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Chapter 1

In tro duction

The Satellite Mission Scheduling problem with Dynamic Tasking(SMS-DT)
involves scheduling tasks to be performed by a satellite, where new task
requests(called dynamic task requests) can arrive at any time and must
be scheduled in real-time. The schedule speci�es which tasks (out of many
requests)will beperformedalongwith the start times and durations for those
tasks. The goal is to maximize the total value of all of the tasks scheduled,
while ensuringthat the scheduleis realistic, in the sensethat the satellite is
actually able to perform the scheduledtasks at their scheduledtimes.

Becauseof the real-time processingrequirement, it is essential to do as
much of the schedulingcalculationsin advancesothat dynamic task requests
can be accomodated very quickly. Typically, this involvescreating an initial
schedule in advance,and then modifying this schedule, on the 
y , to acco-
modate real-time requests.However, other forms of preprocessingcould also
be advantageous.

The SMS-DT was the subject of a Math Clinic in spring semester,2005,
[56]. Two of the most promising ideasthat cameout of that clinic addressed
the static scheduling problem, which is concernedonly with creating the
initial schedule, without concernfor dynamic tasks. Thesetwo ideaswere
developed further in the current clinic. The �rst is a hybrid geneticalgorithm
method, which has been extended to include a novel double-chromosome
method for representing the schedule. This method is described in Chapter 2.

A secondidea introducedin the 2005clinic is called the top-priority path
dependentalgorithm. This approach viewsthe scheduleasa path connecting
the physical locationsof the tasks. The ideaof the algorihm is to �rst create
an initial scheduleconsistingof the most critical tasks, and then iterativ ely
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adding additional tasks to the schedule if they do not require deviating too
much from the initial path. This approach is discussedin Chapter 3.

In addition to thesetwo methods, a third team of students focusedex-
clusively on the dynamic rescheduling problem. This group investigated a
number of ideas for adjusting an initial schedule to accomodate dynamic
tasks. Theseideasare presented in Chapter 4.

In the remainder of this chapter, we give a detailed description of the
SMS-DT, including several mathematical programming formulations of the
problem.

1.1 Problem Description

A satellite missionscheduleis a time orderedsequenceof activities (scheduled
tasks or subtasks) to be performed by the payload of a satellite. In this
project, we focuson satellite data collection systems,such as thoseinvolved
in remotesensing.Here,an activit y essentially involvestaking a picture of a
certain location (target) on the Earth's surface.For each scheduledactivit y
i , a start time t i and duration di is speci�ed in the schedule. The goal is
to maximize the total value of the scheduled activities, while at the same
time ensuringthat the schedulecomplieswith physical and customer-de�ned
constraints. We assumethat the value of the schedule is the sum of the
valuesof the individual activities. That is, we seekto maximize

Q =
X

i 2 A

vi (t i ); (1.1)

where A is the set of activities in the schedule, and vi (t i ) is the value of
performing activit y i at time t i .

Note that this representation assumesthat the valuesof di�erent tasks
are independent of each other. But theremay becaseswherethis assumption
is not correct. One such casewill be discussedbelow in Section1.1.8,where
the value of the task is realized only if it is repeated a required number of
times within the schedule. Fortunately, in this case,it will be possibleto
handlesuch dependenciesbetweentasks by adding additional constraints to
the problem.

The valuefunction vi for a task may be in
uenced by a number of factors,
including imagequality, time preferencesspeci�ed by the customer,and task
priorities. Thesefactors will be discussedin the following sections,where it
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will becomeclear that representing the value asa function of start time is a
reasonableapproach.

1.1.1 Image Qualit y and Duration

The duration di of an activit y i must be su�cien tly long to ensuresu�cen t
quality of the data collection. The quality of a data collection dependson
many factors, including position of the satellite, weather conditions, and
duration of the activit y. For simplicity, we assumethat the required data
quality for an activit y i canberepresented asa function d̂i (t i ), which depends
solely on the start time t i of the activit y. Moreover, becauseof our desire
to processasmany tasksaspossible,we assumethat the minimum required
duration is always chosen.That is, we assumethat di = d̂i (t i ).

1.1.2 Task Priorities

Each task is assigneda priorit y scorein the range0{99, with 0 representing
the highestpriorit y and 99representing the lowest. As a generalrule, a lower
priorit y task should not adversely impact a higher priorit y task. That is, a
lower priorit y activit y could causea higher priorit y activit y to move to less
desireabletime on the schedule,but cannotbump the higher priorit y activit y
o� of the schedule. However, a higher priorit y activit y could bump a lower
priorit y activit y o� of the schedule in order for it to get on the schedule.
Given a choice, it is preferableto completea task asearly aspossible.

The best way of modeling the above set of rules is not clear-cut. One
approach would be to assigna baselinevalue wp to each priorit y number
p. By controlling the relative valuesof tasks with di�erent priorities, it is
possibleto control the relative tradeo�s betweentasksof di�erent priorities.
For example,by setting wp = 2� wp+1 , we would be dictating a 2 to 1 tradeo�
betweenpriorit y p and priorit y p+ 1 tasks. (i.e., onepriorit y p task is worth
two priorit y p + 1 tasks).

In the extreme,we could require that higher priorit y tasks take absolute
precedenceover any number of lower priorit y tasks. This could be accom-
plished by making the value of the higher priorit y task at least M greater
than the value of any lesserpriorit y task, where M is an upper bound on
the number of activities that can appear in the schedule. That is, we could
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require that for each p 2 0; : : : ; 99,

wp � M � wp+1 :

To account for time preferences,the baselinevaluescould then be penalized,
as discussedbelow.

While the approach is conceptually simple, it runs into numerical prob-
lems due to the number of di�erent priorit y numbers (0{99). For example,
if M = 10, then this would require that w0 � 1099w99. Becauseof this, it
is perhapsbetter to handle the tradeo�s betweendi�erent priorit y numbers
algorithmically.

1.1.3 Time Windo ws

Each activit y must be scheduledwithin its e�ective time window. The e�ec-
tive time window speci�es the earliest time bi that activit y i can be started,
and the latest time ei that it can be completed. This givesthe constraint

bi � t i � ei � di : (1.2)

This time window incorporates the customer'sdesiresas to when they
would like the task performed, and also incorporates physical limitations
governing when the target will actually be in view of the satellite.

Line of sight visibilit y must be maintained betweenthe satellite and the
target throughout the duration of the task. For simplicity, this constraint is
incorporated into the e�ective time window constraint describedabove. That
is, we assumethat line of sight visibility is satis�ed throughoutthe e�ective
time window. This is no loss of generality since if the target is not visible
for part of the e�ective time window then the e�ective time window can be
shrunken to excludethis part.

In addition to the e�ective time window, each task requestis assigneda
preferred time window. Whenever possible,tasksshouldbe scheduledduring
their preferred time window. However, it is acceptable(but lessdesireable)
to servicea task outsideof the preferredtime window, as long as it is still in
the e�ective time window.

Oneapproach to handlingsuch time preferencesis to incorporatea penalty
on the valueof an activit y performedoutsideits preferredtime window. Such
a strategy is consideredin Section2.7
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1.1.4 Targeting and Slew Times

Depending on the designof the satellite and its payload, aiming the camera
at a target is accomplishedeither by rotating the satellite itself (along one
or two axes),by moving the cameraon the satellite, or both. Conceptually,
theseoperations can be combined into a singleoperation, which we refer to
as slewing.

The time required to \slew" the camera into position depends on the
anglesthat the satellite and cameraneedto be rotated. Theseanglescan
be calculatedfrom the latitude and longitude of the targets and the altitude
and position of the satellite.

For a �xed satellite position, the slewtime requiredbetweentwo consecu-
tive tasks is monotonic in the distancebetweenthe two targets. That is, the
farther two objects are apart, the longer it will take to position the camera
between tasks. For simplicity, we assumethat the slew time between any
pair of targets i and j is not too sensitive to the position of the satellite, so
can be represented as a constant si;j .

