik | Amount of type k resource required by job j, j € N,, of project v,
1eV

gree | Amount of type k, k € | K|, resource available in period t, t € G,

pwt | Total tardiness cost incurred when project v, ¢ € I, is completed in

period t, t € G,

Table 2.11. The decision variables for multi-project scheduling formulation.

1 if job j in project v is completed in period ¢
ijt
0 otherwise

1 if all jobs of project v are completed before period ¢

0 otherwise

Note that decision variable Y,; takes a value of one for all periods following the period

in which all jobs of the project 7 is completed.

Mathematical Model MPS2

G;
z = minz Z pir(1 — Yi) (2.17)

i€l t=gi+1
Subject to
Lij
 Xy=1 VielandVjelJ (2.18)
t=e;;
t—1
Y, < (1/NZ)Z Z Xijq VYveVandt=u;,u1,...,Gy (2.19)
JEN; g=e;j
Y Xt din <Y tXiy YnENVmMEDPR, (2.20)

t:eim t:em
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t+d;;—1
>3 rpXyy<gru VteTandVkeK (2.21)
el ]GNZ qzt
X, €{0,1} VoveV,VjeJandt=1,2...,G, (2.22)
X €{0,1} VveVandVt=12...,G, (2.23)

Objective function (Equation 2.17) ensures that the total tardiness cost is mini-
mized. Constraint (Equation 2.18) stands for job assignment whereas constraint (Equa-
tion 2.19) ensures the completion of a project. Constraint (Equation 2.20) satisfies
precedence relations between jobs in a project. Constraint (Equation 2.21) limits re-
source usage with the given capacity. The mathematical model given above can be
defined in a simpler way by eliminating Y;; decision variables and using the decision
variable X;;; corresponding to the last operation of projects. But to generalize the
mathematical model for other concerns like preemption, authors choose this way of
formulation. Substitution of resources or different modes for jobs is defined by creating
decision variables for each mode and ensuring that only one of the modes will be ac-
tive. Job splitting is applied by defining two different jobs that can not simultaneously
be carried out. The proposed integer program is compared with priority rule based

heuristics and it is seen that it can find an optimal solution for small problems.

Kurtulug and Narula (1985) analyze the tardiness cost performance of scheduling
rules for multi-project problem with different weights for projects. Note that in this
study, activities have only one execution mode. The important aspect of the study is
that the authors clearly show the distinction between solving the problem by combining
projects into a large single project and solving them separately under the proposed
objective functions. To see this, define; C'T; as the resource-constrained completion
time of project 7, C'P; as the unconstrained completion time of project ¢ and finally M

as the total number of projects.

The objective used for the multi-project approach;

M
=> (CT,—CP) (2.24)
=1
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The objective used for the single project approach;
z = max C'T;—max CP, (2.25)

It is clear that these two different objective functions, (2.24) and (2.25) will give
different schedules. The authors investigate the behavior of different scheduling rules
for equal weight and unequal weight cases. Some of the scheduling rules used in the
paper are weighted duration, maximum penalty and minimum total work content. In
addition to this, Kurtulug and Narula (1985) propose various parameters for the char-
acterization of the project networks like Maximum Load Factor (MLF) and Average
Utilization Factor (AUF) which are commonly used to characterize project networks
in the project scheduling literature. Apart from these summary measures related with
the characteristics of activities, the penalties for projects are defined with different
functions which are related with the total work content and the critical path. It is
observed that the scheduling rules behave distinctively for different ranges of the above

defined project network characterizing parameters.

Authors generate a large number of problems which have different characteristics
based on the summary measures and penalty functions. An experimental design is ap-
plied on the problem setting. Under unequal penalties, Maximum Penalty (MAXPEN)
gives the best results. MAXPEN is followed with a large margin by Shortest Activity
from Shortest Project (SASP). The results for equal penalties show that SASP and
Minimum Slack (MINSLK) are close best rules.

Tsubakitani and Deckro (1990) apply the scheduling rules for multi-project prob-
lems proposed by Kurtulug and Narula (1985) by creating an applicable framework for
housing industry. First of all, the characteristics for the different projects of housing
industry are determined by the measures proposed by Kurtulug and Narula (1985)
which in turn determine the specific scheduling rules used for the different settings.
The proposed framework includes an update scheme for the ongoing projects which

enables rescheduling.
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Lawrance and Morton (1993) propose resource pricing based priority heuristic
rules for multi-project scheduling. The aim is minimizing the total weighted tardiness
cost of projects where weight is defined as the relative importance of a project. The
heuristic rules are generally based on the following equation adopted from the well

known Rachamadugu and Morton (R&M) rule;

Project Weight x Activity Urgency

Activity Priority = (2.26)

Implicit Remaining Project Cost
Rachamadugu and Morton (R&M) rule is modified to employ the above formu-

lation as follows:

W; Ly —t)"

7T2'j

where P;; is the priority of activity j of project 4, p is the average processing duration of
all activities, m;; is the imputed resource cost of activity j of project ¢, k is a look-ahead
parameter and [;; is the late start time of activity j of project ¢ as calculated in the

unconstrained version of the scheduling problem and W; is the weight of the project.

The proposed priority rule is tested against more than 20 benchmark heuristics
after a series of parameter estimation experiments. The experiments show that the
different resource pricing heuristics do not differ significantly among themselves but

give better results compared to the benchmark heuristic rules.

Speranza and Vercellis (1993) propose a two stage approach for multi-project
scheduling where all the projects can have precedence relations among themselves. The
first stage of the approach aims to define projects as “activities” with multiple modes,
where each mode is determined by solving a mathematical model for the project with
a given budget that yields a finish time for the project. The authors assume that a set
of possible budget limitations for a project can be estimated which in turn constitute
different modes for a project, which are called macro modes. The network formed in

this manner is expressed as an RCPSP where the objective is the maximization of the
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net present value. The solution to this problem gives the required start and finish times
of the projects, and the total nonrenewable and renewable resource capacities that a
project can use in a given period. In the second stage of the framework, this information
is used for detailed scheduling of individual projects for makespan minimization, and
the activity mode assignments of each project within the given amount of renewable and
nonrenewable resources are obtained. It has been shown by Hartmann and Sprecher
(1996) that the exact solution procedure by Speranza and Vercellis (1993) might not
lead to an optimal solution for two or more renewable resource types and for instances
with nonrenewable resources it might not even reach a feasible solution. Speranza
and Vercellis (1993) carry out an experimental study with real world data from a
construction company. Generally, the execution time is determined by the number
of macro modes defined. To find a good trade-off between the solution quality and
execution time authors conduct an iterative approach by increasing the number of

macro modes till a reasonable result is obtained.

Work of Speranza and Vercellis (1993) is extended by Can and Ulusoy (2011). For
macro mode generation, a new mathematical formulation is proposed where the results
of macro mode generation model of Speranza and Vercellis (1993) is used. Macro-
project scheduling phase is improved with different procedures. First of all, the time
horizon is determined with a mathematical model which directly decreases number of
decisions for macro-project scheduling phase. Another improvement is achieved with a
post-processing procedure which distributed the left over renewable capacity. To solve
the macro-project scheduling problem, a GA is proposed. Note that this GA also is
used for initial solution generation for exact solution approaches. The reported test
results show that the modifications and new procedures proposed for the problem are

efficient.

Another hierarchical approach for multi-project scheduling is proposed in Kim
and Leachman (1993). The problem environment consists of multiple projects with
both renewable and nonrenewable resource constraints. The scheduling of activities is

based on project selection and activity selection from the selected project. The overall
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scheduling procedure is an iterative one. It starts with an initial early and late finish
times for projects and updates these values at each iteration. The procedure iterates

till predetermined value is reached for the total weighted tardiness over all projects.

Yang and Sum (1997) approach the multi-project scheduling with various consid-
erations such as due date assignment, resource allocation, project release and activity
scheduling. The authors see multi-project problems as a dual level management prob-
lem in a dynamic environment where new projects arrive during the execution of the
current set of projects. The problems in the first level are related with individual
project scheduling tasks, which are activity selection and resource allocation. The
upper management decisions are related with release dates of projects and due date
assignments. For these problems the authors propose priority rules. For due date as-
signment, workload related and CPL related priority rules are defined. The release of
projects is handled by limiting the number of active projects. Yang and Sum (1997) is
one of the first studies that pointed out RS assumption is not a strong generalization

in multi-project scheduling.

Lova et al. (2000) study multi-project scheduling with different objectives at dif-
ferent levels. The authors’ approach to the problem consists of two levels and two dif-
ferent objective types associated with each level. First, the problem is solved with the
objective of minimizing mean project duration or maximum project duration; namely,
time related objectives. A forward-backward heuristic is applied to achieve these ob-
jectives. With a starting feasible solution, activities are left and right shifted according
to different priority rules for different objectives. When no further improvement can
be achieved with forward-backward heuristics, resource related objectives are consid-
ered and heuristics such as maximum total work content are applied to minimize idle

resources and to achieve resource leveling.

Gongalves et al. (2008) use a GA approach to multi-project scheduling problems
where only renewable resources are considered. The basic approach of the authors

is combining all activities of the projects into a big project network and solving this
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combined project network using GA. The chromosome structure is different from the
generally used structures in the project scheduling literature. The genes corresponding
to activities are priority coefficients for the activities and are used in the schedule
generation procedure. In addition to these genes, there are different genes for delay
times of activities and start times for individual projects for schedule generation. The
performance measure of an individual in the GA is a composition of tardiness, earliness
and deviation of project flow time from the makespan calculated for the unconstrained

case using CPM.

Mittal and Kanda (2009) propose a two-phase heuristic for multi-project schedul-
ing. Activities do not have alternative modes and only renewable resources are present.
The objective is minimizing the makespan and deviation from CPL. The rationale be-
hind the two-phase heuristic is the distinction between project and activity selection.
Basically, project selection is done first (phase one) and an activity is selected from
the selected project (phase two) with defined priority rules for both project and ac-
tivity selection. The priority rules for activity selection are the common priority rules
used in the literature like minimum duration or minimum slack. The priority rules
used for project selection are CPL, remaining CPL, total work content and total work

remaining.

The literature for multi-project scheduling is summarized in Table 2.12] below.



Table 2.12. The summary of literature review for multi-project scheduling.

Authors Objective Solution Approach | Notes

Pritsker et al. (1969) Total project duration Exact Presents a general formulation

Kurtulug and Narula (1985) Weighted tardiness Rule based Presents different measures for multi-project scheduling
Tsubakitani and Deckro (1990) | Makespan Rule based An application for the study of Kurtulug and Narula (1985)
Lawrance and Morton (1993) | Weighted tardiness Rule based Based on Rachamadugu and Morton rule

Speranza and Vercellis (1993) | NPV and makespan Two stage Introduced macro mode concept

Can and Ulusoy (2011) NPV and makespan Two stage Extended macro mode concept

Kim and Leachman (1993) Makespan Rule based Tterative approach

Yang and Sum (1997) Due date based Rule based Introduces a dynamic environment

Lova et al. (2000) Makespan and resource leveling | Rule based A two stage approach

Gongalves et al. (2008) Due date based Genetic algorithm Activity priority based chromosome structure

Mittal and Kanda (2009) Makespan Rule based A two-phase approach
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2.2.2. Resource Related Decisions in Multi-Project Scheduling

In this Section, the studies addressing the determination of resource requirements
of projects and other resource related concerns such as rough-cut capacity planning or

resource availability cost problem are presented in detail.

Resource related decisions are an important part of the multi-project schedul-
ing problems since the coupling of individual projects in the problem environment
generally is achieved with the resource related constraints. Although studies in multi-
project scheduling literature generally assume predefined general resource capacity set,
the multi-project problem environment considered in this dissertation includes the de-

termination of resource levels (capacities).

Méhring (1984) investigates the resource requirement problem for project schedul-
ing with a graph theoretical approach. The author defines two important problem
classes for project scheduling. The first problem, problem A, is defined as a problem of
scarce resources where the objective is finding the shortest project time with a given
amount of resources. The second problem, problem B, is defined as a problem of scarce
time where the objective is finding the least cost resource requirements within a given
project duration. The author uses graph theory to represent and solve these project
scheduling problems. Apart from the solution methodologies for these problems, the
important part of the study is the realization of the interaction between the two dif-
ferent problems. Since solution procedures for problem A have a better algorithm
behavior, one can find better solution procedures for problem B, if a way of transfor-
mation can be found among the problems. The author notes that the objective of
problem A is presented as a constraint in problem B and vice versa. Using this ratio-
nale, a special “dual” relation between these two problems is defined and used in the
solution procedures proposed. Note that, the problem under study in this dissertation

is of the form of problem A.
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Another study in the form of problem B is presented by Demeulemeester (1995)
and it is defined as resource availability cost problem (RACP). The general idea is
determining the least cost resource requirements for a single project scheduling prob-
lem. The proposed formulation for RACP is similar to the formulations for resource
constrained project scheduling problem (RCPSP) with the basic differences being in
the objective function and in the constraint for project duration. The solution method-
ology proposed for RACP is based on decision problems defined with resource limits.
These definitions serve as cuts for the feasible region for the problem, and the algo-
rithm employs efficient capacity points (resource availability value in the solution that
is greater than the other resource availabilities) to obtain the optimal solution. The

experiments have demonstrated that the solution procedure is very effective.

An approach dealing with the determination of resource requirements of projects
is the rough-cut capacity planning (RCCP) for a multi project environment. A recent
example is provided in Gademann and Schutten (2004). It is assumed that a project can
be broken into jobs that stand for activity groups, which are not known yet. For each of
these estimations, a precedence relation structure is constructed. In addition to this, a
multi-project environment is modeled as a single project problem with all the estimated
activity groups. Two variants of the RCCP problem are defined in line with Problem A
and B, namely resource driven and time driven. In the resource driven RCCP, only the
regular capacity can be used and the objective is minimizing the total lateness. In the
time driven RCCP, a project delivery time is to be met by determining the non-regular
capacity (i.e., the additional capacity beyond the already available capacity) and the
objective is minimizing the cost of this non-regular capacity. The authors propose a
linear program for the time driven RCCP problem. The model allows for precedence
infeasible solutions and preemptions and heuristic procedures are proposed to repair
such solutions. To overcome the precedence infeasibility, the mathematical model is
changed slightly to determine the time windows for activities to ensure feasibility. The
solutions of the modified linear program are improved by local search heuristics based

on dual relations between the time windows and the decision variables.
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2.2.3. Multi-project Scheduling under Different Resource Management Poli-

cies

Even though RS policy is a very common assumption in the multi-project schedul-
ing literature , there are studies pointing out this issue and /or propose different resource
management heuristics. Yang and Sum (1997) was one of the first studies underlining
the weakness of generalizing RS policy. Apart from that, Kriiger and Scholl (2008)
classified different resource transfers for different multi-project environments. Authors
defined three different approaches for dealing with resource transfers; transfer neglect-
ing, transfer reducing and transfer using approach. Transfer neglecting approach is
conceptually RS policy where there is not any restriction on resource flow between
projects whereas transfer reducing approach does not allow RS and resources are ded-
icated to projects. And finally in transfer using approach resources can be transferred
between projects with explicit costs. Note that the individual projects in the problem
environment inherit the characteristics of an RCPSP. The transfer using approach is
further investigated in Kriiger and Scholl (2009). Authors propose different heuristic
rules for the parallel and serial scheduling schemes modified for the resource transfer

concept.
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3. RESOURCE DEDICATION PROBLEM

3.1. Problem Definition and Mathematical Model for Resource Dedication
Problem

RPP is a complex problem with different conceptual problems it inherits; deter-
mination of general resource capacities from the general resource budget, dedication of
resource to projects and scheduling of individual projects with the given resource ded-
ication values. Thus, to understand the nature of the problem, first we have narrowed
the problem domain and tried to identify the characteristics of RD policy by exclud-
ing resource portfolio part (determination of general resource capacity values from the
general budget). The multi-project scheduling problem with the given general resource
capacities under the RD policy is called the Resource Dedication Problem (RDP) in
this study. The basic aim of defining and solving this problem is to gain insights for

RD policy and employ these to RPP under the RD policy.