It is also reasonableto assumethat the slew times obeys the triangle
inequality. That is, for any three targets i; j; k, we assume

si;j + sj;k � si;k : (1.3)

1.1.5 Av oiding Schedule Con
icts

If two tasksrequire the samesatellite resource(e.g. camera),they cannot be
scheduled to use that resourcesimultaneously. For this project, we assume
that all tasks are serviced by a single camera, which can collect data from
only one target at a time. Thus, onetask must be completedand the camera
must be moved beforethe next task can be begun.

This givesthe constraint

t i + di + sij � t j (1.4)

whenever activities i and j appear consecutively in the schedule.

1.1.6 Other Constrain ts

There are many other physical and engineeringconstraints that must alsobe
satis�ed. For example,theremust besu�cien t on-board (in-memory) storage
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for the collected data, prior to downlink. Theseadditional constraints are
ignored in this study, since they have little impact on the central decision
making process.

1.1.7 Mixed-In teger Programming Form ulation

We now present an mixed-integer programming formulation of the problem.
Becauseof the sizeof the problem, it is infeasibleto actually solve the prob-
lem using integer programming techniques, but it is helpful to state the
problem in this formal mathematical languagein order to precisely de�ne
the problem.

We usethe following notation, most of which was introducedabove:

Parameters

T represents the set of task IDs.

A is a subsetof T consistingof the task IDs for the scheduledactivities.

N represents the number of task requests(which is equal to jTj).

bi is the beginningof the e�ective time window for task i .

ei is the end of the e�ective time window for task i .

sij is the slewtime required betweensuccessive activities i and j .

Con tin uous Variables

t i : Start time of task i .

di : Duration of task i .

Functions

vi (t i ) Value of performing activit y i starting at time t i .
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Binary Variables

x i : x i = 1 indicates that task i is included in the schedule;x i = 0 indicates
that it is not. That is, x i = 1 for i 2 A, and x i = 0 for i 2 T n A.

yij : If task i and task j are both in the schedule, then yij = 1 indicates
that task i precedestask j . To ensureconsistency, we require that
yij + yj i = 1. If at least one of task i and j is not in the schedule,
then yij hasno meaning;but we shall still insist that yij + yj i = 1, for
simplicity.

The mixed-integer formulation our problem is as follows:

max
P

i 2 T x i vi (t i )
subject to bi � t i � ei � di if x i = 1

t i + di + sij � t j if x i = 1; x j = 1 and yij = 1
yij + yj i = 1

di � 0
x i ; yij 2 f 0; 1g for all i; j :

(1.5)
In the above formulation, observe that the value of a task will only be

added into the objective function if x i = 1; that is, if the task is scheduled.
The �rst constraint speci�es that the task must be performed within the
e�ective time window. The secondconstraint ensuresthat there are no re-
sourcecon
icts. The third constraint speci�es that the order of every pair of
tasks is well-de�ned.

Note that the third constraint t i + di + sij � t j is enforcedwhenever
j appears anywhere after i in the schedule, not just when j immediately
follows j . But this doesnot imposeany additional restrictions becausewe
have assumedthat the slewtimes satisfy the triangle inequality (1.3).

1.1.8 Monitoring Tasks

There are two typesof task requests:simpleand monitoring tasks. A simple
task is a request to a perform a single data collection operation within a
speci�ed time window. Such a task request is de�ned by specifying a start
and end time, along with the required duration. A monitoring task involves
repeated collections of the same target at speci�ed time intervals. Each
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collection is called a subtask. A monitoring tasks is de�ned by specifying
a minimum and maximum number of revisits, an e�ective time window (in
which all subtasksmust be performed), required durations for each subtask,
and minimum allowable time between revisits. If less than the minimum
number of revisits is completed,the monitoring task is consideredincomplete.
In contrast, if more than the maximum number of revisits occurs,there is no
addedbene�t.

Monitoring tasks can be addedinto our mixed-integer programming for-
mulation as follows:

For each monitoring task j ,

1. Introduce M j simple task ids, where M j is the required number of
revisits for monitoring task j .Let Sj be the set of thesetask ids corre-
sponding to monitoring task j .

2. Introduce the binary variable zj , which is set to 1 if the minimum
number of revisits for monitoring task j were achieved, and zj = 0
otherwise.

3. Add the following constraints:

P
i 2 Sj

x i � M j if zj = 1 (1.6)
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Chapter 2

Group 1: Hybid Double
Chromosome Genetic
Algorithm

By Cli� Bainter, NarimeneLekmine, Jeremy Noe, LeslieQuinn, Whitney
Rust, and Dmitriy Vassilyev

2.1 Abstract

The satellite missionscheduling problem is a combinatorial problem of con-
siderableimportance. Despite that it is an NP-hard problem, in this math
clinic we attempted to implement a GeneticAlgorithm to solve this problem.
GeneticAlgorithms constitute a techniquethat hasbeenappliedwith advan-
tageto a variety of combinatorial problemssuch asthe Traveling Salesperson
Problem (TSP), the Vehicle Routing Problem (VRP) and more, which are
exploredlater in detail.

In this paper we explore the implementation of GA's with the purpose
of optimizing the Satellite mission scheduling problem with many tasks to
be scheduled using a double chromosometechnique, and using a schedule
evaluator and a scheduler. We provide a brief introduction on the technique
of GAs. We demonstratethe performanceof the algorithm by testing with
di�erent sizesof data setswhich can be usedto estimatethe performancefor
larger data sets.
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2.2 In tro duction

Satellitemissionschedulingfor photographicreconnaissancerequiresthe abil-
it y to take a list of requestedphotographic images,called tasks, and order
them into a schedule. The goal is to maximizethe number of important tasks
scheduled. Each individual task, or target, hasseveral attributes such as: lo-
cation, opportune time window to photographthe target, and priorit y, which
play a role in determining the importance of the target and the sequencein
which they are scheduled. In addition, the number of tasks requestedfar
exceedsthe amount of work the satellite is capableof completing in a �xed
time frame; thus, the abilit y to alter initial schedulesto handledynamic task
requestsmust be considered. Non-dynamic tasks (for the initial schedule)
may be further categorizedinto two classes:simple,and monitoring. Simple
tasksrequireoneoperation (photograph) to be taken basedon the attributes
describedabove. Monitoring tasksharbor the sameattributes assimpletasks
but, in addition, demandthat a target be revisited a pre-determinednumber
of times.

A prior Math Clinic Team performed a great degreeof initial research
and exploration (Math Clinic, 2005). This project hasutilized many of their
�ndings and proposals in hopes of realizing much of what they may have
beenunable to implement due to time constraints. One approach proposed
by the prior Math Clinic Team was the use of genetic algorithms (GA's)
to solve the initial scheduling problem. Initially , this team was responsible
for implementing and testing di�erent GA's to build the initial schedule,
a schedule builder which takes the output of the GA's and formulates a
schedule,and a scheduleevaluator (which will be a commoncomponent for
all teams) which scoresor ranks schedulesfor comparisonin order to help
track the performanceof the GA's and the schedulebuilder.

Our approach is di�erent from the previousMath Clinic in several ways.
First, weuseda doublechromosometechniqueasopposedto their singlechro-
mosometechnique. Also our genetic algorithm is hybridized with a sched-
uler and schedule evaluator component in a way that was not previously
explored. Our approach helps reducethe computational costsand run-time
of a computer. Having a doublechromosomehelpsto optimize moree�cien t
o�springs that are of greater �tness than thoseproducedfrom a singlechro-
mosome.Then the Scheduler takesboth of thesechromosomesand creates
a schedule.

In this paper, we developed a genetic algorithm that evolves optimal
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solutions of tasks for the satellite systemdescribed above. Section3 begins
with a background discussionof the Genetic Algorithm. In section 4, we
will describe in detail the Genetic Algorithm with all of the operators we
usedalong with the genetic implementation of the solution to the satellite
scheduling problem and applications for geneticalgorithms. In section5, we
talk more about the double chromosomehybrid approach that we used in
solving this problem. In section6, we talked about the scheduler, the initial
plan for schedulerproject, included the scheduleralgorithm . Section7 gives
details about the schedule evaluation for the evaluators we developed the
generalschedule evaluator and a specializedschedule evaluator. In section
8, we will concludeour paper with the result and performanceof the genetic
algorithm and in the appendicesfollowing the paper our program code will
be displayed.