RDP is the dedication of a set of limited resources to a set of projects in a multi-
project environment in such a way that individual project schedules would result in
an optimal schedule for a specified objective. Here, the objective is the minimization
of the total weighted tardiness over all projects. Once the resources are dedicated to
individual projects, they are not anymore allowed to be shared with the other projects
and the problem becomes solving an MRCPSP for each project with the dedicated
resource amounts. The proposed formulation for RDP and the corresponding sets

(Table B.1]), parameters (Table B.2]) and decision variables (Table B3)) are given below;



Table 3.1. The sets for RDP.

N | Set of activities, j € N

M; | Set of modes for activity j, m € M;
1 Set of nonrenewable resources, ¢ €
P | Set of all precedence relationships
T, | Set of time periods for project v

Table 3.2. The parameters for RDP.

E,; Earliest finish time of activity j of project v

Ly; Latest finish time of activity j of project v

dyjm | Duration of activity j operating on mode m

Tvikm | Renewable resource k£ usage of activity j of project v, operating
on mode m

Wyjim | Nonrenewable resource 4 usage of activity j of project v, operating
on mode m

dd, Assigned due date for project v

Cy Relative weight of project v

Cry Unit cost of renewable resource k

cw; Unit cost of nonrenewable resource i

th Total resource budget

Tk Total amount of available renewable resource &

wy

Total amount of available nonrenewable resource i

34
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Table 3.3. The decision variables for RDP.

1 if activity j of product v, operating on mode m is finished
Xojmt at period ¢

0 otherwise

TC, | Weighted tardiness cost of project v

BR,; | Total amount of dedicated renewable resource k to project v

BW,; | Total amount of dedicated nonrenewable resource i to project v

Mathematical Model RDP

min. z = ZTC’v (3.1)
veV
Subject to
L,
) Xym=1 VjeN,andVveV (3.2)
mEMUj t:Evj
va Lya
Z Z (t — dvbm>vamt 2 Z Z thamt
mEMUj t:Evb mGMvj t=Fya
V(a,b) e Pand Vv eV (3.3)

ttdyjm —1

Z Z Z 7Avjk’m‘ijmq < BRyy

JENy, meM,; q=t

VveV,Vke KandVteT, (3.4)

Ly
WosimXojme < BW; Vi€l (3.5)
> 2 X

jGNv mGMv]- t:EU]'

> BRy<mn VkeK (3.6)
veV
Y BW,<w, Viel (3.7)
veV
L’UN
TC, > Co( Y Y tXonm —dd,) YveV (3.8)
t=FE,N mEM,nN
Xymt €{0,1} VjeJ VteT,VmeMy;adVveV (3.9)

BR,., BW, and TC, € Z* VYwveV,Vke KandViel (3.10)
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Objective function (Equation 3.1) minimizes total weighted tardiness cost over
all projects. Constraint set (Equation 3.2) ensures that all activities are scheduled
once and only once for all projects. Constraint set (Equation 3.3) implies predeces-
sor relationships for all activities of all projects. Constraint set (Equation 3.4) sets
the renewable resource dedications for each project. Constraint set (Equation 3.5)
determines nonrenewable resource dedications for each project. Constraint sets (Equa-
tion 3.6) and (Equation 3.7) limit the total dedicated renewable and nonrenewable
resources according to the given general resource capacities, respectively. Constraint
set (Equation 3.8) calculates the weighted tardiness cost for project v. Note that gen-
eral renewable and nonrenewable resource capacities are given as parameters in this
problem. The resource dedication concept is achieved with constraint set (Equation

3.4) where the corresponding decision variable does not have a time index.

3.2. Solution Methodologies

The given mathematical model conceptually contains two different problems: (i)
Dedication of the resource capacities to projects and (ii) scheduling of the individual
activities of the corresponding project. Scheduling of activities with multi-modes under
nonrenewable and renewable resource constraints as a generalization of resource con-
strained project scheduling problem is shown to be NP hard by Kolish et al. (1995).
The given multi-project problem not only encapsulates a multiple number of this prob-
lem but also the decision for resource dedications for the projects. Thus, the exact
solution methodologies for the given formulation become unpractical for reasonable
problem sizes. Therefore, heuristic solution approaches will be employed here for the
solution of the Model RDP above. Besides the exact solution approach, two heuris-
tic procedures are introduced here: (i) A GA with a new local improvement heuristic
called combinatorial auction (CA) for RDP; and (ii) a Lagrangian relaxation based

heuristic.
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3.2.1. A Genetic Algorithm Based on Combinatorial Auction for the Re-

source Dedication Problem
In this dissertation, GA is used as an intelligent search infrastructure supported

by the new local improvement heuristic CA for RDP. Below detailed information about

CA for RDP is given.

3.2.1.1. Combinatorial Auction for the RDP. CA for RDP is a local improvement

heuristic based on the preferences of the projects for the resources. The preference
of a project for a resource can be defined as the value of the resource for that project
according to the current state of the resources of the project. Hence, the preference of
a project for a resource can be taken as an indication for a possible improvement that
would result in the objective when a unit of that resource is obtained by some means
by that project. If one can calculate the preferences of the projects for the resources
for a given resource dedication state for the projects, then the current solution can
be moved to a more preferable solution with respect to the preferences. If the pref-
erence calculation reflects the importance of the resources for the projects correctly,
then this move will improve the objective. In this dissertation, two different preference
calculation approaches are used: (i) Linear relaxation (LR) based and (ii) Lagrangian

relaxation (LA) based.

Linear Relaxation Based Preference Calculation

If the linear relaxation of the single project scheduling model (Equation 2.1)-
(Equation 2.6) Talbot (1982) is solved for each project with some set levels of dedicated
resources, the solution can be used to determine the preferences of the projects for the
resources. LR of the given formulation (SP-LR) results in two basic information: (i)
Dual variable values (or shadow prices) and (ii) allowable upper and lower bounds for
the right hand sides (RHS) of the constraints. According to the duality theory, dual
variable values can be interpreted as the amount of the improvement in the objective

function, if the RHS of the constraint is increased by one unit. On the other hand,
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allowable upper and lower bounds represent the limits of the RHS values where the
optimal basis will not change. There are two basic groups of constraints in the project
scheduling model. First group is the sets of technology constraints (activity assignment
(Equation 2.2) and precedence constraints (Equation 2.3)), and the other group consists
of the sets of resource capacity constraints (renewable (Equation 2.4) and nonrenewable
(Equation 2.5) resource constraints). Resource capacity constraints are not generally
binding in the solution of SP-LR, this in turn results with distinct allowable upper
and lower bounds from the RHS values of resource capacity constraints. If the resource
constraints are increased to their allowable upper bounds, the new basis should give, at
worst, as good a feasible solution as the previous basis, since the capacity is increased
for the resource. The allowable upper bounds for the RHS of the resource constraints
can be used to determine the sensitivity of the projects for resources and can be used as
preferences for these resources. In other words, the resource levels that cause a change
in the optimal basis in the LR are interpreted as a direction for the resource levels that
can improve the objective of the original problem. The preference for a resource by a
project is defined as the closeness of the allowable upper bound to the current RHS

value as follows:

For a renewable resource &

1
v = T 3.11
ag rnt1n {AUBktv} — DR]W ( )

Pho = —k2 (3.12)

\%
E Ay
v

For a nonrenewable resource i

Aiy =

AUB, — DWW, (3.13)
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Ay

— v
Eaiv
v

Piv (3.14)

where ay, and a;, are the closeness of the allowable upper bounds to the dedicated
renewable and nonrenewable resource levels, respectively; AU By, is the allowable up-
per bound value for renewable resource k resulting from the usage constraint for time
period ¢ (constraint set (Equation 2.4)); AU B;, is the allowable upper bound value for
nonrenewable resource i resulting from the usage constraint for the project (constraint
set (Equation 2.5)); DRy, and DW;, are the dedicated renewable and nonrenewable
resources for project v, respectively; pi, and p;, are the preferences of project v for

renewable resource k£ and nonrenewable resource i, respectively.

Lagrangian Relaxation Based Preference Calculation:

Another preference calculation approach can be defined by employing Lagrangian
relaxation. Consider the Lagrangian relaxation of the modified MRCPSP formulation,

given below, where both nonrenewable and renewable resource constraints are relaxed:

Mathematical Model LA-SP

K T N M; t+djm—1 +
min. zpa—sp = 1TC + Z Z Akt Z Z TikmX jmq — DR
k=1 t=1 7j=1 m=1 q=t
I N, M; Lj "
i j=1 m=1t=FE,
Subject to
(2.2), (2.3), (2.6)
Ly My
TC > C() Y Xym —DD) (3.16)
t:EN m=1

TC = TCoin (3.17)
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where DR;, and DW; are dedicated renewable and nonrenewable resource values re-
spectively, T'C,;, is the minimum reachable weighted tardiness for the project, which
can be easily calculated from the project network employing CPM without considering

any resource constraints.

This formulation is exactly the Lagrangian relaxation model of MRCPSP except
constraint (Equation 3.17), which sets the weighted tardiness equal to the calculated
minimum tardiness for the project. In addition to this, in the calculation of the objec-
tive function LA-SP, penalty values are added if they are nonnegative. In other words,
only the renewable and nonrenewable resource usages exceeding the given capacities

DRy, and DW; are included in the summations in (Equation 3.15).

First, note that this Lagrangian relaxation formulation is not for solving the MR-
CPSP. Rather, it is used to calculate the preferences of the projects for the resources.
The rationale of these modifications is to define a methodology to accurately calcu-
late preferences. Since the total weighted tardiness cost part of the objective is set
to the minimum reachable value, the formulation will accept the necessary resource
infeasibilities to reach that minimum possible weighted tardiness value. Thus, when
the subgradient optimization approach is applied to this formulation, after a number
of iterations, the values of Ay, and p; can be used as an estimation for the value of
the corresponding resource to the project, or in other words, as the preference of the
project for that resource to reach the minimum possible weighted tardiness. In ad-
dition to this, penalizing only the resource over-utilizations prevents the abuse of the
Lagrangian objective function by under-utilization of the resources . Note that, espe-
cially for the renewable resource case, where only the constraint for the time period

with the maximum usage will be active, the abuse will be excessive.

For each resource, when a series of sub-gradient optimization iteration is exe-
cuted, the preference for renewable (Equation 3.18) and nonrenewable (Equation 3.19)

resources can be calculated for each project v can as follows:
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Pro = MaX { Akt } (3.18)
Moving to a More Preferable Solution:

After calculating the preferences of the projects for the resources, the next issue
is moving to a more preferable solution using these preferences. This is carried out by
calculating the slack resources (resources that are not used for the current solution of
the projects) and distributing these slack resources among the projects according to
the projects’ preferences. The amount of a resource that a project can give up can
easily be determined from the solution of the individual project scheduling problem.
The smallest slack for each renewable resource observed over the project duration and
the slacks of the nonrenewable resource capacity constraints will become the surpluses
of the corresponding resources for a project. Preference and slack values can be used
to form a continuous knapsack problem to distribute the calculated slack resources for
maximizing the total gain for all projects. The knapsack models for renewable and

nonrenewable resources are given below.

For nonrenewable resources

mar. 7 = Zpryiv (3.20)

Subject to
>y < b Vi€l (3.21)

(2

Yiw € BT (3.22)
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For renewable resources

maxr. z = Zzpkvykv (3.23)
k v

Subject to
g < b VhEK (3.24)

Yro € RT (3.25)

where p;, (pgy) is the preference of project v for resource i (k), b; (bg) is the amount
of resource i (k) available for dedication to different projects, and y;, (yxy) is the non-
negative continuous decision variable for the amount of spare resource i (k) dedicated
to project v. This formulation tries to maximize the total preference value gained by

dedicating the spare resources to projects.
Solving MRCPSP for each Project:

When resource dedication values for each project are determined the problem re-
duces to MRCPSP for each project where the resource dedication value for each project
becomes the renewable and nonrenewable resource capacities. To solve these problems
CPLEX 11.2 is employed with the mathematical formulation of Talbot (1982). Since
CA for RD is applied over and over through the execution of GA, some modifications
are needed to facilitate the solution of MRCPSP for each project. There are two basic
tasks when solving an MRCPSP with CPLEX, model generation and executing the

solution procedure.

There is one decision variable in MRCPSP formulation which stands for the ac-
tivity finish times. When this decision variable set is kept same, the basic difference
between two resource dedication instances for a given project is only the renewable
and nonrenewable resource capacity values. Thus, a generic model can be used to
represent a project and when a solution is needed for a given resource dedication in-

stance for the corresponding project, then the only required task is changing the right
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hand side of the renewable and nonrenewable resource constraints. This can easily be
achieved by defining a decision variable for each renewable and nonrenewable resource
and setting these decision variables to the given renewable and nonrenewable resource
dedication values with equality constraints. The related constraints for these tasks is
deleted and re-added to the generic models before the solution procedure. Note that
to use generic models, a large time period which can cover all the possible renewable
and nonrenewable resource capacity values is needed. This time period is calculated
by determining minimum renewable and nonrenewable resource requirements for each
resource and applying the Simulated Annealing approach proposed by ?. The mini-
mum renewable resource requirement is calculated by finding the minimum renewable
resource requirement for each project over all modes and taking maximum of these
values over all projects. Then minimum nonrenewable resource requirement can be
calculated from the selected modes in the aforementioned procedure. Note that, this
time period calculation results with a very large number of activity finish decision

variable set.

Generic models for each project reduces the model generation time but has a
negative effect on execution time of solution procedure of CPLEX 11.2 because of
the large activity finish decision variable set. To compensate this inefficiency a couple
of modifications are used. First of all, all solved cases for each problem is stored,
and when a resource dedication value is not changed for a project then the stored
solution is used for that case. In addition to this the activity finish decision variables
are reduced by giving upper bounds to the corresponding generic model employing
resource dominant cases. When a resource dedication instance for a given project has
higher resource capacity values for all renewable and nonrenewable resources than one
of the stored solved problems, then the makespan of the corresponding solution is given
as an upper bound to the generic model. This is achieved by limiting the makespan
of the project with this upper bound, where CPLEX cleans the redundant decision

variables in pre-processing phase.
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3.2.1.2. The Basics of the Genetic Algorithm Applied. An individual in the proposed

GA is defined so as to reflect a multi-project environment with dedicated resource
values. Only resource feasible individuals are present in the population. In Table
3.4 the general view of an individual is given. Note that a chromosome represents a
resource dedication instance with the determined resource allocations to the projects.
This representation can also be interpreted as a single string that represents resource

dedication values for projects.

Table 3.4. General representation of an individual

Projects
Resources|Projectl|Project2|Project3
R1 15 12 20
R2 8 14 21
R3 10 21 11
R4 15 12 13

There are three different ways to generate individuals for the initial popula-
tion.The first two methods employ the no-delay resource requirements of the projects.
No-delay resource requirement of a project is calculated by solving the resource un-
constrained project scheduling problem and calculating the resource requirement from
the resulting schedule. In the first method, resource dedications are determined pro-
portional to the no-delay resource requirements of the projects with respect to the
given general resource capacities. One individual is generated in this manner. In the
second method, for each project, the no-delay resource requirement is satisfied from
the general resource capacities, and resource dedications of the remaining projects are
determined proportional to the no-delay resource requirements of the corresponding
projects. And finally, resource dedications are randomly generated for each project.

Based on the preliminary test runs the population size is selected as ten.

Here, three basic procedures are employed to create new individuals in the pro-

posed GA; namely (i) crossover, (ii) mutation and (iii) CA for RDP.
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Crossover Operations: Generally speaking, a crossover operator selects two differ-
ent individuals from the population in a predetermined way and exchanges sub-strings
from the selected individuals to generate two new offsprings. There are three different
types of crossover operations defined for the proposed GA. The first crossover operation
takes two projects from different individuals and changes sub-strings of resource dedi-
cations for the selected projects in different individuals. The second crossover operation
similarly selects a resource and exchanges the resource dedications for all projects of
the parents. The last crossover operation selects a sub-string where the cut off points
do not have to be project or resource changing positions of the chromosome, and then
exchanges these sub-strings on the parents. The general idea behind these crossover

operations is the generation of individuals inheriting good parts of their parents.

Mutation Operators: Mutation operators are used to establish the diversity in the
population by changing an individual. There are three different mutation operations
employed here. The first mutation operation selects two projects and a resource, and
then resource dedications of these two selected projects are exchanged. In the second
mutation operation one project and two resources are selected, and then the resource
dedications of selected project for these two resources are exchanged. The last mutation

operation selects two different resource dedications of two projects and exchanges them.

Repair Function: The individuals generated from GA operators can have resource
infeasibility caused by corresponding resource dedication values. These infeasibilities
(if any exists) are corrected by decreasing resource dedications of the projects according
to the general resource capacities. These repair mechanisms require at worst (num-
ber of projects x number of resources) or (number of projects) operations for different
crossover operators and as many as (number of projects) operations for mutation op-

erators and hence consume a negligible amount of CPU time.

CA for RDP: In GA, CA for RDP is used on randomly selected individuals.
Based on preliminary test runs, the probabilities for each crossover and mutation type

operators as well as CA for RDP are set to 0.1.
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The general execution of GA is given below.

Initialization: Generate initial population as described above

Run: Apply the steps 1-4 until the allowed execution time limit is reached

Step 1 (Crossover): For each crossover operator check crossover probability for
each individual in the current population. If crossover operator is issued to be
applied, select a mate individual randomly and apply crossover operator. Check

resource dedication infeasibility, if any infeasibility exists, restore feasibility.

Step 2 (Mutation): For each mutation operator, check mutation probability for
each individual in the current population. If mutation operator is issued to be
applied, execute mutation operator on the individual. Check resource dedication

infeasibility, if any infeasibility exists, restore feasibility.

Step 3 (Combinatorial Auction for RDP): Check CA for RDP probability for
each individual. If CA for RDP is issued to be applied, execute CA on RDP for
the individual.

Step 4 (Passing to the Next Generation): Select the best ten individuals as the

next generation, delete the remaining individuals.

3.2.2. Lagrangian Relaxation Based Heuristic for the Resource Dedication

Problem

The proposed solution approach employs a Lagrangian relaxation of RDP and
the subgradient optimization methodology to search for the Lagrangian multipliers.
In the following Sections, Lagrangian relaxation formulation and the details of the

subgradient optimization approach are given.
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3.2.2.1. Lagrangian Relaxation of the RDP. The Model RDP has two basic groups

of constraints. The first group is related with the scheduling of individual projects,
namely the activity assignment constraint sets (Equation 3.2), precedence constraint
sets (Equation 3.3) and weighted tardiness calculation (Equation 3.8) for each project.
The other group of constraints is related with the resource dedication. Constraint sets
(Equation 3.4) and (Equation 3.5) limit the renewable and nonrenewable resource usage
with the corresponding dedicated resource limits, respectively. And finally constraint
sets (Equation 3.6) and (Equation 3.7) limit the total resource dedication to projects

with the available overall resource capacities.

Relaxing constraint sets (Equation 3.4) and (Equation 3.5) leads to the following
Lagrangian relaxation designated as LA-RDP:

Mathematical Model LA-RDP

Ny v] t"l‘dv]m

Vv K T
min. ZLA-RDP = ZTC + Z Z Z >\vkt Z Z Z Tv]km vjmq BRvk
Jj=1m=1 q=t

v=1 v=1 k=1 t=1
vV oI N, My Lo,
+ Z Zﬂvi Z Z Z wvjivajmt — BW,; (326)
v=1 i=1 j=1 m=1t=E,;

Subject to
(3.2), (3.3), (3.6), (3.7), (3.8), (3.9), (3.10)

Note that the objective function of LA-RDP has two main parts, one in terms of
the activity finish time decision variables and the other in terms of the resource ded-
ication decision variables. If this separation is taken as the basis, the constraint sets
can also be decomposed. Constraint sets (Equation 3.2), (Equation 3.3) and (Equation
3.8) contain activity finish decision variables; whereas constraint sets (Equation 3.4)
and (Equation 3.5) contain renewable and nonrenewable resource dedication decision
variables, respectively. Thus, model LA-RDP decomposes into three subproblems SP1,
SP2 and SP3 related with activity finish, renewable resource dedication and nonrenew-

able resource dedication decision variables, respectively.
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SP1

Ny vg t"l‘dvg'm

\% K T
min. Zsp1 = Z TCU + Z Z )\vkt Z Z Z Tv]km vjmq
v=1

v=1 k=1 t=1 7j=1m=1 q=t
1% I Ny 'U] LUJ
+§ E Hui E wv]zm vjmt (327>
v=1 17 ]:1 m=1 t:EvJ

Subject to
(3.2), (3.3), (3.9)

SP1 is basically scheduling the individual projects without any resource con-
straints and can be further decomposed with respect to individual projects. The re-
sulting schedules will be precedence feasible but can be resource infeasible for each

project according to the results of resource subproblems SP2 and SP3.

SP2
V K T
min. zspr = » > Y Aukt(—BRu) (3.28)
v=1 k=1 t=1
Subject to
BRy, < wury VkeKandVoveV (3.29)
(3.6), (3.10)
SP3
VoI
min. zgps = Z Z,Uwi(_BWm') (3.30)
v=1 1
Subject to
BW, < wuw, Vi€elandVveV (3.31)
(3.7), (3.10)

where in SP2 and SP3, ur,; and uw,; are resource usage values for renewable and non-
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renewable resources, respectively when CPM is applied to individual project networks.

Thus, they are no-delay resource requirements for individual projects.

SP2 and SP3 are for resource dedication decision variables. They are further de-
composable in terms of individual renewable and nonrenewable resources, respectively.
The additional constraints (Equation 3.29) and (Equation 3.31) limit the dedicated
renewable and nonrenewable resources, respectively. Note that if these constraints are
not added to SP2 and SP3, all the general resource capacity would be dedicated to the
project, which has the largest A\, summed over ¢ and similarly to the one with the
largest p,;. Thus, these constraints prevent the abuse of the general resource capacities
by the corresponding project. The resulting resource dedications for the projects will

be feasible for the general resource limits (ry, w;).

The combination of optimal solutions of the subproblems SP1, SP2, and SP3 is
a relaxation for RDP, since the additional constraints (Equation 3.29) and (Equation
3.31) limit the resource dedication decision variables with their possible maximum
value (no-delay resource requirements). Note that this relaxation also gives a tighter
lower bound than the original relaxation of the problem with the additional constraints
(Equation 3.29) and (Equation 3.31) to SP2 and SP3, respectively, since these additions
prevent the abuse of the renewable and nonrenewable resource dedication decision

variables.

3.2.2.2. Subgradient Optimization for RDP. Subgradient optimization approach is used

to obtain a solution to RDP. There are three basic steps in an iteration of subgradient
optimization: (i) obtaining a lower bound (LB) with a given set of Lagrangian multipli-
ers, (ii) obtaining an upper bound (UB) and (iii) updating the Lagrangian coefficients.
By solving the three subproblems, an LB for the RDP can be obtained. SP1 can
be solved using exact solution approaches. The resource subproblems are continuous

knapsack problems, which are also easy to solve.

An efficient UB is calculated using the results of the Lagrangian relaxation. The
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solutions of resource subproblems could lead to a resource dedication, which is infeasible
for some projects. Thus, resource dedication results cannot be used directly for an UB
calculation. In order to overcome this deficiency for UB calculation, resource dedication
values for renewable (Equation 3.32) and nonrenewable (Equation 3.33) resources for

each project is calculated as follows:

BRvk
BR)P = rp——— (3.32)

Y BRy
v=1

Bin
BWYE = w;——— (3.33)

> BW.
v=1

This resource dedication calculation approach normalizes the resource dedication
over the resource dedication values of the Lagrangian relaxation problem. After set-
ting BRYP and BWYP values, RDP reduces to solving individual MRCPSP for each
project. The UB calculation for RDP is carried out by solving individual MRCPSP for
each project with the given BRYP and BWU? values and Lagrangian coefficients are

calculated accordingly.
3.3. Experimental Results

To test the solution approaches proposed here for RDP a series of test problems
are used. Test problems are grouped according to measures proposed by Kurtulus
and Narula (1985); the network complexity (NC) and the maximum utilization factor
(MUF). NC is calculated as the total number of arcs divided by total number of nodes
in the project network. For the multi-project scheduling problems presented in this
study, for a determined network complexity value for the multi-project problem, the NC
values of all the projects in the problem are set to this value (i.e. if the multi-project
problem has a NC value of 1.4 then all the individual projects in the multi-project
problem has a NC value of 1.4).



51

MUF is the ratio of the resource requirement of no-delay schedule of the project
to available resource, i.e., resource capacity. Thus, if MUF is less than or equal to
one, the project can be scheduled without any delays. Since the resources cannot be
shared, combining the projects and calculating the MUF values are not suitable for the
proposed multi-project problem environment. In order to take into account resource
dedication concept, the no-delay resource requirement of the multi-project problem
is calculated as the sum of no-delay resource requirements of the individual projects.
With this approach, if MUF value is less than or equal to one, the multi-project problem
can have a no-delay schedule for the dedicated resources case. Similarly when MUF

value is increased, resources become tight for the multi-project problem.

Multi-project problems are created with activity-on-node representation combin-
ing six different projects from j20 and j30 sets in PSPLIB (http://129 .187.106.231/
psplib), developed in Kolisch and Sprecher (1996). Two different levels of NC (1.4 and
1.8) and three different levels of MUF (1.2, 1.4, and 1.5) are selected and a full factorial
design with 10 problems in each combination is created. In order to compare different
methods, for each combination a total of ten base problems are used. For example,
the problems in combination (NC 1.4 - MUF 1.5) and (NC 1.8 - MUF 1.5) have the
same network structure, but the projects in the first combination have some of their
arcs deleted to achieve an NC value of 1.4. Similarly, (NC 1.8 - MUF 1.4) and (NC
1.8 - MUF 1.5) have exactly the same network structure (same number of arcs, nodes
and same modes for activities) but the general resource capacities differ. With this
approach, when an optimal solution is found for a problem, it can be used as a lower
bound for the other cases with larger NC and/or MUF values. In other words, the
weighted tardiness values for the combination (NC 1.4 - MUF 1.2) can be used as a

lower bound for the other test cases.

To have a positive weighted tardiness value for projects in the multi-project prob-
lem environments, the following approach is used. The due date of the project with the
highest weight is set as the makespan calculated for the unconstrained case using CPM

(no-delay due date). As the weight decreases, projects are assigned tighter due dates
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than their no-delay due date. As a result, the minimum possible total weighted tardi-
ness becomes a fixed value for the multi-project problem as shown in Table This
value can be considered as a lower bound for the multi-project problem. The test prob-

lems can be downloaded from the link “http://www.bufaim.boun.edu.tr/flexset.zip”.

Table 3.5. Minimum possible total weighted tardiness values for projects.

Project Due date Weight Possible Least Weighted Tardiness
Projectl| Nodelay due date 6 0
Project2|Nodelay due date - 1 5 5
Project3|Nodelay due date - 2 4 8
Project4|Nodelay due date - 3 3 9
Project5|Nodelay due date - 4 2 8
Project6|Nodelay due date - 5 1 )
Minimum Possible Total Weighted Tardiness 35

Solution approaches are coded with Microsoft Visual Studio 2010 C#. For all
the problems that are solved with an exact solution approach, ILOG CPLEX Callable
Library is used employing CPLEX 11.2. For the exact solution approach of RDP, a
total of 4096 Mb working memory is allocated and the hard drive is used when this
allocation is exceeded. Test runs are carried out on an Intel Xeon X 5492, 3.40 Ghz

processor.

Results for multi-project problems consisting of projects with 22 and 32 activi-
ties are presented in Table and Table 3.7 respectively, where GA-LA and GA-LinR
refer to GA with CA based on Lagrangian relaxation and CA based on linear relax-
ation, respectively. SO column refers to the Subgradient Optimization based solution
procedure. Exact column is for the exact solutions. The NC-MUF column shows the
corresponding network complexity and maximum utilization factors used for the prob-
lem groups. As it is mentioned earlier, there are ten problem instances in a problem
group. The AWT column reports the average weighted tardiness for a problem group,
whereas the values in the ART column show the average execution time of the solution
approaches in minutes for a problem group. If a solution approach cannot reach a

feasible solution for an instance within the execution time limit, then AWT value is set
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to NA (not available). All of the solution approaches have an execution time limit of
120 minutes. OS column shows the number of instances for which optimal solution is
found in a problem group whereas NS column shows the number of instances where no
solution could be found in a problem group within the execution time limit. When the
sum of OS and NS is less than ten, it shows that the exact solution approach could only
find an incumbent solution (feasible but not proven optimal) in the given execution

time limit for the remaining problem instances.

Table 3.6. The results for the problem groups with 22 activities.