2.3 Background

2.3.1 De�nitions

Keywords: that will provide insight into the biological structure of GA's:
Chromosomes: All living organismsconsist of cells. In each cell there is
the sameset of chromosomes.Chromosomesare strings of DNA and serve
as a model for the whole organism. A chromosomeconsist of genes,blocks
of DNA. In this project a chromosomewill represent a proposedschedule.

Gene: each geneencodesa particular protein. In our chromosomalrep-
resentation the genesrepresent requestedtasks.

Lo cus: each genehasits position in the chromosome,known asthe locus.
Cross over: Genesfrom the parents combine in someway to create a

whole new chromosomethe newly createdo�spring can then be mutated.
Mutation : The elements of DNA are randomly changed.Thesechanges

aremainly causedby errorsin copying genesfrom parents, andusually involve
the swapping of two geneswithin the chromosome.

Fitness : the �tness of an organism is measuredby the successof the
organismin its life. In this project the �tness of a chromosomeor schedule
will be evaluated by the scheduleevaluator.
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Assumptions

1. In order to simplify the problem, it was assumedthat the satellite is
in a �xed position above the earth, so any movement of the satellite
will not be a consideration. This seemsto be a reasonableapproach
to problem simpli�cation as medium elliptical earth orbiting satellites
can be modeled as a �xed point above the earth for a set amount of
time.

2. The possibleareaof all targets will be �xed (in accordancewith item
1 above).

3. All targets in the areaof interest are visible to the satellite.

Constrain ts

1. All taskshave an associated priorit y, and the lower the priorit y number
of a given task, the higher the needto achieve this task.

2. A task of lower priorit y number may never beoverriddenby any number
of tasks of higher priorit y number.

3. Monitoring tasks can be decomposed into simple tasks. The simple
tasksthat comprisea monitoring task must all be scheduledor noneof
them may be scheduled.

Initial Ob jectiv es

At the outset of this project, our objectiveswere to develop the following:

1. A scoring algorithm (schedule evaluator) that accounts for maximum
targets achieved, the priorit y of each target, and adjusts the scoreof
the schedule accordingly. This may involve using multiple scoring al-
gorithms.

2. One or more GA implementations, including a double chromosome
model, and comparisonsand forecastsof their performanceon larger
data sets. In many casessomeof the di�erences between algorithms
may be a matter of �ne-tuning the cross-over and �tness methodsused.
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3. Performancemeasurements of the di�erent GA approaches(which may
include di�erences in the methods that comprisethe GA such ascross-
over, �tness, and mutation parameters).

4. A schedulebuilder that takesthe output of oneor more GA's and fur-
ther optimizes the task order as the schedule is constructed. This will
hopefully complement the GA's in a hybrid manner by allowing the
simpli�cation of the implementation of the GA's to help these algo-
rithms perform more quickly.

2.4 Overview of Genetic Algorithms

GeneticAlgorithms (GA's) are part of the evolutionary algorithms family in
the areaof heuristics. Heuristic algorithms may be thought of as to �nd an
approximate solution, rather than the exact solution. They are usedwhen
time and/or computer power is constrainedwhen dealing with exact solu-
tions to problemsand when an approximation closeto the optimal solution
is acceptable.[1]GA's mimic the biological processof evolution and repro-
duction by representing possiblesolutionsaschromosomes.In the traditional
GA, chromosomesare selectedand mated (cross-over) by creating an initial
population set (i.e. permutations of solutions to the problem), assigninga
�tness to each chromosome,and creating and using a discrete probabilistic
distribution to randomly selectfrom (wherehigher �tness chromosomeshave
a greater chanceof being selected)the initial population. Sets of chromo-
somesare then 'mated' by using a cross-over function that decideswhich
genes(tasks) in the parent chromosomesare represented in the o�spring.
This method of cross-over may be de�ned in many di�erent ways including
schema that always try to manipulate genesin certain positions, random
selectionof genesto swap, and other methods which may be required for
the speci�c problem at hand. The mating of the new chromosomesproduces
o�spring that compriseor contribute to the new population to selectfrom.

In our case,the sheerenormity of data in the scheduling problem (2000-
3000tasks) and trying to iterate through all solutionsmake this an NP-hard
problem. NP-hard (Non-deterministic Polynomial-time hard) refers to the
classof decision problems that contains all problems, such that for every
decisionproblemin NP thereexistsa polynomial-time many to onereduction
to the problems.
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The satellite problem has characteristics of several well-structured com-
binatorial optimization problems that have been addressedby some ap-
proaches. In the following subsections,we brie
y describe some of these
well-structured problems.

2.4.1 Vehicle Routing Problems with Time Windo ws

The problem we are trying to solve looks very similar to a VehicleRouting
Problem (VRP) with Time Windows (i.e. scheduleconstraints). The vehicle
routing problem tries to minimize the number of vehiclesand the distance
they travel. When combined with scheduling, this classof problem begins
to show many similarities to our scheduling problem with one vehicle and
no cycle completion required. The previous math clinic was able to �nd
literature that supported a method of usingGA's that took a hybrid approach
of evolving two populations: one basedon distance traveled and one that
optimized the time windows (into a densely packed schedule). Solutions
were then taken from thesedual populations and combined |using another
algorithm, referredto as the schedulebuilder component in this literature|
to arrive at an acceptable(closeto optimal) solution. [2]

2.4.2 Traveling Salesman Problem

Much hasbeenwritten on TSP approximations [1] usingGA's that canprob-
ably beadaptedto our implementation for minimizing distancetraveled. One
problem that arisesoften in GA's for TSP's involvesthe cross-over and mat-
ing functions and their abilit y to produce feasible chromosomes. Several
models have beendeveloped to overcomethis limitation. Edge recombina-
tion appearsto be the most promising and tries to utilize the fact that two
adjacent genesform an edge,and this should be consideredwhen trying to
cross-over. This might be a feasibleapproach for optimizing distance be-
tweengenes(tasks). Other methods, someof which have beenexplored by
the prior Math Clinic Team,includeSyswerda'sorderor position-basedcross-
over that preserve order and account for feasibleo�spring [2]. Furthermore,
TSP's have beenmodeled for scheduling problems[3] and theseagain may
be adapted to our problem for the time window GA solution.
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2.5 The Double Chromosome Hybrid Approac h

2.5.1 Implemen ted Approac h

After further research into the VRPTW and previousclinic report, it wasde-
cidedthat we would take the sameHybrid GA approach but implement a dif-
ferent Double Chromosometechnique. The resulting GA we usedto attempt
to solve the satellite scheduling problem consistsof two double (parallel)
chromosomeswho are simultaneously run through the GA then a scheduler
that considersboth chromosomeswhen making the �nal schedule. In the
double chromosomeapproach one chromosomerepresents priorit y ordering
and the other represents time ordering. This GA consistsof the following
steps:

1. Initial population generation.

2. Chromosome�tness.

3. Population selection.

4. Crossover functionality.

5. Mutation functionality.

All of thesestepsaredescribed in sectionsbelow. The chromosome�tness
is measuredby the schedule evaluator which calculatesa separatescorefor
each double chromosomein the population after the population generation,
and after each cross-over. This technique will be described in a later section.

2.5.2 Double Chromosomes: An Iterativ e Approac h

Our implementation of the hybrid approach to GA's consistsof an iterativ e
double(or parallel) chromosome,onechromosomerepresents the priorit y or-
dering and the secondchromosomerepresents the time-ordering that are fed
into a single scheduler. This scheduler considersboth chromosomesin the
creation of an optimal schedule. The scheduler translates these two chro-
mosomesinto a schedule. The schedule that is created is then evaluated
by a schedule evaluator and given a \score" basedon \�tness" or schedule
desirability. The �rst chromosomeis basedon priorit y, and the secondchro-
mosomeis basedon time ordering. The chromosomesare built using an
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iterativ e approach beginning with priorit y 0. The chromosomesschedule is
optimized basedon the current priorit y. The goal is for a desirablemaximum
to be reached with a single priorit y before �ltering in the tasks of the next
priorit y.