GA-LA GA-LinR SO Exact
NC-MUF|AWT| ART |OS|NS[{AWT| ART |OS|NS|AWT| ART |OS|NS|AWT| ART [OS|NS
1412 | 35 | 6.19 |{10|/ 0| 35 | 6.19 |10| 0| 35 | 4.65 |10| 0| 35 | 1.39 (10| O
1.4-14 | 426 | 944 | 3|0 |46.6|1006| 3 |0 |56.6|111.76| 2 | 0 | NA |101.17{ 4 | 6
1.4-1.5 | 529 {117.29{ 3 |0 |66.9| 120 |1 |0 |86.7| 120 | O | O | NA | 120 | 0 |10
1.8-1.2 | 35 | 338 10|/ 0| 35 | 442 |10| 0| 35 |16.02|10| 0| 35 | 1.44 (10| O
1.8-14 |41.419899| 5| 0 |45.6 |100.07) 4|0 |646| 120 | 0| 0| NA | 95384 |5
1.8-1.5 | 506 | 120 |2 |0 |[679| 120 | O | O [101.7] 120 | O | O | NA |112.1|{1 |9

Table 3.7. The results for the problem groups with 32 activities.

GA-LA GA-LinR SO Exact
NC-MUF|AWT| ART |OS|NS|AWT| ART |OS|NS|AWT|ART |OS|NS|AWT| ART |OS|NS
14-1.2 | 35 |14.8110| 0| 35 |18.22|10| 0| 35 |5.98 (10| 0| 35 |12.03({10| 0
1.4-1.4 | 56 |74.07| 5|0 | 155 |{103.11| 3 | 0 {131.9] 120 | 0 | O | NA |90.11| 3 | 5
1.4-1.5 | 181 |110.08] 1 | O | 269 {109.24| 1 | 0 |314.5| 120 | 0 | O | NA |102.23| 2 | 8
1.8-1.2 | 35 | 873 10| 0| 35 |17.59|10| 0 | 38.6 {90.05| 2 | 0| 35 |12.07(10| 0
1.8-1.4 (82288455 |0 | 131 |112.77/ 1 |0 | 132|123 |0 |0 | NA |70.26| 5 | 4
1.8-1.5 | 148 |110.15| 1 | O | 247 |110.06/ 1 | 0 {302.9] 120 | 0 | O | NA |104.82| 2 | 7

The results for RDP are examined for solution quality and solution times and
compared using paired t-test with 0.05 level of significance. First of all, when MUF
values are closer to one, all solution approaches give optimal values for all or most of the
problems in a problem group. But as MUF values increase, exact solution approach
begins to fail finding solutions in the given solution runtime limit and falls behind

the other approaches. Both GA approaches give results above the given lower bound.
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Thus, problem groups with MUF values closer to one can be thought as relatively
easy problems whereas problem groups with higher MUF values can be thought of as

relatively hard problems, which is in fact an expected result.

SO approach falls behind GA approaches even though it can find feasible solution
for all instances in all problem groups. Both of the GA approaches GA-LA and GA-
LinR give overall good results for all problem groups. GA-LA is significantly better
than the other solution approaches according to the solution quality aspect. Especially
when the resources are tight, Lagrangian relaxation based preference calculation is
significantly better than linear relaxation based preference calculation. The statistical
test results also show that network complexity is not a significant factor for solution

quality and only have an additional initialization load for solution time.

The run times are compared for the cases where all solution approaches reach the
optimum objective values, because otherwise the procedures are stopped at the run
time limit. When these values are compared, no statistically significant difference is
observed among the solution approaches. But note that solution times are reasonable

for relatively easy problems for all approaches.

Another issue related with the solution quality is the lack of a strong lower bound
for the cases. A strong lower bound can help us to measure the solution quality of the
proposed approaches more precisely. To obtain a strong lower bound for the problems,
we have added an initial solution, which is the best solution obtained by GA-LA
procedure, to the CPLEX and used the reported lower bound. The Gap column shows
the distance of the weighted tardiness value obtained by GA procedures to these lower
bounds. WT and WTD columns show the the total weighted tardiness and deviation
between GA procedures and CPLEX feed by initial solution, respectively. The average
row show the average values for the respective columns. We have tested 12 cases from
the problem set with different NC and MUF values and obtained the following average
gaps for GA-LA and GA-LR in Table B8 As it can be seen from the results, GA-LA

has a very small weighted tardiness deviation and gap value in average.
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Table 3.8. The results for the gaps for GA procedures for selected cases.

Exact GA-LA GA-LR
Problems | LB | UB | WT |WTD|Gap| WT |WTD |Gap
Probleml | 35 | 35 | 35 0 0 | 35 0 0
Problem2 | 35 | 35 | 35 0 0 | 35 0 0
Problem3 | 35 | 38 | 41 3 10.17| 48 10 ]0.37
Problem4 | 35 | 35 | 35 0 0 | 35 0 0
Problem5 | 35 | 35 | 35 0 0 | 35 0 0
Problem6 | 39 | 39 | 41 2 10.05| 65 26 |0.67
Problem7 | 35 | 35 | 35 0 0 | 35 0 0
Problem8 | 35 | 35 | 35 0 0 | 35 0 0
Problem9 | 35 | 35 | 35 0 0 | 48 13 10.37
Problem10| 35 | 35 | 35 0 0 | 35 0 0
Probleml11| 35 | 35 | 35 0 0 | 45 10 ]0.29
Problem12| 35 | 35 | 36 1 10.03| 55 20 |0.57
Averages |35.33|35.58(36.08| 0.5 |0.02|42.17| 6.58 |0.19

Before concluding this Chapter, it should be remarked that the combinatorial
auction approach employing the lagrangian relaxation based preference calculation,
which is shown to work very well for the RDP problem introduced in this Chapter, will
be repeatedly used as an integral module of the solution approaches proposed in the

following Chapters as we generalize RDP to RPP .
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4. RESOURCE PORTFOLIO PROBLEM UNDER THE
RESOURCE DEDICATION POLICY

4.1. Problem Definition and Mathematical Model for Resource Portfolio

Problem under the Resource Dedication Policy

In this Chapter, Resource Portfolio Problem under the RD policy will be in-
vestigated. This multi-project problem environment includes multiple projects with
assigned due dates; with activities that have alternative resource usage modes; a RD
policy that does not allow sharing of resources among projects throughout the time
periods; and a total budget. There are three issues to face when investigating the afore-
mentioned multi-project problem. First, the total budget should be distributed among
different resource types to determine the general resource capacities which correspond
to the total amount for each renewable resource to be dedicated to the projects. With
the general resource capacities at hand, the next issue to be handled is the resource
dedication to individual projects in certain amounts to be employed throughout the
planning horizon. With the resources dedicated to the individual projects, the activity
scheduling reduces to the multi-mode resource constrained project scheduling problem
(MRCPSP) for each individual project. Note that when general resource capacity val-
ues are determined, the problem reduces to RDP, which is investigated extensively in
Chapter Bl The solution approaches for RPP under the RD policy will employ the
insights gained from the solution approaches developed for RDP.

RPP in a multi-project environment is the determination of general resource ca-
pacities for a given total resource budget, dedication of a set of resources to a set of
projects with assigned due dates according to the determined general resource capaci-
ties in such a way that individual project schedules would result in an optimal solution
for a predetermined objective. The objective for the problem environment is taken
as the minimization of the total weighted tardiness of the projects. The problem un-

der investigation can be thought as an integrated capacity planning and multi-project
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scheduling problem under the RD policy. The multi-project environment of RPP has a
high internal dependency among the projects in the sense of Hans et al. (2007) because
of the general resource budget. On the other hand, for a given resource dedication
within RDP, in the resulting MRCPSP there is no internal dependency among the
projects. The mathematical formulation for RPP under the RD policy and the corre-
sponding sets (Table A1), parameters (Table and Table[1.2)), and decision variables
(Table [44]) are given below;

Table 4.1. The sets for RPP under RD policy.

Set of projects, v € V

Set of activities of project v, j € J,

Set of all precedence relationships of project v

Set of modes for activity j of project v, m € M,,

Set of renewable resources, k € K

Set of nonrenewable resources, i € 1

IR R

Set of time periods of project v

Table 4.2. The parameters for RPP under RD policy.

v Earliest finish time of activity j of project v

L,; Latest finish time of activity j of project v

dyjm | Duration of activity j operating on mode m

Tvikm | Renewable resource k£ usage of activity j of project v,

operating on mode m

Wyjim | Nonrenewable resource 4 usage of activity j of project v,

operating on mode m

dd, Assigned due date for project v




Table 4.3. The parameters for RPP under RD policy (cont.).

¢, | Relative weight of project v

cri, | Unit cost of renewable resource k

cw; | Unit cost of nonrenewable resource 4

tb | Total resource budget

Table 4.4. The decision variables for RPP under RD policy.
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1 if activity j of product v, operating on mode m is finished
Xojmt at period ¢
0 otherwise
BR,. | Amount of renewable resource k dedicated to project v
BW,; | Amount of nonrenewable resource ¢ dedicated to project v
TC, | Weighted tardiness cost of project v
Ry Total amount of required renewable resource k
W; Total amount of required nonrenewable resource 4

Mathematical Model RPP-RD

min. z = ZTC’U

veV

Subject to

2

Ljy
Y Xyjm=1VjeN,andVveV

mEMvj tZEvj

2

Lva

Lyp
Z (t - dvbm>vamt 2 Z Z thamt

mEMUj t=F,p mGMvj t=Fya

V(a,b) e Pand Vv eV

ttdyjm —1

Z Z Z rvjkavjquBRkakeKvtETV'UEV

JEN, mEMUj q=t

(4.1)

(4.2)

(4.3)

(4.4)
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L .

Y ) wyim Xujme < BW,; VielandVv eV (4.5)
JEN, mEMUj tZEU]‘
Y BRy,<RVkeK (4.6)
veV
> BW,<W;Viel (4.7)
veV
i€l veV

L’UN
TC, > co( > Y tXonm —ddy) Vv EV (4.9)

t=FE,N mEM,N

Xojmt € {0,1}VjeJ, VteT,VmeMandVoveV (4.10)
BRy,, BW,i, Ry, W;, TC, € Zt Vv eV ,Vke KandViel (4.11)

Objective function (Equation 4.1) minimizes the total weighted tardiness over all
projects. Constraint set (Equation 4.2) ensures that all activities are scheduled once
and only once for all projects. Constraint set (Equation 4.3) reflects the precedence
relationships among the activities of all projects. Constraint set (Equation 4.4) sets
the maximum level for the renewable resource usage over all projects and resource
types. Constraint set (Equation 4.5) imposes the maximum level for the nonrenewable
resource usage over all projects and resource types. Constraint sets (Equation 4.6)
and (Equation 4.7) calculate the required renewable and nonrenewable resource capac-
ities according to the dedicated renewable and nonrenewable resources, respectively.
Constraint set (Equation 4.8) ensures that the total cost of the general renewable and
nonrenewable resources does not exceed the total budget available. Constraint set
(Equation 4.9) calculates the weighted tardiness values for each project. Constraint
sets (Equation 4.10)-(Equation 4.11) specify the feasible ranges for the decision vari-

ables.
4.2. Solution Methodologies
In chapter [, efficient solution approaches for RDP are developed including a

GA application employing a new local improvement heuristic called CA for RD. The

insights gained from those studies constitute the basis for the proposed solution ap-
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proaches for RPP under RD policy. The RPP formulation includes capacity allocation
dimension beyond RDP, namely, determination of the general resource capacities from
a total budget, which will be dedicated to individual projects. In other words, in ad-
dition to the resource dedication space (RDS), the whole solution space of RPP has
another dimension: the general resource capacities. Thus, a search algorithm for RPP
should explore resource capacities space (RCS) (different general resource capacities
instances) and RDS (different resource dedication instances which are constrained by
a general resource capacity instance), and further, for each general resource capacity
and corresponding dedication instance, an MRCPSP should be formulated and solved
for each project. A two-phase GA algorithm is proposed for searching this complex
solution space. For comparison purposes, a so-called monolithic GA approach is also
suggested such that operators defined for the two phases are applied simultaneously in

a single phase.

4.2.1. A Two-Phase GA for the Resource Portfolio Problem

Recognizing the hierarchical nature of RPP, a two-phase GA is proposed, where
the first phase in GA is the resource dedication (RD) phase and the second one is the
resource portfolio (RP) phase. In the first phase of the GA, the RDS is explored using
the GA proposed for RDP in Chapter Bl The search algorithms (GA operators and
CA for RD) used in this phase operate only on the RD part of the individuals. In
the second phase of the GA, individuals are subject to RCS search in addition to the
RDS search. For RCS search new GA operators and an improvement heuristic, CA for
RP are used. The rationale behind this two-phase approach is to facilitate RCS search
with a widely explored RDS.

The details of the individual representation and fitness calculation, initial pop-
ulation generation, execution of the two-phase GA, a summary for RDS search and a

detailed discussion of RCS search are given in the following Sub-sections.
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4.2.1.1. Individual Representation and Fitness Calculation. The representation of an

individual is shown in Table for 4 projects (P1, P2, P3, P4) and 3 renewable (R1,

R2, R3) and 2 nonrenewable (W1, W2) resources. The general resource capacities
and resource dedications are combined into a single chromosome. The RD part of the
individual is represented with the values under the project columns. These dedica-
tion values are feasible according to the general renewable and nonrenewable resource
capacities which are presented under the resources column. On the other hand, the
general resource capacities constituting the RC part are feasible for the total resource

budget.

Table 4.5. Representation of an individual in the two-phase GA.

Projects
Resources|Projectl |Project2|Project3 |Project4|Resource Capacities
R1 30 40 25 60 155
R2 40 25 40 20 125
R3 35 50 25 30 160
W1 50 60 30 50 190
W2 15 40 50 40 145

The fitness value for an individual is the total weighted tardiness value for all
projects. The weighted tardiness for each project is calculated by solving an MRCPSP
for each project when a new resource dedication is selected. Although an individual has
general resource capacities and resource dedications feasible for the total budget and
general resource capacities, respectively, the individual projects can have infeasible
schedules because of the resource dedication values of projects. This infeasibility is

reflected by a penalty to the fitness calculation.

4.2.1.2. Initial Population Generation. To generate an individual, first of all, general

resource capacities part of the individual must be determined in a way feasible to
the general resource budget. After that, according to the general resource capacities,

resource dedication values can be generated.
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To generate the general resource capacities part of the individuals in the initial
population according to the total budget, three different methods are used. The first
method generates general resource capacities directly from the total budget propor-
tional to the no-delay resource requirement totals of the projects. One instance is
generated in this manner. The second approach starts by satisfying the no-delay re-
source requirement of a given resource from the total budget and generates the general
resource capacities for the remaining resources from the remaining total budget, pro-
portional to the no-delay resource requirement totals of the projects. Instances as many
as the number of resources are generated in this manner. And finally, the last approach
generates as many general resource capacities randomly according to the given total
budget so as to complement the total number of general resource capacities instances

generated to a given number Z.

For each general resource capacities instance generated as described above, an
RD population is generated using three different methods to obtain the RD parts of
the individuals. The first method dedicates the available general resource capacities
proportional to the no-delay resource requirements of the projects. One individual is
generated in this manner. In the second method, for each project, the no-delay resource
requirement is satisfied, and the remaining general resource capacities are dedicated
to the remaining projects proportional to the no-delay resource requirements of the
corresponding projects. Individuals as many as the number of projects (V') can be
generated in this manner. In the last approach, resource dedications are randomly
generated for each project so as to end up with H number of RD parts in total for each
general resource capacity instance under consideration. Thus, as a result, an initial

population of ZzxH individuals is created.

In Table an example for the generation of an individual in the initial so-
lution is given where general budget is 1000 and all resources have a price equal to
one. The individual is obtained by employing the “proportional to no-delay resource

requirements” approach for both general resource capacities and RD part.
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Table 4.6. Sample individual generation (employing “proportional to no-delay

resource requirements” for both the general resource capacities and the RD part).

Resources | No-delay Requirements Resource Capacities | P1 |P2| P3| P4
R1 P1:20 P2:15 P3:30 P4:35 67 14 {1020 | 23
R2 P1:50 P2:80 P3:30 P4:40 133 33 53|20 27
W1 P1:150 P2:80 P3:130 P4:240 400 100| 53 | 87| 160
W2 P1:200 P2:80 P3:100 P4:220 400 133|53 | 67| 147

In Table another example for the generation of an individual in the initial
solution is given. This time no-delay requirements for R1 is satisfied in RP part of the

individual whereas no-delay requirements for P1 is satisfied for RD part.

Table 4.7. Sample initial solution generation (satisfying no-delay requirement of R1

and P1).
Resources | No-delay Requirements Resource Capacities | P1 |P2| P3| P4
R1 P1:20 P2:15 P3:30 P4:35 100 20 15|30 35
R2 P1:50 P2:80 P3:30 P4:40 129 50 [ 4216 21
W1 P1:150 P2:80 P3:130 P4:240 386 150|142 | 68 | 126
W2 P1:200 P2:80 P3:100 P4:220 385 200 37|46 | 102

4.2.1.3. Resource Dedication Space Search. RDS search is executed on the RD part

of the individuals with different crossover and mutation operators in addition to CA for
RD and in fact this search space corresponds to RDP, which is extensively investigated
in Chapter [3l Thus only a summary for CA for RD and the GA operators used will be
given here (see Chapter [3] for a detailed explanation of GA operators and CA for RD

procedure).

Genetic Algorithm Operators

There are three mutation operators defined for RDS search. The first mutation

operator swaps RD values of two different projects of a randomly selected resource in
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an individual. The second mutation operator swaps two randomly selected RD values
within a randomly selected project in an individual. Finally, in the last mutation op-

erator two RD values are randomly swapped without any resource or project selection.

Three different crossover operators are defined for RD space search. The first
crossover operator creates two new individuals from two randomly selected individu-
als by changing resource dedications of two randomly selected projects. The second
crossover operator swaps RD values of selected resources of two different individuals.
And finally, the last crossover operator swaps strings of resource dedications without

any project or resource selection between two individuals.

CA for RDP is a local improvement heuristic which utilizes the preference con-
cept. The preference of a project for a resource is a metric for the value of a resource
for the project according to the current resource state of the project. The preference of
a resource can be thought as the value of the resource for the project or a criterion for
the amount of improvement that will be seen in the objective if an additional unit of
that resource is obtained. The basic rationale behind CA for RDP procedure is moving
the resource state of the project to a more preferable state which will result with an
improved objective function value (at least as good as the previous one). There are two
different methods proposed to obtain the preferences of projects for resources, based
on MRCPSP formulation of Talbot (1982): the first one is based on linear relaxation

of the model and the other one is based on a Lagrangian relaxation of the model.

As shown in Chapter [3] the Lagrangian relaxation based approach dominates
the linear relaxation based approach. Thus Lagrangian relaxation based preference

calculation will be used here.

The Lagrangian relaxation based preference calculation employs a modified La-
grangian relaxation formulation of MRCPSP where the renewable and nonrenewable
resource constraints are relaxed. The values of the Lagrangian coefficients, after one

step sub-gradient optimization, are taken as the preferences of the projects for the
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resources.

After the calculation of preferences, the remaining issue is moving the current
resource dedication to a more preferable state. This is carried out by distributing
the slack resources (the unused resources) according to the preferences of project for
resources. A continuous knapsack model is used for this task where the preferences are
profits, the slack resources are knapsack capacities and the objective is maximizing the
profit by distributing the limited capacity to the projects. When the slack resources
are distributed among the projects, a more preferable resource state is obtained and
the new solution can be calculated by solving an MRCPSP for each project with the

new resource dedications.

4.2.1.4. General Resource Capacities Space Search. The RCS search is carried out on

the general resource capacities parts of the individuals by employing GA operators
defined for RPP and a new improvement heuristic, CA for RP, which are explained

below in detail.

Genetic Algorithm Operators

To search general resource capacities space a mutation and a crossover operator
are defined. The mutation operation swaps two general resource capacity values for
a given individual randomly. In crossover operation two different individuals are se-
lected and two random general resource capacity values are swapped between these
individuals. After the application of GA operators, an individual can become infeasi-
ble according to the general resource budget and the RD totals. The general resource
budget infeasibility is corrected by changing the general resource capacities of the re-
sources that are not swapped in the first place. If the general resource capacities
infeasibility cannot be corrected by only decreasing the general resource capacities of
the unchanged resources, then the resources affected by the GA operators are also
decreased accordingly. Similarly, when there is an RD infeasibility, the RD values are

adjusted in proportion to the general resource capacities.
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Combinatorial Auction for Resource Portfolio Problem

CA for RP is an improvement heuristic based on preferences for the general
resource capacities. The application of CA for RP is similar to CA for RD. With the
preferences and slack budget at hand, the slack budget is distributed among general
resource capacities according to the preferences. The amount of budget that will be
used for different resources are determined using a bounded knapsack model similar
to the one used in CA for RD where preferences are profits and slack budget is the
knapsack capacity. The key point of the algorithm is the calculation of preferences for

the general resource capacities.

To determine the preferences of the general resources, the preferences obtained
from the CA for RD can be utilized. The preference of a general resource is calculated
as the sum of the preferences of the individual projects for renewable (Equation 4.12)

and nonrenewable (Equation 4.13) resources as follows.

v

Ik = vak (4.12)
v;l

9= Dui (4.13)
v=1

where p,, and p,; are preferences of project v for renewable resource k& and nonrenewable

resource i, respectively.

The slack for general resource capacities can easily be calculated from the solution
of individual MRCPSP for each project. The difference between the general budget
and the total resource used by all the projects (corrected with resource prices) will give
the slack budget. Combining all these information will give the following knapsack

model.
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I K
mazr z. = Zyigi + Z Yk (4.14)
i=1 k=1
Subject to
I K
Z cw;y; + Z crye < b (4.15)
i=1 k=1
Yi < a (4.16)
Yk < ag (4.17)
y; and yp € ZT (4.18)

where y; (yx) is the positive decision variable for the amount of spare budget given
to nonrenewable resource ¢ (renewable resource k), a; and a, are the upper limits for
the transferred nonrenewable and renewable resources respectively, calculated from the
current general resource capacities and no-delay general resource requirements and b

is the slack budget.

With the results of the above knapsack model the general resource capacities are
updated such that the unused general resource budget is transferred to the resources
with high preference values. The resource dedication values for each project are also
updated according to the new general resource capacities with respect to preferences of
projects for resources. A new solution is obtained by solving MRCPSP for each project

with the new resource dedication values.

4.2.1.5. Execution of the Two-Phase GA. The GA initially starts with ZzH individ-

uals generated as described in Section 2.1.20 RD sub-populations generated from a
general resource capacities instance are subject to only RD space search until conver-
gence. In other words, only RD parts of individuals in the sub-populations are changed.
Here, convergence is defined as the stability in the best fitness value of an RD sub-
population for a general resource capacities instance. In other words, if no improvement
is observed for a specific number of generations for an RD sub-population, this specific
RD sub-population is said to have converged. Whenever an RD sub-population con-
verges, the distinct individuals in it are migrated into the RC population for phase two.

The rationale behind applying RCS search after the convergence of an RD population
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is the possibility to obtain better individuals with RCS search operators applied on
an evolved RD part. For CA for RP heuristic, it is very important to have “good”
preferences of projects for resources since general resource preferences are calculated
from those values. With a converged RD part, the preferences of general resource ca-
pacities will reflect better the value of a general resource with respect to the needs of
the projects. Thus, especially for CA for RP, it is important to have a converged RD
part which would have useful and evolved information that heuristic can use. Note
that until all RD sub-populations converge, RD sub-populations and RP population

run in parallel.

While RD space is searched in the first phase, the evolution in the RP population
involves RCS search as well as RDS search. In the second phase, along with GA
operators for both RD and RP, CA for RP is employed every time CA for RD is
employed.

An elitist strategy is used to select the individuals for the next generation. In
other words, best individuals among the current population and the newly generated
individuals according to their fitness values are included in the next generation. The
individuals for crossover, mutation and CA operators are selected randomly as a di-
versification strategy to compensate for the intensifying effect of the elitist selection

strategy.

The GA parameters used in the test runs are as follows. As defined above, the
size of the population is ZzH. In the preliminary runs it is observed that when Z is
lower than 8 and H is lower than ten, GA cannot give good results overall and when
corresponding parameters are greater than eight and ten, respectively, the algorithm
does not improve. Thus the population size is taken as 80. Based on preliminary test
runs, the probabilities for each crossover and mutation operator and as well as CA
operators are taken as 0.1. GA approaches are terminated when the best solution in
the population does not change for ten iterations or within 180 minutes, whichever is

reached first.
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The execution of the two-phase GA is summarized below.

Initialization: Initialize general resource capacities instances according to the general
resource budget and resource dedication instances according to the general resource

capacities instances.

Step 1: Generate general resource capacities proportional to no-delay resource

requirement totals of the projects.

Step 2: For each resource, determine the capacity equal to the no-delay require-
ment totals of all projects, generate capacities for remaining resources propor-

tional to no-delay resource requirements of the projects

Step 3: Generate random general resource capacities

Step 4: Apply steps 4.1-4.3 for each general resource capacities instance gener-

ated to obtain RD population pools.

Step 4.1: Generate resource dedications proportional to no-delay resource

requirements of the projects

Step 4.2: For each project set the project as the selected project, dedi-
cate nodelay resource requirements to the selected project. For the re-
maining projects generate resource dedications proportional to no-delay re-

source requirements of the projects

Step 4.3: Generate random resource dedications

Run: Run until allowed execution time of 180 minutes is reached or the best solution

in the population does not change for ten iterations
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Step 1 Resource Dedication Space Search: Apply the resource dedication space

search operators in RD populations and RP population

Step 1.1: Apply crossover operations for resource dedication with correspond-

ing probabilities

Step 1.2: Apply mutation operations for resource dedication with correspond-

ing probabilities

Step 1.3: Apply CA for RD with corresponding probabilities
Step 2 Resource Dedication Space Convergence Check: For each RD population
check convergence. If an RD population has converged, move distinct instances

to RP population after applying CA for RP to each individual.

Step 8 General Research Capacity Space Search: For each individual in RP pop-

ulation:

Step 3.1: Apply crossover operation for general resource capacities with the

corresponding probabilities

Step 3.2: Apply mutation operation for general resource capacities with the

corresponding probabilities

Step 3.3: Apply CA for RP, if CA for RD has been applied to the individual

with the corresponding probabilities

Report: Report the resulting schedules when algorithm terminates.
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4.2.2. A Genetic Algorithm with Simultaneous Resource Dedication and

Resource Ccapacity Space Search

Adopting a monolithic view to RPP, a simultaneous execution mode for the pro-
posed GA operators and the CA for RP are introduced. In this execution mode the
individuals in the population are evolved applying general resource capacities space
search (mutation, crossover and CA for RPP) simultaneously with RDS search. In this
approach, CA for RP is applied to individuals, which have completed a CA for RD
iteration. But note that in this case, the RDS may not be searched extensively with
the GA operators; thus the resulting individuals may not have evolved preferences of

projects for resources which in turn may have a negative effect on RCS search.

4.3. Experimental Results

The solution approaches for RPP is tested using a series of test problems. Two
different measures, proposed by Kurtulug and Narula (1985), are used to characterize

and group test problems: network complexity (NC) and maximum utilization factor

(MUF).

When an activity on node representation is used, NC is defined as the number of
arcs divided by total number of nodes. MUF is calculated as the ratio of the no-delay
schedule resource requirement and the available resource. If MUF value is less than
or equal to one, then the resource capacity is sufficient to obtain a no-delay schedule.
In the proposed multi-project environment the resources cannot be shared between
projects. Thus, to have a meaningful MUF measure for the multi-project environment,
the calculation of no-delay resource requirement of the multi-project problem is cal-
culated as the sum of no-delay resource requirements of the individual projects. This
approach reflects the RD policy to the MUF calculation. In addition to this, in the
proposed multi-project scheduling environment the resource capacities are not readily
present but are determined from a given resource budget. Thus, MUF calculation is

modified by calculating the budget value of no-delay resource requirement divided by
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the general resource budget. If MUF value is equal to one, then the general resource
budget is enough to construct a general resource capacities instance that will allow a
no-delay schedule for all projects. Similarly when MUF value is increased, then the

general resource budget becomes tight.

Multi-project problems are generated by combining 6 projects either from 520
or 730 sets of PSPLIB (http://129 .187.106.231/psplib/), developed by Kolisch and
Sprecher (1996). The modes of the activities of the projects are modified to obtain
a mode set that will allow to investigate the behavior of the algorithm for resources
with different prices and contribution to the process of the activities but the general
network structure is kept as it is. The problem sets have four resources, two being
renewable and two nonrenewable. From this resource set, one of each resource type is
designated to lead to faster processing times but to have a higher cost. In addition to
this, since renewable resources have an important impact on decisions in multi-project
scheduling environments, the prices of renewable resources are set slightly higher than

nonrenewable resources in the problem set.

Four different modes are generated with different durations and resource usages
as follows. The fastest mode has the highest cost and it has resource consumption
from all of the resources. The second fastest mode has resource consumption of only
the costly resources with a major amount. The third fastest mode uses only the costly
modes in a moderate amount. And finally, the slowest mode uses only the cheap
resources. The mode generation is depicted Table 4.8 The values are not the exact
coefficients for resource usages or durations but only show the general process. The
durations and resource usages are corrected according to total resource costs of modes
but have random components e and f with a relatively small magnitude. Bold letters

indicate the relatively costly resources.

The test problems are grouped according to different levels of number of activities,
NC and MUF values. Two levels of number of activities (22 and 32) and NC (1.4 and
1.8) and four different levels of MUF (1.4, 1.5, 1.6 and 1.7) are defined and a full
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Table 4.8. General resource usage and duration characteristics of the modes.

Modes| R1 | R2 | N1 | N2 |Duration
M1 22 | b | 2¢ | d X
M2 |2ate| O |2cxe| O x+f
M3 |ate| O |cte| O 2x-f
M4 0 |bxel 0 |cxe 3x

factorial design with ten problems in each combination is generated. In test runs it
has been observed when MUF values are lower than 1.4 the problem approaches the
unconstrained case which is of no interest here. MUF values higher than 1.7 lead to
infeasibility for most of the cases for exact solution approaches. To be able to compare
different solution approaches for different problem characteristics, a base problem group
with ten problems is generated with NC value of 1.8 and MUF value of one for multi-
project problems with 22 and 32 activities. From this base set, problems with different
NC values are generated by randomly deleting precedence relations between different
activities. Similarly problems with different MUF values are generated by adjusting
the general resource budget accordingly. For example, the problem sets with activity
count 22-NC 1.4-MUF 1.5 and activity count 22-NC 1.8-MUF 1.5 have the same mode
structure and general resource budget but the previous combination has some of its

precedence relations deleted to achieve an NC value of 1.4.