2.5.3 Initial Population

The initial population is typically derived through permutation of the possi-
ble solutions. This of coursewill not be feasibledue to the amount of tasks
involved (2000-3000)and another meansto generatethe initial population
will have to be used. We used an iterativ e population building processby
constructing chromosomesof only a single priorit y (0), running the genetic
algorithm and then starting with the most �t chromosomewith just prior-
it y 0, and adding in permutations of the next priorit y (1) and so on. This
was accomplishedby taking the most �t chromosomeof priorit y 0 and then
deriving permutations of all priorit y 1 tasks and permuting those into the
chromosomewith only priorit y 0's maintaining the relativeorder of the prior-
it y 0 chromosomes(wherethe �tness had alreadybeenmaximized). The new
population, consistingof only priorit y 0 and 1 tasks was then put through
the GA to arrive at an optimal solution. This procedureis then repeatedfor
each successive priorit y.

2.5.4 Roulette Wheel Selection

The roulette wheel strategy will be used for selectingchromosomes. This
involves scoringall chromosomes(double chromosomes)of a population by
using the schedule builder and schedule evaluator and then ranking them
basedon the sum of the �nessesof all chromosomes.The better the �tness
of the doublechromosome,the greaterthe chanceit will be selected,however
it is not guaranteed that the most �t member continueson to the next gen-
eration. However, it was decidedthat we would usean elitist approach that
always returns the highest scoringchromosomeback into the population. A
discretedistribution wasusedto selectthe chromosomesfor mating basedon
a random number selectedfrom a uniform distribution which is then mapped
to the discretedistribution. With the roulette wheel,we start by obtaining
the total �tness scoresfor the entire original population and then we calcu-
late the probability of being selected,and then we make assignments to the
double chromosomepair. In the selectionwe are just generatinga random
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number between[0,1]and selectingthe doublechromosomethat corresponds
to this number.

Example: total �tness = 82.5
Double chromosomepairs with �tness scores:
(1) 15 (15 / 82 = 18.3% chance)
(2) 16 (16 / 82 = 19.5% chance)
(3) 5 ( 5 / 82 = 6.1 % chance)
(4) 8 ( 8 / 82 = 9.8 % chance)
(5) 38 (38 / 82 = 46.3% chance)

82 100.0%
Roulette wheel laid across[0, 1]
[0|{.25|{.5|{.75|{1]
double chromosomepair 1: 0 - .183
double chromosomepair 2: .183- .378(.183 + .195)
double chromosomepair 3: .378- .439(.183 + .195+ .061)
double chromosomepair 4: .439- .537(.183 + .195+ .061+ .098)
double chromosomepair 5: .537- 1 (.183 + .195+ .061+ .098+ .463)

2.5.5 Cross-Ov er

The cross-over algorithm for the solution to this particular problem had to
be carefully selected. There are many di�erent ways to mate parent chro-
mosomesin geneticalgorithms, however the most commonlyusedcross-over
functions compromisethe integrity of the satellite schedule. One (single)
point and even two point cross-over's may present infeasiblesolutions. Sin-
gle point cross-over selectsa random locus in the two parent chromosomes
(it must be the samelocus in both) which will then be called the cross-over
point. After this point is chosenthe string of genesprior to the cross-over
point in parent chromosome1 and parent chromosome2 aretransposed.Two
point cross-over essentially doesthe same,exceptchoosestwo loci and trans-
posesthe genesbefore the �rst cross-over point and then after the second
crossover point. It wasfound by the previousMath Clinic that both of these
cross-over methods produceundesirablesolutions. One method of cross-over
that they implemented was Syswerda's Crossover Operation, which turned
out to perform the task of mating two chromosomesand producing feasi-
ble o�spring schedules. Thus the cross-over method we chose to use was
Syswerda's cross-over operation.

17



After the selectionprocess,we have two parent chromosomesthat have
been chosento mate (P1, P2). These two chromosomeswill cross-over to
produce a child chromosome(C1). The program beginsby targeting only
the priorit y number of the current iteration and selectinga pre-determined
number of random geneswith that priorit y number in P1 (for this project
we choseto selecttwo random genes). Thesegenesare then transferred to
C1, which is the empty child chromosome,in the exact geneposition they
existed in P1. After that is completebeginningwith gene1 in P2 the genes
are transferred to C1 in the exact order they occur in P2. If a task number
is already present in C1 from the cross-over, that task is skipped and we
continue with the transferring of genes.

Example (0 priorit y chromosome)
P1 09 *04* 02 01 *08* 06 03 07 05
P2 03 06 09 07 02 05 01 04 08
C1 04 08

As you can seegenepositions 2 and 5 have randomly beenchosenin P1
and crossedover to C1. Now we transfer the information from P2 to C1:

P1 09 *04* 02 01 *08* 06 03 07 05
P2 03 06 09 07 02 05 01 04 08
C1 03 04 06 09 08 07 02 05 01

The samealgorithm continueswith every priorit y iteration. The program
will ignore the geneswith prior priorit y numbers when randomly choosing
which genesto cross-over. Then genesof all priorit y are transferred from P2
to C1.

2.5.6 Mutation

Mutation of GA's is to ensurethat the population remainssu�cien tly diverse,
so that the search algorithm can reach the whole solution space.It is meant
to mimic natural biological mutations (green eyes, etc...). We found that
for similar problemsa successfulmutation rate was 5 percent. After cross-
over in our program we generatea random number between0 and 1. If the
number falls below .05 the program randomly choosestwo adjacent genesof
the current priorit y iteration and trades their positions.
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2.5.7 Function Description of the Program

For each of the following, our MATLAB Code has beenattached. Seedisk
attached.

addT askNum ber - utilit y function to convert dates in the data struc-
ture, createdby parseTaskXml to secondsrelative to midnight.
analyzeSchedule - generatesinformation about the schedulefrom the out-
put of the geneticalgorithm.
buildP opulation - builds populations of tasks basedon previous popula-
tions and the current priorit y.
buildRouletteWheel - assignssegments of a number line to each member
of the population basedon it?s �tness in relation to the rest of the population.
calcSeconds - calculate the number of secondssincemidnight for a date,
usedby addTaskNumber.
calcTimeBoundaries - calculatethe earliestand latest times for a potential
schedule(chromosome).
crossOv er1 - GA algorithm to cross-over to chromosomes.
crossOv er - main loop to executecrossOver1 for entire population.
doubleEv aluator1 - GA speci�c evaluator which only accounts for the cur-
rent priorit y (of priorities currently being iterated through) asit assumesthe
other prior priorit y tasks have beenmaximized.
doubleSc heduler3 - Hybrid component for GA to help associate a �tness
with a doublechromosomepair by constructing the optimal schedule(which
may then be evaluated by doubleEvaluator1).
dumpDoubleChromosomes - utilit y function for debuggingthat let?syou
view a population.
factorialNum ber1 - utilit y function which constructs a factorial number
which actsasa map into an array of permutations (usedby buildPopulation).
lookUpP erm utationV ector1 - utilit y function to decode a factorial num-
ber into a permutation (usedby buildPopulation).
mainGA - the main program.
mutate - method which performsthe mutations on the chromosomes.
rouletteWheelSelect - selectschromosomesfor cross-over (which havebeen
weighted basedon their �tness).
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2.5.8 Results of the Final Program

The algorithm has beentested with 200and 1000task lists and producesa
feasibleschedule in both casesin an acceptableamount of time.

2.6 The Scheduler

An important part of our work with geneticalgorithms wasto createa sched-
ule builder (scheduler) that will be able to translate a genetic algorithm
chromosomeinto a scheduleof tasks to be performedby the satellite.

2.6.1 Scheduler Pro ject Details

Sincethe purposeof the problemof satellite scheduling is to createa schedule
for the satellite, onemight considerthe scheduler the corecomponent in our
approach to the solution of the problem. Our approach to the problem was
to usethe scheduler program as the primary component to �nd an optimal
schedule,rather than usinggeneticalgorithms the way they are traditionally
used.

Traditional genetic algorithm implementations involve several key com-
ponents. At the outset, an initial population of chromosomesis built from
the data set. The chromosomesthen undergoa selectionprocess,often tak-
ing the form of roulette wheelselection.Two chromosomesare then mated,
which involvesa crossover function, and the child chromosomeis evaluated
for �tness usinga prede�ned function. If deemed�t, this child will be inserted
into a new population. Sometimesa chromosomewill undergomutation and
then be evaluated for �tness. The new population of chromosomeswill have
this processrepeated,and after several generations,it is hoped that a local
optimum will be found. All of thesestepsare described in detail in earlier
sectionsof this paper.