The due dates for projects are calculated as in Chapter B to achieve a positive
weighted tardiness value. The project with the highest weight has its due date as the
calculated makespan of the unconstrained case using CPM which is named as no-delay
due date. The due dates become less than the no-delay due date as the weight of
the projects decrease. The total weighted tardiness value calculated with no-delay due

dates and assigned due dates gives a lower bound for the problem.

Results are presented in Tables and [.I0] for projects with 22 and 32 activities
respectively, where Two-Phase GA group refers to GA that employs a two-phase search
for RD and RC spaces and Monolithic GA group refers to the monolithic approach.

Exact group is for the exact solution approach for the given mathematical formulation
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employing CPLEX 11.2. Every row in the tables represents a problem group and
is identified with the corresponding entry in the NC-MUF column which shows the
corresponding network complexity and maximum utilization factors used. There are
ten problems instances in a problem group. The following notation is employed in
Tables and L.10 AWT stands for the average weighted tardiness for a problem
group. AWTD is the average deviation for the weighted tardiness values for a problem
group from the corresponding AWT values obtained by the Two-Phase GA approach
for the cases where exact solution approach can find a feasible (or optimal) solution. NA
indicates the case where no feasible solution can be reached when employing the exact
solution approach. ART column reports the average execution time of the solution
approaches in minutes for a problem group. All of the solution approaches have a run
time limit of 180 minutes, in addition to this the GA approaches terminates if the best
solution is not improved for ten iterations. OS column shows the number of instances
that the optimal solution is found in a problem group whereas NS column shows the
number of instances that no solution is found in a problem group. For the exact solution
approach, if OS + NS # 10, then the difference is the number of incumbent solutions

(a feasible solution that is not proven to be optimal).

Table 4.9. The results for problem groups with 22 activities.

Two-Phase GA Monolithic GA Exact
NC-MUF| AWT| ART|OS|NS|AWTD| ART|OS|NS|AWTD| ART|OS|NS
1.4-1.4| 36.00| 36.11| 8| 0| 6.60| 49.18| 7| 0| 0.00] 3.31| 8| 0
1.4-1.5| 47.70| 84.58| 8| 0| 13.90( 96.14| 2| O 1.11/108.48| 8| 1
1.4-1.6| 67.00/127.70| 1| 0] 31.80(157.30| 0| 0| 22.75|226.50f 2| 6
1.4-1.7|104.00|135.50 1| 0| 34.50|162.40| 0| 0| 5.00|240.00| 1| 8
1.8-1.4] 39.40| 32.31| 9| O 5.101 3851 7| O 0.00] 21.12] 9| 1
1.8-1.5| 51.80| 76.96/ 7| 0| 19.60| 91.39| 0| 0| 0.00|105.55| 7| 3
1.8-1.6] 72.90|144.90| 1| 0| 32.60({171.40| 0| 0| 19.30{240.00f 1| 7
1.8-1.7| 99.70|144.40/ 1| 0| 31.10|167.60| 0| 0| 10.00|240.00| 0| 9
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Table 4.10. The results for problem groups with 32 activities.

Two-Phase GA Monolithic GA Exact
NC-MUF|AWT| ART|OS|NS|AWTD| ART|OS|NS|AWTD| ART|OS|NS
1.4-1.4|35.00( 18.56| 10| 0| 0.00| 19.55| 10| 0| 0.00| 14.80| 10| O
1.4-1.5(35.60| 98.42 7| 0| 17.70|111.80{ O O 3.83|114.73| 4| 4
1.4-1.6]62.40/144.80| 0| 0| 30.60({170.60| 0| O NA|240.00| 0] 10
1.4-1.7|73.80{133.80| 0| 0| 32.40/163.80| 0| O NA|240.00| 0] 10
1.8-1.4|35.00( 49.65| 10| 0| 1.90| 47.33| 8| 0| 0.00| 62.13| 10| 0
1.8-1.5|39.20( 73.17| 7| O 9.00| 85.69| 4| 0| 3.83|118.09| 4| 4
1.8-1.6/63.30{135.70| 0| 0| 37.00/173.30| 0| O NA|240.00| 0] 10
1.8-1.7/82.60/146.90| 0| 0| 32.10({166.00| 0| O NA|240.00| 0] 10

The results can be examined according to the solution quality and solution time
and compared using paired t-test. It is intuitive and obvious that MUF is the most
significant factor for the difficulty of the problem instances. For the relatively easy
problems (with MUF values 1.4), all of the solution approaches can find the optimal
solution in a reasonable time. With moderate MUF values (1.5), the monolithic GA
with simultaneous RD and RP search and the exact solution approach start to fall back
compared to the two-phase GA. For the hardest problems of the set (with MUF values
1.6 and 1.7), the gap between the two-phase GA and the other solution approaches
widens. Note that the exact solution approach cannot find results in the given time
limit for a significant number of problems for projects with 22 activities and for any
of the problem instances for projects with 32 activities. To summarize the results for
solution quality, one can say that two-phase GA gives significantly better results than
the monolithic GA, which shows the benefit of exploring the problem space in different
phases. Furthermore, for relatively easy problems, the two-phase GA gives competitive
results compared with the exact solution approach. For problem instances with higher
MUF values, the two-phase GA has a clear solution quality advantage over the exact

solution approach, which even fails to find feasible solutions for most of the cases.

When the results are compared according to the solution times, it can be seen
that the exact solution approach is significantly better than the GA approaches when
problems are relatively easy (with MUF values 1.4). This can be explained by the
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heavy initialization cost for the GA approaches, which does not pay off for the easy
cases. For MUF values 1.5, 1.6 and 1.7, the two-phase GA is significantly better than
the remaining approaches with respect to solution times. This shows that the two-
phase GA approach explores the solution spaces more effectively than the monolithic
GA with simultaneous space search. In other words, searching RCS after the RD space

search has converged, improves the execution time of GA.

As we have mentioned in Chapter Bl a strong lower bound for the test cases
can help us to judge the quality of the solution approaches. To obtain a strong lower
bound for the problems, similarly, we have added an initial solution, which is the best
solution obtained by Two-Phase GA procedure, to the CPLEX and used the reported
lower bound. Average Gap column shows the average distance of the weighted tardiness
values obtained by GA procedures to these lower bounds. WT and WTD columns show
the the total weighted tardiness and deviation between GA procedures and CPLEX
feed by initial solution, respectively. The average row show the average values for the
respective columns. We have tested 12 cases from the problem set with different NC
and MUF values and obtained the following average gaps for Two-Phase and Monolithic
GA in Table E111



Table 4.11. The results for the gaps for GA procedures for selected cases.

Exact Two-Phase Monolithic
Problem LB | UB | WT |WTD|Gap| WT |WTD |Gap
Probleml | 35 | 35 | 41 6 |0.17| 48 13 |0.37
Problem2 | 44 | 44 | 53 9 10.20| 82 38 10.86
Problem3 | 67 | 67 | 69 2 10.03] 105 | 38 |0.57
Problem4 | 39 | 39 | 41 2 10.05| 65 26 10.67
Problem5 | 46 | 51 | 69 18 | 0.5] 104 | 53 |1.26
Problem6 | 67 | 71 | 82 11 |0.22| 100 | 29 {0.49
Problem7 | 35 | 35 | 35 0 0 | 48 13 |0.37
Problem8 | 49 | 52 | 82 30 |0.67| 118 | 66 |[1.41
Problem9 | 70 | 70 | 76 6 |0.09| 112 | 42 |0.60
Problem10| 35 | 35 | 36 1 10.03| 55 20 10.57
Probleml1l| 49 | 57 | 77 20 10.57| 99 42 1.02
Problem12| 70 | 70 | 77 7 |01] 123 | 53 |0.76
Averages [50.50(52.17|61.50| 9.33 |0.22[88.25|36.08 | 0.75

7

As it can be seen from the results, the reported average weighted tardiness devi-

ation and average gap value are tolerable for Two-Phase GA.
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5. RESOURCE PORTFOLIO PROBLEM UNDER THE
RELAXED RESOURCE DEDICATION POLICY

5.1. Problem Definition and Mathematical Model for Resource Portfolio

Problem under the Resource Dedication Policy

Resource Dedication policy addresses an important aspect in multi-project en-
vironments and together with RS policy define two extreme resource management
policies in multi-project scheduling problem environments. Even though RD and RS
policies cover an important part of the multi-project environments, there can be differ-
ent extensions to aforementioned resource management policies because of the different
characteristics of the multi-project environment. In this Chapter we will investigate
an extension for the RD policy where transferring renewable resources of a project is
allowed after the project is completed but only to the projects that start after the
completion time of the transferring project. This policy is called Relaxed Resource
Dedication (RRD) policy. This concept is enabled with possible sequence relations

among projects with start time decision variables.

RPP in a multi-project environment is the determination of general resource ca-
pacities for a given total resource budget, dedication of a set of resources to a set of
projects with assigned due dates according to the determined general resource capac-
ities, and determining the project sequence relations and resource transfers between
feasible projects (according to the project sequence relations) in such a way that in-
dividual project schedules would result in an optimal solution for a predetermined
regular objective function. The objective for the problem environment is taken here
as the minimization of the total weighted tardiness of the projects. Mathematical pro-
gramming formulation for the RPP under the RRD and the corresponding sets (Table
[.1]), parameters (Table B.2]) and decision variables (Table £.3) are given below.



Table 5.1. The sets for RPP under RRD policy.

Set of projects, v € V

Set of activities of project v, j € J,

Set of all precedence relationships of project v

Set of modes for activity j of project v, m € M,,

Set of renewable resources, k € K

~ =g |n|s]=

Set of nonrenewable resources, i € 1

e

Set of time periods

Table 5.2. The parameters for RPP under RRD policy.

E,; Earliest finish time of activity j of project v

Ly; Latest finish time of activity j of project v

dyjm | Duration of activity j, operating on mode m

Tvikm | Renewable resource k usage of activity j of project v, operating on
mode m

Wyjim | Nonrenewable resource 4 usage of activity j of project v, operating on
mode m

dd, Assigned due date for project v

Cy Relative weight of project v

CrE Unit cost of renewable resource k

cw; Unit cost of nonrenewable resource ¢

th Total resource budget

Q A big number calculated as the sum of time periods of all projects
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Table 5.3. The decision variables for RPP under RRD policy.

80

1 if activity j of project v, operating on mode m is finished
Xojmt at period ¢
0 otherwise
BR,. | Amount of renewable resource k dedicated to project v
BW,; | Amount of nonrenewable resource i dedicated to project v
TC, Weighted tardiness cost of project v
Ry Total amount of required renewable resource k
W; Total amount of required nonrenewable resource 4
F, Release time of project v
SR,y | Amount of renewable resource k transferred to project v’ from
project v
v 1 if project v’ is released after project v is finished
" 0 otherwise

Mathematical Model RPP-RRD

min. z = ZTC’U

veV

Subject to

Ljy
Y Xym=1 VjeN andVoeV

mEMvj tZEvj

Lva

Ly
Z Z (t_dvbm)vamt Z Z Z thamt

meMyj t=Eyp meM,j t=Fyq
J J

vV (a,b) e Pand Vv eV

L’UN
Fy—F,— Y > tXovu <QY,y) Voo eV

t:E'uN mGMUN

L’UN
Fot Y > tXynm—Fy <Q(1-Y,,) Vo eV

t:E'uN mGMUN

(5.1)

(5.2)
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SR, < Q(Y;w/) Voo €VandVke K (5.6)
t"rdv]m
Z Z Z Tv]km vjmq S BRvk + Z SR
JENy mEMy; v eV
Vke KVteTVveV (5.7)
YYD wyimXejm < BWy,  VielandVuveV (5.8)
JENy meEM,j t=E,;
BRy,+» SRy >> SR, VkeKandVveV (5.9)
o ev eV
Y BRy <R, VkeK (5.10)
veV
> BW,<W;, Viel (5.11)
veV
> cwWi+ > ergRp < th (5.12)
el keK
LvN
TC, > Co(Fy+ > > tXynm —dd,) YveV (5.13)
t=E,N mEM,nN
Xomt €{0,1} VjeJ VteT,VmeMy;adVveV (5.14)
BRy, BWy, Ry, W;, TC, € Z+ NVYveV,Vke KandVicl (5.15)
Y,, €{0,1}, F, and SR/, € Z* Vwv, o' €V andVke K (5.16)

The objective function (Equation 5.1) is the minimization of the total weighted
tardiness cost for all projects. Constraint sets (Equation 5.2) and (Equation 5.3) impose
activity finish and precedence relations. Constraint sets (Equation 5.4) and (Equation
5.5) set the decision variable Y, to one, if project v is finished before project v’ is
released, and to 0 otherwise. Thus, the SR, values will only have positive values,
if project v is finished before project v’ is released (constraint set (Equation 5.6)).
Constraint set (Equation 5.7) limits the renewable resources employed for each project
with the dedicated renewable resources and the transferred renewable resources from
the other projects. Constraint set (Equation 5.8) calculates the nonrenewable resource
dedication values available for each project. In constraint set (Equation 5.9), the
total resource that can be transferred by a project is limited with the total resource
dedicated to this project and the total resource it gained from transfers. Constraint sets

(Equation 5.10) and (Equation 5.11) calculate the total renewable and nonrenewable
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resource requirements, respectively. Constraint (Equation 5.12) limits the sum of the
total renewable and nonrenewable resource costs with the general resource budget. And
finally, constraint set (Equation 5.13) calculates the weighted tardiness value for each
project. Constraint sets (Equation 5.14)-(Equation 5.16) define the feasible ranges for

the decision variables.

Note that in the above formulation every project has an independent time index.
The following constraints enables an independent time index for each project. First of
all, the coupled resource constraints for projects (constraint sets (Equation 5.4) and
(Equation 5.5)) do not include a time period index. In addition to this, to calculate
start and finish times of projects while including project sequence relations, constraint
sets (Equation 5.10) and (Equation 5.11) are used. In this constraint, if there is a
sequence relation between two projects, then the successor projects start time decision
variable (F,/) is given a lower bound of finish time of the predecessor project (the
finish time of the predecessor project is also corrected with the corresponding start
time decision variable, F,). Note that the separation in time indices for each project
decreases the number of activity finish decision variables (X,;m¢) since every project

will have its individual upper bound for time periods.