Our approach is unique. Sincewe used two di�erent chromosomes,the
priorit y order and time order chromosomes,we would have had to use two
di�erent functions to evaluate the �tness of the chromosomes.Also, there
was no guarantee that the genetic algorithms would be able to take into
account the secondchromosome. So our implementation usesa scheduler
algorithm to accomplishthis.

The way our implementation works is that the initial population is built,
one priorit y level at a time. For example, the genetic algorithm piecewill
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sort through all of the tasks,and selectthosetasksof priorit y 0. Thesetasks
are then permuted by the geneticalgorithm and thesepermutation vectors
becomethe initial population. The initial population is madeup of vectors
consistingof two chromosomeseach, the priorit y order chromosomeand the
time order chromosome.At this stage,the priorit y order chromosomereally
has no order. This doesnot occur until more priorit y levels are added. The
time order chromosomedoes what the name implies. Each task is ordered
accordingto its e�ective time windows. Thosetasksthat are to becompleted
earlier occupy placesat the left sideof the chromosome.

The population is then fed into the scheduler, and schedulesare built
from each of these chromosomes.The scheduler will take a task from the
priorit y chromosome,and will then look to the time order chromosometo
determinewherepreciselythe task must be scheduled. For the �rst task in a
schedule, the placement is trivial. The scheduler will look to the time order
chromosomeand calculate the start time and end time of the schedule. The
�rst task will fall between the start time and end time of the schedule, so
the scheduler will look at its e�ective time window and schedule the task
to its leftmost bound, which corresponds to the earliest possibletime this
task can be scheduled. The scheduler will then take the next task from the
priorit y order chromosome,and look to the time order chromosome. The
start time of the schedule is examined,as well as the task that has already
beenscheduled. If the task is to occur betweenthe start time of the schedule
and the already scheduledtask, the schedulerwill examinethe e�ective time
window of that task. If there is overlap, the scheduler will attempt to shift
the already scheduled task to the right, meaning reschedule the task to a
later time, and insert the new task into the schedule. If the schedulercannot
shift an already scheduledtask, then the new task will be discardedand the
schedulerwill attempt to schedulethe next task in the priorit y chromosome.
This processcontinuesuntil the schedulerhastried to scheduleevery task in
the priorit y chromosome.

After a schedule is built, it is evaluated. This represents the �tness of
a given double chromosome. Every schedule is evaluated and stored, and
then fed into the programs that will perform the mutation and crossover
operations. After the mutation and crossover operationsare performed,the
chromosomesare fed back into the scheduler and the processrepeats, until
eventually we obtain one schedule that is deemed\b etter" than the others.
All previousschedulesare then discardedand this \b est" schedule is stored
for later use. This bestschedulerepresents the most �t chromosome,and this
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chromosomethen hasthe next priorit y level appendedto it. At this point, the
genetic algorithm will perform its permutation operations and build a new
population consistingof chromosomesof priorities 0 and 1. The priorit y 1
tasksarethoroughly mixed up, but the doublechromosomegeneticalgorithm
will always preserve the relative order of the priorit y 0 tasks. The process
described earlier repeats, and a best schedule is determined, consisting of
the priorit y 0 and 1 tasks. This schedule is saved for later use and the
best schedule (most �t chromosome)has tasks of priorit y 2 appendedto it.
This processrepeats until all of the priorit y levels have beenexamined,the
schedule is as denseaspossible,or a predeterminedtime limit hasexpired.

Our goal for this project was to create a fast, e�cien t meansby which
a schedulecould be built. We also wanted to incorporate a certain amount
of 
exibilit y, which is why we incorporated what we call task shifting. The
traditional approach to schedule building usesa greedy algorithm, which
meansthat the scheduler is unableto move and alreadyscheduledtask. Our
opinion was that a greedyalgorithm, though tried and tested, was perhaps
not the best way to build the best possibleschedule. It seemedto us that if
the scheduler program could move an already scheduled task and by doing
so insert another task into the schedule,we might be able to obtain a more
denselypackedschedulethan would otherwisebepossible,and obtain it more
e�cien tly sincea greedyalgorithm would have to start at the beginningand
rescheduleeach and every task.

Monitoring tasks are handled by the scheduler in the following manner.
For each monitoring task, a seriesof pseudo-tasksarecreated. Thesepseudo-
tasksarescheduledin accordancewith the processdescribed above, and then
for each pseudo-taskthe satellite will revisit the target as required. For
example,supposewe have 200tasks that needto be scheduled,and tasks11
and 51 aremonitoring tasks. Task11requires4 revisits, and task 51 requires
5 revisits. The necessaryrevisits aremadeinto pseudo-tasksandaddedto the
number of tasksthat needto bescheduled. Sowewould have209tasksrather
than 200,where tasks 201 through 209are monitoring pseudo-tasks.In the
priorit y order chromosome,the monitoring tasksand their respective pseudo-
tasksmust always be in a particular order and must always follow each other,
meaningno other tasks can comebetweena monitoring task and any of its
pseudo-tasks. The time order chromosomedoes not have this restriction.
With the inclusion of the pseudo-tasks,the processis more or lessidentical
to the processdescribed for the simple tasks. However, there are additional
rule built in for monitoring tasks. If lessthan the requirednumber of revisits

22



can be scheduled,then the monitoring task and any pseudo-tasksthat have
beenscheduledmust be removed from the schedule. Also, if any monitoring
task or pseudo-taskis shifted, then the entire array for the monitoring task
must be shifted by the samenumber of seconds.

There were actually three generationsof the scheduler. The processde-
scribed earlier correspondsto our �nal implementation of the scheduler pro-
gram. The three schedulersthat we constructedaredescribed in the sections
that follow.

Scheduler Version 1

This was our �rst attempt for the scheduler program. This scheduler does
not shift tasksbut doesattempt to scheduletaskswithin their preferredtime
windows. Due to its low 
exibilit y, this scheduler is not very well suited to
large data sets,but is fairly e�ective whendealingwith only a small number
of tasks.

The complexity of this scheduler is O(n).
The algorithm for this scheduler is attached. SeeAppendix A.

Scheduler Version 2

After the greedy scheduler for a double chromosomewas functioning, we
beganto re�ne that to allow for task shifting.

We implemented task shifting becausewe felt that a strict greedyalgo-
rithm was not the best approach to building an optimal schedule. Shifting
allows a given task to be scheduled, but if we alter that to allow another
task to be inserted into the schedule,we can perhapscreatea schedulemore
denselypacked than might be possibleotherwise.

This allows for a certain amount of 
exibilit y when building schedules,
asopposedto a greedyalgorithm that doesnot allow for task shifting. This
versionof the scheduler shifts tasks,but only on a very small scale.For any
given task that needsto be scheduled,the time window is examined. If there
are tasks already scheduled in this time window, the scheduler will try to
move them. However, it can only move two tasks, so it looks to the tasks
immediately precedingand succeedingthe task needingto be scheduled.

This scheduler tries to schedule any task as closeas possibleto its pre-
ferredtime window. If this task canbescheduledwithin its preferredwindow,
the scheduler will chooseto place it as closeas possibleto the left bound of
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its preferredtime window. This correspondsto the earliest point of the pre-
ferred time window. The scheduler can shift tasks to the left, to the right,
and can simultaneously shift two tasks in either direction.

Sincethe scheduler prefersto schedule to schedulethe tasks to their left
bounds, the shifting to the right has priorit y over shifting to the left. The
schedulerkeepsthe information about right and left limits of shifting for each
task.

The complexity of this schedule is O(n)
The algorithm for this scheduler is attached. SeeAppendix B.

Scheduler Version 3

After the secondgenerationschedulerwasfunctioning, we had to make a few
adjustments sothat task shifting could be introducedon a larger scale.Also,
somechangesin the double chromosomegenetic algorithm implementation
madethe secondversionof the scheduleno longer practical.