5.2. Solution Methodologies

5.2.1. A Modified B&C Approach for RPP under the RRD

The given mathematical model for RPP under the RRD policy is a complex
scheduling problem. It is even very difficult to reflect all the aspects of the problem
to a heuristic approach. Thus to solve RPP-RRD, B&C procedure of ILOG CPLEX
version 11.2, which will be referred as CPLEX from now on, is modified with different
branching strategies, feasible solution approaches and valid inequalities. First of all,
the general procedure of CPLEX will be briefly discussed and then modifications will

be explained in detail.
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5.2.1.1. General Branch and Cut Procedure of ILOG CPLEX. CPLEX employs the

well known B&C procedure to solve integer problems. The general B&C procedure
starts with preprocessing of the given problem and proceeds with the given steps below

as given in ILOG (2009):

(i) A node from the tree is selected.
(ii) The linear programming (LP) relaxation of the problem at the selected node is
solved and a lower bound is generated.
(iii) Cutting planes are generated to cut off the current solution.
(iv) An heuristic procedure is invoked to generate an integer feasible solution close to
the current relaxation solution and an upper bound is generated.
(v) A branching variable is chosen

(vi) Two nodes are generated and included to the tree.

All these steps can be modified by the user by employing special purpose algo-
rithms that are developed for the problem at hand. The control of the above procedures
is enabled with callback functions in the CPLEX. At every node, when a feasible LP
relaxation solution is found for the problem, the associated callback functions for each
of the above procedures can be used to control the details of the B&C procedure. Three
basic steps will be modified to control the details of the B&C procedure in this study;
branching, feasible solution generation and local cut generation. Below explanations

of these modifications are given in detail.

5.2.1.2. Branching Strategy for the RPP under the RRD Policy. The selection of branch-

ing variables can greatly improve the execution time of the B&C procedure. Model
RPP-RRD has two sets of binary and seven sets of integer decision variables which can
be used to generate branches. In CPLEX, the branching can be modified by giving
priorities to decision variables or directly selecting a decision variable for branching on
a viable node. In this study, we select the branching variable explicitly or leave it to

CPLEX.
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The proposed branching strategy is based on the structure of the mathematical
model RPP-RRD. Note that when Y, variables are known, the problem reduces to
RPP with available resource transfer options according to the values of Y, decision
variables. In other words, when Y, variables are set, the remaining decisions are
general resource capacities, resource dedications, resource transfers between feasible
projects (for projects finish before the start of another one) and finally scheduling of
individual projects. This structure of the problem not only facilitates the search but
also allows for different feasible solution generation approaches. To branch on Y,
decision variables, the branch callback function of CPLEX is used and branches are
generated from integer infeasible variables from the linear relaxation solution on the

node explicitly and fed into B&C procedure of CPLEX.

The selection rule for Y, variable among the integer infeasible ones is given below:

Initialization: Select all the projects that have integer infeasible Y, decision

variables in a node and add selected projects to set InP.

Step 1: Select the projects from InP that do not have any sequence relations
(i.e., all Y,, and Y, variables are integer infeasible for project v) and add selected

projects to set SP. If set SP is empty, then go to step 2; else go to step 4.

Step-2: Select the projects from InP that are the predecessor projects in their
sequence relations (i.e. all Y, variables are integer feasible and 0 for project
v) and add selected projects to set SP. If set SP is empty, then go to step 3; else
go to step 4.

Step-3: Select the projects from InP that have integer infeasible Y, decision
variables and add selected projects to set SP, go to step-4.

Step-4: Select the project v from SP with maximum weight and select the project

v’ with minimum weight among the projects that have integer infeasible Y,
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values. Generate two branches with the selected Y, decision variable (Y, < 0

and Y, > 1).

This selection procedure gives the priority to projects without any sequence re-
lations, and then to the projects that are predecessor in their sequence relations. For
tie breaking projects weights are used. When all Y, decision variables are integer
feasible in a node, then BR,,;, decision variables are selected as the next variables for

branching.

Another selection procedure based on ratio of due date and weight of the projects.
This ratio prioritize projects with earlier due dates and higher weight values. In the
preliminary test runs it has been observed that there is not a significant difference

between two approaches.

The selection rule for BR,,; variable among the integer infeasible ones is given below:

Initialization: Select all the projects that have integer infeasible BR, decision

variables in a node and add selected projects to set InP.

Step-1: Select the projects from InP that do not have any predecessors (i.e.,
all Yy, variables are 0 for project v) and add selected projects to set SP. If set
SP is empty then go to step 2 else go to step-4.

Step:2 Select the projects from InP that have at least one successor (i.e., at least
one Y, variable is equal to one for project v) and add selected projects to set

SP. If set SP is empty, then go to step 3 else go to step-4.

Step-3: Select the projects from InP that have integer infeasible BR,; decision
variables and add selected projects to set SP, go to step-4.

Step:4 Select the project v from SP with maximum weight and select correspond-
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ing renewable resource k with integer infeasible B R, decision variable and max-
imum resource cost. Generate two branches with the selected BR,;, decision vari-
able.(BR,; < | Linear RelaxationSolutionV alue| and

BR, > [Linear RelaxationSolutionV aluel).

This selection procedure similarly favors predecessor projects in their sequence
relations. Note that, when all BR,, variables are integer feasible the branching proce-

dure is left to CPLEX.

5.2.1.3. Feasible Solution Generation Procedure. At each viable node, CPLEX at-

tempts to generate a feasible solution close to the solution of the LP relaxation. If
good (in some cases any) feasible solutions can be generated, CPLEX can use these
solutions to facilitate the execution of the B&C algorithm. The proposed branching
strategies prioritize branching on Y, variables which results in integer feasible values
for these variables in the early stages of B&C procedure. This structure can be used to
generate feasible solutions, since when Y, variables are known, the remaining problem
reduces to RPP with possible resource transfers according to the values of Y, decision
variables. The solution approaches developed for RDP in Chapter [Bland RPP in Chap-
ter d can be modified and used to generate feasible solutions at these stages of the B&C
procedure. In Chapter Bl an improvement heuristic based on preferences of projects for
resources, CA for RD, is proposed which moves the current resource dedication state
of the problem to a more “preferable” resource state within the given general resource
capacities, such that the objective function would be improved (the objective function
value will at least remain the same). Similarly, in Chapter [, an improvement heuristic
based on general resource preferences, CA for RP, is proposed which moves the current
general resource capacity state to a more “preferable” resource state within the given

resource budget.

The proposed feasible solution generation procedure basically determines the gen-
eral resource capacities, resource dedication values and resource transfers (according

to the values of Y, variables) and generates an initial solution (not necessarily fea-
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sible). And then, this initial solution is improved with CA for RD and CA for RP

improvement heuristics. The procedure for feasible solution generation is given below:

Initial Solution Generation

Step-1: Calculate no-delay renewable and nonrenewable resource requirements
of all projects and determine total required budget for these values. Dedicate
nonrenewable resource values proportional to the no-delay requirements of the

projects and total required budget as follows:

BV — NoDelayRequirement,; x General Budget (5.17)
v Total Required Budget '

Calculate remaining resource budget after nonrenewable resource dedication.

Step-2: Select all projects that does not have any predecessor projects in their
sequence relations, such that for project v, for all v’; Y, values are 0. Add these
projects to NP set. Add projects v’ to set SP, for each project v in NP, such
that for project v’, Y, = 1.

Step-3: Calculate no-delay renewable resource requirements of projects in NP
set. Check if these resource amounts are sufficient for no-delay resource require-
ments of successor projects of v in set SP,, if not, calculate necessary amounts
as additional renewable resources. Determine desired general renewable resource
capacities with these calculated values and then determine total required budget
for these desired values. Calculate realized general renewable resource capacities
from remaining budget, proportional to desired values and remaining resource

budget as follows:

R Desired ResourceCapacity, X RemainingBudget
ko Total Required Budget

(5.18)
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Step-4: Calculate total no-delay resource requirement of a project as the sum
of no-delay resource requirement of corresponding project and additions required
for successor projects. Calculate renewable resource dedication values for projects
in NP proportional to their total no-delay resource requirements using general

renewable resource capacities calculated in step-3 as follows:

Total NoDelayRequirement,, x Ry,

BR!, = (5.19)

Total NoDelay Requirement;,

Calculate the renewable resource transfer values for projects in SP with the fol-

lowing mathematical model:

V K \%
min.z =Y > (NDy = > SRyup) (5.20)
v k v’

Subject to

SRyyr < BR.,Y,y, Vv, v eVandVkeK (5.21)
\%4

> SRy <BRvk veVandVkekK (5.22)
v

> SRy <NDy wveVandVkek (5.23)

where BR), is the renewable resource dedication values for projects in NP set
calculated in previous step-4 and N D, is the no-delay renewable resource re-
quirement for projects in SP set. This mathematical model tries to determine
resource transfers among available projects such that the deviation between total
resource transfers to a project and its no-delay resource requirement is minimized

over all projects.

Step-5: With renewable and nonrenewable resource dedication values, resource
transfer values and precedence relations of projects, at hand, problem reduces
to MRCPSP for each individual project. Solve single project scheduling prob-

lems for each project and obtain an initial solution by calculating start times
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and finish times of the projects considering sequence relations and single project

scheduling results.

Note that the special structure of the mathematical model RPP-RRD allows the
calculation in step-5. The individual projects have their time periods independent
from the other projects in the multi-project environment. Thus when their individual
schedules and sequence relations are given the resulting schedule for multi-project
problem can be easily calculated.

Solution Improvement with CA for RP
Step-1: Apply CA for RD to the initial solution till no improvement is seen.

Step 1.1 Determine preferences of projects for resources for each project

Step 1.2 Determine total slack resources for each project (total difference

between allocated resources and given resource capacities for each project)

Step 1.3 Employ a continuous knapsack model to maximize the total pref-

erence value gained by dedicating the spare resources to projects.

Step 1.4 Calculate schedules for each project with the given resource state.

Step-2: Apply CA for RP to the initial solution till no improvement is seen.

Step 2.1 Calculate preferences for general resources summing up preferences

of projects for resources over all projects.

Step 2.2 Determine the slack resource budget for each resource (total dif-

ference between used budget and total budget)
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Step 2.3 Employ a continuous knapsack model to maximize the total pref-
erence values gained by transferring slack budget to general resource capac-

ties.

Step 2.4 Apply CA for RD to the new general resource capacity state

The preferences of projects for resources are calculated with the Lagrangian re-
laxation of the project scheduling formulation of Talbot (1982). The MRCPSP formu-
lation of Talbot (1982) is modified with a constraint which limits the completion time
of the project with its no-delay completion time. The basic rationale behind this ap-
proach is to capture the infeasibility tolerated for the corresponding resource to reach
the no-delay completion time with corresponding Lagrangian coefficients. The values
of Lagrangian coefficients are taken as preferences of projects for resources. Then us-
ing these preferences, the resource dedication state of the solution is moved to a more
preferable state and a new schedule for each project is calculated. Detailed information

related with CA for RD can be found in Chapter Bl

Similarly CA for RP uses preferences of projects for resources to calculate general
resource preferences simply summing up project preferences for each resource. Then
the general resource capacity state is moved to a more preferable state and CA for RD
is applied for this new solution to modify resource dedication values accordingly and

to obtain a new solution as described in Chapter [l

5.2.1.4. Valid Inequality Generation. Valid inequalities can improve the B&C proce-

dure and can have an important impact on the efficiency of the procedure. CPLEX
generates various valid inequalities based on polyhedral theory. One additional valid
inequality, namely sequence valid inequality, will be generated at every viable node

whenever a Y, decision variable is set to one:

Fy > F4+EPY,, Y0, 0)€V: Yy =1 (5.24)
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where F P, is the possible earliest completion time of project v calculated from CPM.

Note that these valid inequalities can be applied a priori in the problem formu-

lation with the following constraint set:

Fy > F,+PEAQ(ypy—1) Voo eV (5.25)

5.3. Experimental Results

To test the efficiency of the proposed modification for CPLEX two different
problem sets are used. The first problem set is a control set, which is used to roughly
identify the effects of different modifications and rapidly observe the project sequence

relations among the projects. The second problem set is the instances used in Chapter

4

The problems in the first set are taken from the PSPLIB (http://129 .187.106.231/
psplib/), developed in Kolisch and Sprecher (1996). Two projects from each j16, j20
and 730 sets are taken and one of the projects in each problem set have a weight value
significantly higher than the other one. This modification enabled a rapid observation
of project sequence relations when combined with a tight resource budget. The modes
of the activities are modified such that the total resource cost of modes and their corre-
sponding durations are proportional with diminishing returns for mode durations. The
due dates of projects are set to their calculated no-delay due dates. A total number
of 20 problems are generated in this way. The results are given in Table [5.4] below.
The first row shows the best combination of the proposed modifications according to
absolute gap and objective value of the best feasible solution which turns out to be Y,
Branching - Heuristic Solution - Sequence Valid Inequality. AWT and AG columns
show the average weighted tardiness and average gap respectively. Note that for both
of the columns, only the common problems that have given feasible solution are used.
Finally ART and NS columns show the average run time for the procedure and the

number of problems that no feasible solutions can be found with the given combination,
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respectively.

Table 5.4. The results for different combinations of the proposed modifications.

Combination AWT | AG |ART|NS
Y., Branching - Heuristic Solution - Sequence Valid Inequality|33.00|1.83| 240 | O
Unmodified 39.50 | 3.81 | 240 |18
Y, Branching 74.7116.65 | 240 | 3
Sequence Valid Inequality 39.5 | 3.43 | 240 | 18
A priori Valid Inequality 39.5 | 3.47 | 240 | 18
Y, Branching - Heuristic 60.30 | 4.75| 240 | O
Y, Branching - Heuristic Solution- A priori Valid Inequality 349511.85| 240 | O
BR,;, Branching 51.50 | 4.51 | 240 | 18
BR,; Branching - Heuristic 203.62(25.56| 240 | 4
Y, and BR,j Branching - Heuristic - Sequence Valid Inequality 89.00 (34.09| 240 | 2

As it can be seen from the Table [5.4] two of the approaches cannot find feasible
solution for most of the problems: (i) Unmodified CPLEX and (ii) BR,x Branching
approaches could only find two feasible solutions out of 20 problems. Thus for these
cases a comparison cannot be made with the other solution approaches and they will
be excluded from the analysis. When branching strategy of CPLEX is modified with
Y,» branching, an important improvement can be obtained such that only three out
of 20 problems are infeasible. In addition to this, when heuristic solution approach
is included to the B&C procedure of CPLEX, the remaining three problems are also
solved. The same improvements cannot be seen when branching strategy is changed
with BR,,. Even though the B&C procedure is improved with addition of heuristic
solution approach, the results are inferior to Y, branching when they are compared

according to solution quality.

Note that, the valid inequality additions do not have a value when solely applied
(could not find feasible solution for 18 problems out of 20). This shows that the valid
inequality modification only improves the procedure when there is an upper bound
provided with Y, branching and heuristic solution approach. In addition to this, there
is not a significant difference between a priori applied and locally applied sequence valid

inequalities. Thus, we will employ locally applied valid inequalities which is referred
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as sequence valid inequalities.

When modifications are compared according to the solution quality it is observed
that Y, Branching - Heuristic Solution - Sequence Valid Inequality combination gives
the best results overall. We can observe that all Y, branching, heuristic solution
approach and sequence valid inequality modifications have a cascading effect, such
that the solution quality always increases significantly when modifications are used on
top of each other. In Table 5.5 the AWT for problems that all of these three different

levels of modifications have found feasible solutions are given.

Table 5.5. The results for cases where all approaches found feasible solutions.

Combination AWT

Y.+ Branching - Heuristic Solution - Sequence Valid Inequality|32.06

Y, Branching - Heuristic 62.88
Y, Branching 74.71

Even though the modifications improve the UB values, the gap between LB and
UB values are very high. The Y, branching and heuristic solution approach modifica-
tions does not improve the average gap but sequence valid inequality has a significant
effect on gap values when used with heuristic solution approach and Y, branching
strategy. Not that, despite of the improvement in UB values, the AG is still very high

such that a termination by optimality cannot be obtained.

The second problem set consists of the problems generated in Chapter d. The
results in Chapter M showed that for cases with MUF values 1.4 and 1.5 the problems
are relatively easy such that all of the solution approaches can find optimal solutions
for most of the cases. Thus for this experimental study, problem sets only with MUF
values 1.6 and higher will be used. In addition to this, it has been observed that NC
does not have a significant effect on solution quality, thus only cases with NC value of
1.8 will be used. The results for problem sets for projects with 22 activities are given
in Tables 6.6l B.7, 5.8 and for 32 activities in Tables 5.9 [5.10] 5.11], respectively. Note
that when a solution procedure cannot find a reasonable number of feasible and/or

optimal solution, it is not included in the following tables with higher MUF values
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Table 5.6. The results for 22 activities, 1.8 NC and 1.5 MUF.
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Combination AWT | AG | ART |NS
Y. Branching - Heuristic Solution - Sequence Valid Inequality|41.00(0.04|158.34| 0
Y, Branching - Heuristic 42.50 [0.12190.62 | 0
Yy Branching 44.40 [0.17(195.97| 0
Unmodified 44.7510.23| 216.70 | 6
Table 5.7. The results for 22 activities, 1.8 NC and 1.6 MUF.
Combination AWT | AG | ART |NS
Y.+ Branching - Heuristic Solution - Sequence Valid Inequality|44.33|0.17|200.50| O
Y, Branching - Heuristic 51.17 | 0.33| 240 0
Y, Branching 44.40 1 0.28 | 240 4
Table 5.8. The results for 22 activities, 1.8 NC and 1.7 MUF.
Combination AWT | AG | ART |NS
Y.+ Branching - Heuristic Solution - Sequence Valid Inequality|79.50|0.39|200.50| 0
Y, Branching - Heuristic 82.30 10.47| 240 0
Table 5.9. The results for 32 activities, 1.8 NC and 1.5 MUF.
Combination AWT | AG | ART |[NS
Y, Branching - Heuristic Solution - Sequence Valid Inequality|35.30({0.01(49.34| 0
Y, Branching - Heuristic 37.10 [ 0.06 [148.72| 0
Y, Branching 35.2010.01149.34| 0
Unmodified 237.83|5.79(219.06| 4
Table 5.10. The results for 32 activities, 1.8 NC and 1.6 MUF.
Combination AWT| AG |ART|NS
Y, Branching - Heuristic Solution - Sequence Valid Inequality [47.33]0.25| 240 | 1
Y., Branching - Heuristic 50.78 10.35| 240 | 1
Y, Branching 94.75 | 1.58| 240 | 6
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Table 5.11. The results for 32 activities, 1.8 NC and 1.7 MUF.

Combination AWT| AG |ART|NS
Y, Branching - Heuristic Solution - Sequence Valid Inequality |96.62|0.48| 240 | 2
Y., Branching - Heuristic 96.62 [ 1.06 | 240 | 2

When results for cases with 22 activities with 1.5 MUF values it can be seen the
AWT for each modification combination and unmodified CPLEX are not significantly
different but unmodified CPLEX cannot find feasible solution for most of the cases
(six out of ten problems). Even though the AWT values do not differ significantly for
solution approaches, the AG for Y, Branching - Heuristic Solution - Sequence Valid
Inequality modification combination is significantly lower than the other cases. This
shows that when MUF values are not relatively tight project sequence valid inequalities
can improve the lower bound for the B&C procedure. For the cases with MUF values
1.6 Y,, Branching - Heuristic Solution - Sequence Valid Inequality modification combi-
nation has a significant AWT and AG advantage when it is compared to the remaining
modification combinations. Note that Y, branching modification starts to fall behind
and cannot find feasible solutions for four cases out of ten. The lower AWT values for
Y, branching modification is the result of this limited feasible result base where it
can find competitive results with the other approaches. The final test cases with MUF
values 1.7 has some interesting implications. The two remaining modification combi-
nations, namely Y,, Branching - Heuristic Solution - Sequence Valid Inequality and
Yo Branching - Heuristic Solution, do not have a significant AWT difference and the
difference between AG values further diminishes with respect to cases with lower MUF
values. This points out that the effectiveness of sequence valid inequality is highly
correlated with MUF values and the improvement decreases when resource budget is

tight.

The results for cases with 32 activities are very parallel to results for the cases
with 22 activities. Y, Branching - Heuristic Solution - Sequence Valid Inequality
modification combination has a significant advantage for AWT and AG performance

measures for all cases with diminishing returns respect to MUF values.
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6. CONCLUSIONS AND FURTHER RESEARCH TOPICS

Multi-project management is a major way of doing business both in manufactur-
ing and services and, being a large-scale complex problem, it constitutes an important
research area. Available approaches to this problem in literature generally address a
multi-project management environment where the individual projects can share the
available resources from a common pool. In this dissertation, we have proposed dif-
ferent resource management policies that can define multi-project environments with
different characteristics. The first resource management policy proposed is RD Policy
where resources are dedicated to projects during their execution and cannot be shared.
The second policy is an extended version of RD policy where resource transfers are
allowed among projects when a project finishes before the start of another one. This
policy is called the RRD policy. With RD concept we have defined a project manage-
ment environment where resources are dedicated to the different projects and managed
individually. On the other hand RRD extension introduces an internal sequence re-
lation decision among projects which can be seen as another important managerial

concept in multi-project scheduling environments.

The proposed resource management policies are investigated in a multi-project
environment including general resource capacity decisions and a general budget. With
this approach, general resource capacity considerations are incorporated into the prob-
lem environment, which are an important part of the problem environment since the
coupling of projects are enabled through resource related constraints. This problem
environment is called the Resource Portfolio Problem. We have introduced different so-
lution procedures for RPP under proposed resource management policies and employed

the insights we have gained from focused problems to the more complex ones.
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6.1. Basic Contributions of the Dissertation

The contributions of the dissertation can be summarized under two main groups.
The first group is related with the conceptual and mathematical modeling contribu-
tions to the multi-project scheduling literature. We have expanded on the resource
management concept and proposed different resource management policies that cover
different aspects of the multi-project scheduling problems. These resource management
policies do not cover all the aspects of the multi-project scheduling environments but

define some important characteristics of the different problem environments.

RD Policy is the first policy investigated in this dissertation. RD and RS policies
define the two extremes of resource management where in RD policy, resources cannot
be shared but, on the other hand, in RS policy, there is not a restriction on sharing the
resources. Thus, with RD policy, an important inconsistency between certain multi-
project scheduling environments (with geographical limitations and/or some certain
characteristics of projects and/or resources that hinder RS) and general assumptions
of multi-project scheduling literature is removed. In order to address a relatively larger
set of cases from the multi-project environments met in practice, RD policy is extended
introducing the so-called RRD policy. With RRD policy resources can be transferred
among projects when a project starts after the finish of another one. This concept also

introduces an internal sequence relation decision into the problem environment.

Apart from a couple of examples in literature, the general problem settings
for multi-project scheduling do not include general resource capacity decisions into
the model which are in fact conceptually one of the most important parts of the
multi-project scheduling problems since they are the key aspects that couple different
projects. Thus, to investigate different resource management policies with a complete
multi-project problem environment general resource capacity decisions are added to the
problem environment together with a limiting general budget. We call this problem as
the Resource Portfolio Problem and we propose different mathematical formulations

for RPP under different resource management policies. All these concepts and mathe-
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matical models developed for these issues constitute the first group of contributions of

this dissertation.

The second group of contributions of this dissertation is basically the solution
approaches developed for RPP under RD and RRD policies. First of all, to understand
the basic characteristics of RD policy, we have used a narrowed problem environment
without general resource capacity decisions. This problem is called the Resource Ded-
ication Problem. A genetic algorithm is proposed for RDP with a new improvement
heuristic, namely Combinatorial Auction for RD. This improvement heuristic is based
on preference concept. The preference of a project for a resource can be defined as the
value of the resource for the project with respect to the current resource state of the
project. We have developed two different approaches for preference calculation: linear
relaxation based and Lagrangian relaxations based. The latter one turned to be more

efficient.

The insights gained from RDP are used to develop solution approaches for RPP
under RD policy and resulted with a two-phased GA. In the first phase, the RD space
is searched whereas in the second phase, resource portfolio space search is included to
the GA. RP search is facilitated with a new improvement heuristic, namely CA for RP
which is based on general resource preferences. General resource preferences can be
defined as the value the multi-project environment gives to the corresponding general
resource. The coupling of these two different improvement heuristics is achieved with
preference calculation approaches. Finally for RPP under RRD policy the B&C proce-
dure of CPLEX is modified with different branching strategies, valid inequalities and
feasible solution approaches. We modified our improvement heuristics and employed
them to generate feasible solutions for the B&C procedure. All the proposed solution

approaches for the corresponding problems are found to be efficient.
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6.2. Possible Future Research Directions

The first future research direction would be defining different resource manage-
ment policies that describe different characteristics of multi-project environments that
are not investigated in this dissertation. One case can be considering resource trans-
fers among projects with a time and/or value cost. This case is investigated by Kriiger
and Scholl (2008) and Kriiger and Scholl (2009) where the individual projects have
characteristics of RCPSP and general resource capacities are given as parameters. An-
other research direction can be combining shared resources, dedicated resources and

transferable resources and generating a general problem setting.

Changing the objective criterion would open other research directions. Even
though makespan based objective functions are common in multi-project scheduling,
cost/revenue based objective functions also have an important place. A cost/revenue
based objective function with makespan based additional constraints can be an inter-

esting research direction.

Another important future research direction can be changing the static nature of
the problem environment. In a dynamic multi-project scheduling problem environment,
resource management concept and RPP can be incorporated with project portfolio

selection and/or with decisions for new project arrival.

Furthermore, the proposed solution approaches can be improved in different ways.
First of all, the proposed solution approaches include solving MRCPSP during their
execution. This task is still time consuming despite the improvements we have with
solution strategies. A fast heuristic approach combined with exact solution approaches
can improve this time consuming task. In addition to this, different parts of the
modified B&C procedure can be improved with new valid inequalities and lower bound

calculation approaches.
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APPENDIX A: NUMERICAL EXAMPLES FOR
COMBINATORIAL AUCTION FOR RESOURCE
DEDICATION PROBLEM

In this Chapter numerical examples for linear relaxation and Lagrangian relax-

ation based Combinatorial Auction for Resource Dedication Problem are given.



A.1l. Linear Relaxation Based Preference Calculation

LR BASED COMBINATORIAL AUCTION FOR ROP

Resource Dedications Slack Values
Projects |Obj. Value| R1 R2 N1 N2 R1 R2 N1 N2
P1 12 20 28 | 103 | 105 0 0 0 1
P2 5 21 26 98 97 2 0 36 32
P3 16 19 26 98 96 0 0 0 27
P4 18 19 26 98 97 0 0 16 0
P5 8 19 31 98 97 0 5 1 37
PG 9 19 26 98 96 0 0 0 0
OBTAIN ALLOWABLE UPPER
BOUNDS FROM LR AND
OBETAIN Ay AND &y, VALUES
WITH (3.11) AND (3.13)
R1 R2 N1 N2
Projects AUB By AUB Ay AUB ay, AUB a,
Pl 20.01 | 110.70 | 28.01 72.87 | 107.24 0.24 106.79 0.56
P2 MNA 0.00 NA 0.00 NA 0.00 NA 0.00
P3 19.06 | 17.71 | 26.08 | 11.98 | 98.22 4.49 NA 0.00
P4 20.67 0.60 27.01 0.99 NA 0.00 97.50 2.00
P5 19.11 9.20 26.20 5.05 NA 0.00 NA 0.00
P6 19.30 3.38 27.28 0.78 99.40 0.71 96.99 1.01
CALCULATE
PREFERENCES WITH
(3.12) AND (3.14)
Preferences
Projects R1 R2 N1 N2
P1 0.7818| 0.7949| 0.0434| 0.1569
P2 0.0000 0.0000( 0.0000{ 0.0000
P3 0.1251| 0.1307| 0.8253| 0.0000
P4 0.0042| 0.0108| 0.0000| 0.5606
P5 0.0650( 0.0551| 0.0000| 0.0000
P& 0.0239| 0.0085| 0.1314| 0.2824

DETERMINE NEW RESOURCE DEDICATION

WVALUES WITH KNAPSACK MODELS AND

OBTAIN SCHEDULES FOR EACH PROJECT

WITH NEW RESOURCE DEDICATIONS

New Resource Dedication Values
Projects |Obj. Value R1 R2 N1 N2
P1 12 22 33 103 104
P2 5 19 26 62 65
P3 8 19 26 151 69
P4 9 19 26 82 194
P5 8 19 26 97 60
P& g 19 26 98 96

106

Figure A.1. General procedure for CA for RDP employing linear relaxation based

preference calculation.



A.2. Lagrangian Relaxation Based Preference Calculation

LA BASED COMBINATORIAL AUCTION FOR RDP

Resource Dedications Slack Values
Projects Obj. Value R1 R2 N1 N2 R1 R2 N1 N2
P1 16 25 25 101 103 0 0 1 0
P2 0 23 24 90 93 0 12 11 35
P3 165 20 24 88 92 0 0 0
P4 18 23 24 50 593 0 0 0
P5 12 23 24 90 92 0 8 17 0
P& 5 23 23 89 92 2 0 3 23
SOLVE MODEL LA-SP FOR EACH
PROJECT AND OBTAIN
PREFERENCES WITH (3.18) AND
{3.19)
Preferences
Projects R1 R2 N1 N2
P1 0.0100 | 0.0100 0.1904 0.0100
P2 0.0100 | 0.0100 | 0.0100 0.0100
P3 0.4383 0.6525 0.0470 0.0527
P4 0.0100 | 0.0100 | 0.0100 0.1599
PS5 0.0100 | 0.0100 | 0.0100 0.0517
P& 0.1540 | 0.1027 | 0.0100 0.0100

DETERMINE NEW RESOURCE DEDICATION
WALUES WITH KNAPSACK MODELS AND
OBTAIN SCHEDULES FOR EACH PROJECT
WITH NEW RESOURCE DEDICATIONS

Mew Resource Dedication Values|

Projects |Obj. Value| R1 R2 N1 N2
P1 8 25 25 138 103
p2 0 23 12 79 58
P3 75 22 44 87 92
P4 9 23 24 85 151
P5 12 23 16 73 52
P6 5 21 23 86 69
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Figure A.2. General procedure for CA for RDP employing Lagrangian relaxation

based preference calculation.
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