An allowancefor the shifting of scheduledtaskscreatesa largeamount of

exibilit y when building a schedule, so this was a priorit y for us. However,
bidirectional task shifting over the entire scheduleproved to be complicated,
so version3 of the scheduler allows shifting in only onedirection.

Originally, this schedulerwasdesignedto scheduleeach priorit y according
to the priorit y order chromosome,while scheduling thesetasks in the proper
time order in accordancewith the time order chromosome. The issuewas
that as each priorit y was exhaustedand the next-in-line priorit y was to be
scheduled,the scheduler would have to start from the very beginning.

2.6.2 Scheduling by priorit y

For example,all of the priorit y 0 tasks from the priorit y order chromosome
havebeenscheduled,and the schedulerbeginsto work on the priorit y 1 tasks.
However, in order to schedulethe priorit y 1 tasks, it must �rst rescheduleall
of the priorit y 0 tasks. A similar scenarioexists for priorit y 2 tasks. In order
to schedule these, the scheduler would �rst have to reschedule all priorit y
0 and 1 tasks, and so on. This was an unacceptablecomputational time
requirement.

To decreasethe computation time required for the double chromosome
scheduler, we �rst introducedan algorithm that would allow us to keepand
reuseprevious schedules. During the procedure for evaluating the double
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chromosomefor a particular priorit y p, we save all of the schedulesthat are
built for that particular priorit y. When we are donewith said chromosome,
we deleteall other schedulesfor this priorit y keepingonly the best one.

Sincethe geneticalgorithm only usesthe bestchromosomeof pth priorit y
to createthe chromosomefor priorit y p+ 1, the doublechromosomescheduler
can �rst call and re-establishthe best schedulefor up to priorit y p and then
only have to schedule the tasks of priorit y p + 1. Also, each schedulekeeps
all necessaryinformation such asnext task information (i.e. the next task in
the scheduleline-up) and shifting limits sothat this can be updated for each
iteration inside the scheduling procedure.

In the example above, after all of the priorit y 0 tasks are scheduled,
the best schedule of priorit y 0 tasks is stored, so when the priorit y 1 tasks
are added,we can simply reusethat scheduleof priorit y 0 tasks. When the
schedulerattempts to schedulepriorit y 2 tasks,the bestscheduleof priorities
0 and 1 hasbeensaved and will be reused.This way the scheduler doesnot
needto start from the beginningevery time a task with a newpriorit y number
is added.

This schedulerwill try to scheduleany task to its very left bound (earliest
possibletime), so that the task shifting is possibleonly to the right. The
schedulerdoesnot take in account the preferredtime window. For each task,
the algorithm keepsthe following information: next task ID, previous task
ID, the right limit of shifting the current task without shifting the next task
(local limit), and the right limit of shifting the current task with shifting any
possiblenumber of right tasks (total limit).

The computation time required for the scheduler is O(n2) wheren is the
number of tasks in the chromosome.

The algorithm for this scheduler is attached. SeeAppendix C.

2.7 Schedule Evaluation

Once the schedule has been constructed, there must be a measureof the
quality of the schedule. We felt the best way to achieve this would be to
place a scoring system on those task attributes that are most important
when building a schedule. Theseattributes are:

1. Task Priorit y

2. Time Window{e�ectiv e versuspreferred
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3. GeographicLocation.

The plan wasto institute a scoringsystembasedinitially on the priorit y of a
given scheduledtask. This was to be a weighted function giving the highest
score to the highest priorit y, but con�gured in such a way that a higher
priorit y task cannot be outscored by any number of lower priorit y tasks.
For example,a priorit y 0 task will always scorebetter than any number of
priorit y 1 tasks.

After we fabricated a viable evaluation program basedon task priorit y,
our plan wasto incorporate a scoringsystemfor the time each task is sched-
uled. Sinceeach task has a preferred time window as one of its attributes,
there would be a scoreplacedupon a task that is scheduled in its preferred
time window.

Also, part of each task de�nition is an e�ective time window which corre-
spondsto the absoluteboundariesthe task canbescheduledin. The preferred
time window is contained within the e�ective time window. Our plan was to
placea penalty on tasks that are scheduledwithin the e�ective time window
but outside of the preferred time window. A task scheduled in its preferred
time window would have no penalty placedupon it.

Finally, each task must have a geographiclocation. As each scheduled
task is performed, the satellite must shift its position from that task to the
next, a processreferred to as slewing. It is assumedthat the satellite is
not performing any tasks when slewing, so a good schedule builder would
attempt to minimize the amount of time the satellite is slewing and try to
placetasks into the scheduleasdenselyas possible.

Similarly, a good scheduleevaluation program would try to evaluate the
gapsin the schedule,sincethe vehicle is not productive while slewing. This
was to be the third phaseof the schedule evaluator. Essentially , the geo-
graphic coordinates of one task would be comparedto the next scheduled
task. Given thesetwo coordinates, a distancecould be calculated,and that
could be translated to actual slew time. Our plan was to institute a scoring
systemthat would placea penalty on excessive slewtime.

It wasour thought that using theseattributes; task priorit y, time window
and geographiclocation, along with an appropriate scoring process,would
give a good indication of the quality of the schedulebeing evaluated.
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2.7.1 Schedule Evaluator Pro ject Details

If there was one item that was truly well learned during this project, it is
that fact that trying to evaluate a scheduleis a very di�cult task. Basedon
the sheernumber of di�erent priorit y levels, there was no way to determine
a single function for task priorit y weights. The problem lay in the fact that
any weight one might wish to assignto a given priorit y number, con�gured
in such a way that a task of lower priorit y could never outscorea task of
higher priorit y, resulted in extremely large and extremely small numbers.
Thesevery small numbers would not even register on the scalecomparedto
the big numbers, so after about priorit y 40 or 50, all tasks have a weight of
e�ectively 0.

To get something working as early as possible,we settled on a scheme
that would generatea scorebasedonly on priorit y level. Initially , each task
is assigneda weight of

weight = (100� priorit y)2:

Then, the algorithm would sum up all the tasks in the schedule, each with
its respective weight, and output a singlenumber, that being the schedule's
score.

However, this weighting function had several drawbacks. The primary
drawback was that tasks of a lower priorit y, if there are several of them,
would outscore a higher priorit y task. This was not in keeping with our
original goal of scoring the schedule in such a manner that no number of
lower priorit y tasks could ever outscorea higher priorit y task.

Another issue we had to addresswas in regards to the score. When
the schedule is fed into the evaluation program, it outputs a number. This
number by itself is meaningless.We neededsomeway to interpret the score
sothat the operator will know whether or not a scheduleis acceptablebased
on its score.

We also wanted to make the evaluation program more comprehensive.
We do not feel that a scoringsystembasedcompletelyon the task priorit y is
the best way to evaluate a schedule, so we wanted to include other factors,
namely whether a task hasbeenscheduledin its preferredtime window and
how far the satellite must slewto reach its next task. Thesewereoutlined as
goalsin our project proposal. As it turned out, we did not get a chanceto
addressall of theseissues.There simply was no feasibleweighting function,
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so instead we tried a di�erent approach. To this end, we developed two
di�erent evaluation algorithms. Theseare described below.

General Schedule Evaluator

We developed this algorithm for use by the other groups as they develop
their parts of the project. Instead of a function that would apply weights
to each task priorit y, we decidedto allow each task to have equal weights.
Also, rather than an output of a singlenumber, we decidedon an output of
a 1 � 100vector, where100 is the total number of priorit y levels. This way,
each priorit y level can be comparedseparatelyto the samepriorit y level in
a di�erent schedule.

Additionally , a time window penalty was factored in. This is simply the
fraction of the task that is scheduleoutsidethe preferredtime window. This
number can then be divided by someinteger, and the actual penalty can be
madewhatever the operator wishes.

When it comesto a comparisonof two di�erent schedules,our algorithm
will take the vector of schedule1 and subtract from it the vector for schedule
2. This will output another 1 � 100vector. Sinceany task of lower priorit y
number is always to be preferred to any number of tasks of higher priorit y
number, the �rst non-zeronumber in this vector will indicate which schedule
is to be preferred.

The only drawback to this evaluator is that it requiressomeinterpretation
from an operator.

Specialized Schedule Evaluator

In addition to the schedule evaluator described above, we determined that
our doublechromosomegeneticalgorithm project neededsomethingslightly
di�erent. To addressthis, we developed a specialized schedule evaluator
designedspeci�cally to work with the hybrid approach. In point of fact, in
works somewhatsimilarly to the scheduleevaluator alreadymentioned, with
a few key di�erences.

Sinceour schedulebuilder considerseach priorit y level separately, we did
not needto look at all of the various priorit y levels simultaneously. So the
specializedevaluator considersa priorit y level p, counts how many tasksthere
are with priorit y p, applies a penalty for time window as described above,
and outputs the sum. In this situation, a higher scoreis better.
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2.8 Conclusion

2.8.1 Commen tary

This GA approach producesviable schedulesfor the satellite programming
problem. It still remains to be seenwhether or not these schedules are
comparableor better than other methods using the samesetsof data.

2.8.2 Future Work

Future Work on the Double Chromosome Hybrid Approac h

There are many things that can be done to �ne-tune and tweak the double
chromosomehybrid GA:

Parameters - much more testing could be doneby changing the param-
etersavailable in the GA such as mutation rate, number of cross-over itera-
tions, and so forth.

Algorithm Tuning - while most of the algorithms run in an acceptable
fashion,more work could be done�ne tuning each individual algorithm.

Cross-over metho ds- Only one cross-over method was implemented.
There are many other methods that would be acceptablefor this problem,
such as edge-recombination which may prove to be better performing.

Single Chromosome Approac h- While the double chromosomeap-
proach provided a meansfor the schedulebuilder to selectand calculate the
placement of a task within the schedule, it might be possibleto do this with
a singlechromosomewhile still using an iterativ e singlepriorit y population
approach.

Multiple Populations - As the number of genesthat the double chro-
mosomeare of such a magnitude that all the permutations quickly become
unmanageable,there are many examplesof parallel processing,which could
be achievable via a multi-threaded implementation, that involve multiple
population and population sharingthat are able to addressthis problem and
wouldn't require an iterativ e population building approach.

Future Work on the Scheduler

Sinceversion3 of the double chromosomescheduler has shifting only to the
right, and it doesnot take into account the preferred time window, we can
improve the schedulesby stating the problem as either linear or nonlinear
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programming problemswith initial feasiblesolutions. This problem can be
stated as the following nonlinear program:

minimize
P m

i=1 ki (jpei � x i j + jx i � psi j)

subject to x i +1 � x i � di + slew(x i ; x i +1 );

esi � x i � eei for i = 1; :::; m � 1:

whereki is a coe�cien t, x i is the starting time of the i th task in the schedule,
pei is the preferredend of the i th task, psi is preferredstart of the i th task,
di is the duration of i th task in the schedule,esi is the e�ective start, eei is
the e�ective end, and slew(x l ; xk) is the slewtime from lth task to kth task.

Wecantransform this nonlinearprogrammingprobleminto an equivalent
linear programming problem, but it will increasethe sizeof the problem by
at least a factor of 2. On the other hand, the matrix will be sparse,soit will
take relatively few iterations to solve this problem asa linear program.

Alternativ ely, this problem can be formulated as a quadratic nonlinear
program:

minimize
P m

i=1 ki (x2
i � (psi + pei )x i )

subject to x i +1 � x i � di + slew(x i ; x i +1 );

esi � x i � eei for i = 1; :::; m � 1:

Had time allowed, the next item on the agendafor the scheduler was to
createversion4, which would have beena combination of versions2 and 3.
This would have allowed for the bidirectional shifting of any number of tasks.
while attempting to scheduletaskswithin their preferredtime window, in the
samemanner as version2 of the scheduler.

The complexity of this versionof the scheduler would be O(n2)

Future Work on Schedule Evaluation

A largeamount of time went into the development of our scheduleevaluators.
This was not necessarilydue to their complexity, but to the complexity of
scheduleevaluation in general. In truth, scheduleevaluation quickly showed
itself to be a highly nontrivial task. However, it is still our belief that there
must bea simpleande�cien t method by which onecouldevaluate the quality
of a schedule. Although we could not �gure this out in the time allotted to
us, we feel that more thought should be applied to this problem. A good
method of evaluation could prove very useful.
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Future Work in General

Someof the assumptionwereto constraints and they canbe relaxedin future
work.
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2.9 App endices

2.9.1 App endix A: Algorithm for Scheduler Version 1

The algorithm for version1 of the scheduler routine is as follows:
begin Algorithm
For all tasks in the double chromosomedo

Get Task, NextTask, and PreviousTask;
Lef tB ound := PreviousTaskStar t+ PreviousTaskDur ation+ SlewTime;
RightB ound := N extTaskStar t � SlewTime;
if Lef tB ound � RightB ound then do

if TaskPref erredStar t � Lef tB ound then do
if TaskPref erredStar t � RightB ound then do

ScheduleTask at its Pref erredStar t;
else

if TaskEf f ectiveStar t + TaskDur ation � RightB ound then do
ScheduleTask, at RightB ound� TaskDur ation

end
end

else if TaskPref erredEnd � RightB ound then do
ScheduleTask at Lef tB ound

else
if Lef tB ound+ TaskDur ation � Ef f ectiveEnd then do

ScheduleTask at Lef tB ound;
end

end
end

end
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2.9.2 App endix B: Algorithm for Scheduler Version 2

The algorithm for version2 of the scheduler routine is as follows:
begin Algorithm
For all tasks in the double chromosomedo

Get Task, NextTask, and PreviousTask;
Lef tB ound := PreviousTaskStar t+ PreviousTaskDur ation+ SlewTime;
RightB ound := N extTaskStar t � SlewTime;
if Lef tB ound � RightB ound then do

if TaskPref erredStar t � Lef tB ound then do
if TaskPref erredEnd � RightB ound then do

ScheduleTask at its Pref erredStar t;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
if TaskEf f ectiveStar t + TaskDur ation � RightB ound then do;

ScheduleTask at RightB ound � TaskDur ation;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
Distance : RightB ound � TaskEf f ectiveStar t � TaskDur ation;
if D istance � N extTaskRightLimit

N extTaskStar t := N extTaskStar t + Distance;
N extTaskRightLimit := N extTaskRightLimit � D istance;
ScheduleTask at (RightB ound � TaskDur ation);
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

end
end

end
else

if TaskPref erredEnd � RightB ound then do
if RightB ound� TaskDur ation � Lef tB ound then do

ScheduleTask at Lef tB ound;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
Distance := TaskDur ation � (RightB ound � Lef tB ound);
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if D istance � N extTaskRightLimit then do
N extTaskStar t := N extTaskStar t + Distance;
N extTaskRightLimit := N extTaskRightLimit � D istance;
ScheduleTask at Lef tB ound;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
if D istance � PreviousTaskLef tLimit then do

PreviousTaskStar t := PreviousTaskStar t � D istance;
PreviousTaskLef tLimit := PreviousTaskLef tLimit � D istance;
ScheduleTask at (Lef tB ound � D istance);
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
if D istance � PreviousTaskLef tLimit + N extTaskRightLimit

then do
PreviousTaskStar t : N extTaskStar t + N extTaskRightLimit ;
N extTaskRightLimit = 0;
D istance := Distance � N extTaskRightLimit ;
PreviousTaskStar t : PreviousTaskStar t � D istance;
PreviousTaskLef tLimit := PreviousTaskLef tLimit � D istance;
ScheduleTask at Lef tB ound � D istance;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

end
end

end
end

else
if Lef tB ound+ TaskDur ation � TaskEf f ectiveEnd then do

ScheduleTask at Lef tB ound;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

else
Distance : TaskEf f ectiveEnd � Lef tB ound � TaskDur ation;
if D istance � PreviousTaskLef tLimit then do;

PreviousTaskStar t := PreviousTaskStar t � D istance;
PreviousTaskLef tLimit := PreviousTaskLef tLimit � D istance;
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ScheduleTask at Lef tB ound � D istance;
Setup TaskLef tLimit and TaskRightLimit ;
Update PreviousTaskRightLimit and N extTaskLef tLimit ;

end
end

end
end
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2.9.3 App endix C: Algorithm for Scheduler Version 3

The algorithm for version3 of the scheduler routine is as follows:
begin Algorithm
For all tasks in the double chromosomedo

Get Task, NextTask, and PreviousTask;
Lef tB ound := PreviousTaskStar t+ PreviousTaskDur ation+ SlewTime;
RightB ound := N extTaskStar t � SlewTime;
if Lef tB ound � RightB ound then do

if TaskEf f ectiveStar t � Lef tB ound then do
if TaskEf f ectiveStar t + TaskDur ation � RightB ound then do

ScheduleTask at its Ef f ectiveStar t;
Set Limits for Task;
Update next and previous information for PreviousTask,

Task, and NextTask;
Update LocalLimit for PreviousTask;
Update TotalLimit for all previoustasks;

else
Distance := TaskEf f ectiveStar t + TaskDur ation � RightB ound;
if N extTaskTotalLimit � D istance then do

ScheduleTask on its Ef f ectiveStar t;
Cur rentTask := N extTask;

while D istance > LocalLimit do
begin
Distance := Distance � Cur rentTaskLocalLimit ;
Move CurrentTask to the right;
Cur rentTask := Cur rentTaskN extTask;
end;

Update Limits , and next and previous information as above;
end if ;

end if ;
else

if TaskEf f ectiveEnd � Lef tB ound then do
if Lef tB ound+ TaskDur ation � RightB ound then do

ScheduleTask at Lef tB ound;
Set Limits for Task;
Update next and previous information for PreviousTask,

Task, and NextTask;
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Update LocalLimit for PreviousTask;
Update TotalLimit for all previoustasks;

else
Distance := TaskEf f ectiveStar t + TaskDur ation � RightB ound;
if N extTaskTotalLimit � D istance then do

ScheduleTask at Lef tB ound;
Cur rentTask := N extTask;
while D istance > LocalLimit do

begin
Distance := Distance � Cur rentTaskLocalLimit ;
Move CurrentTask to the right;
Cur rentTask := Cur rentTaskN extTask;
end;

Update Limits , and next and previous information as above;
end if ;

end if ;
end if ;

end if ;
end if ;

end.
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Chapter 3

Group 2: Dynamic
Rescheduling

By Scott Young,Tu Dinh, Armen Zakharyan, and Nadia Hamoudi

3.1 Abstract

Many papers and much research about the scheduling problem have been
developed and published. Most of them, though, concern problems with
static characteristics. However a real time system is dynamic and requires
adaptive scheduling strategies. Generating good schedules is not enough
by itself, as thosescheduleswould quickly becomeobsoleteas requirements
are revised and new requestsare added continuously. This paper looks at
developing dynamic re-tasking algorithms which react to dynamic changeof
requests.Many algorithms are applicablein this domain, and the best oneis
not obvious. We discussthree di�erent approaches: an adaptation of genetic
algorithm for dynamic tasking, task swapping with max-
exibilit y and A�
search algorithm.

3.2 In tro duction

Dynamic scheduling is applicable in a variety of domains, such as manu-
facturing, 
igh t scheduling and the spaceprogram, where it becamequite
challengingto develop optimal schedulesin unpredictableenvironments and
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with increaseddemand and limited resources. The objective of dynamic
scheduling is to achieve the maximum e�ciency of useof thoseresources.

Satellitesare expensive resourcesin high demand. Therefore, it's impor-
tant to develop schedulesthat e�ectively use thesesatellites to their maxi-
mum capacity. Current satellite scheduling practicesfail to meet this objec-
tive, in part becauseschedulesare statically generated. The problem with
this method of scheduling is that it generatesan immutable sequenceof com-
mands that have no mechanismsto recover when requestsvary from those
anticipated during the schedulecreation.

The Satellite MissionSchedulingProblemis predominantly a rescheduling
problem, wherethe existing schedulemust be preserved as taskschangeand
newonesareaddedcontinuously. Soan important aspect about a scheduling
problem solution is to provide methods 
exible enoughto react to a dynamic
changeof requestsand attempt to scheduleas many of them aspossible.

In order to maximize the useof the satellite, and add in new tasks, it is
necessaryin somecasesto excludesometasks from the scheduleand restart
the scheduling process.Taskshave di�erent priorities, thereforesometasks
should be included in the scheduleat the expenseof others. The algorithm
we're looking at developingwill quickly analyzecollecteddata and make de-
cisionsasto which taskswill bescheduled,and which will beexcluded,which
is unfortunately not straightforward. Several factors comeinto play, includ-
ing priorit y, location and start and end time. In somecasesit's necessaryto
excludesometasks from the schedule.

We start with an initial solution, and a set of dynamic tasks. We con-
sider one dynamic task at a time. Each dynamic task has the associated
variables: duration, e�ective time window (start and end), preferred time
window, priorit y (ranging from 0 to 99), location - coordinates, 
ag (simple
or monitor), latitude and longitude. Task priorities are rigidly respected.
It's not allowed to trade a higher priorit y task with any set of lower priorit y
tasks. The satellite is �xed at the furthest point in its elliptic orbit from the
earth. So we're assumingthat all points on the earth are visible from the
current satellite's position. Each task must be scheduled to executewithin
its e�ective time window. The problem is oversubscribed - only someof the
tasks can be accommodated. Preferenceis given to higher priorit y tasks.

The objective of the dynamic tasking solution is to maximizethe number
of high priorit y tasks scheduled, to generateschedulesas denseas possible,
and to minimize the run time for the repair algorithm and the divergence
from the initial schedule. The dynamic tasking problem is a time constraint
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problem. We have an almost optimal initial schedule that we want to stick
to asmuch aspossible.We needto minimize the divergencefrom the initial
schedule. In addition, weneedto minimize the run time of the algorithm. We
are looking for algorithms that have a short run time. Somethat react fast
to data changes,and make quick decisionsas to which requeststo schedule
and what start time to assignto them.

Becauseof that, it is an important aspect of our problem to identify an
a�ectiv e areaof interest, one that minimizes the divergencefrom the initial
schedule,but in the sametime includesthe tasks from the schedulethat can
e�ect the problem at hand, and may provide a better solution.

We've addressedthe dynamic tasking problem with several approaches.
Genetic Algorithm Adaptation for Dynamic Tasking, Task Swapping using
max-
exibilit y as the retraction heuristic and A� search algorithm. The
geneticalgorithm adaptation reusesinformation from the initial schedulethat
wasgeneratedusingtwo chromosomes(the time chromosomeand the priorit y
chromosome)and a scheduler. It inserts the dynamic task into the time
ordering chromosome. It o�ers the advantage of reconsideringall possible
tasks, including the onesthat werenot included in the initial schedule. This
algorithm is discussedin chapter 2. In chapter 3 wepresent the task swapping
- max 
exibilit y method. This procedureis an iterativ e repair approach that
works at improving an initial schedule by squeezingin someextra tasks, if
necessaryat the expenseof lower priorit y tasks. It identi�es the area of
interest as the set of tasks from the initial schedule that overlap with the
dynamic task time window. The A* search algorithm is presented in chapter
4. It is a graph search algorithm that we were looking at implementing in
caseswhere the areaof interest includesonly a limited number of tasks. In
each of these chapters we present a background description about each of
the discussedapproaches,how they relate to the problem at hand and the
application of each of thosemethod to the dynamic tasking problem.

3.3 Genetic Algorithm Adaptation for Dy-
namic Tasking

3.3.1 In tro duction

Throughout the semester,our clinic's main areaof study for static schedule
production hasbeenthe ideaof usingdoublechromosomegeneticalgorithms
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(GA). From this work and investigation of dynamic tasking, the heuristic
of using GA as a meansof handling dynamic tasks was formed. The basic
conceptis this: if the original GA produceda good schedule, then by incor-
porating the incoming dynamic task into the chromosomesusedin the GA,
we canproducea newoptimized schedule. This method o�ers the advantage
of consideringall possibletasks, including tasks not present in the initial
schedule.

3.3.2 Backround

This method is basedon geneticalgorithms. The geneticalgorithm developed
for static scheduling incorporates double chromosomemethod. The time
chromosomerepresents an ordering of all tasks in the �nal schedule. The
priorit y chromosomeconsistsof the order in which tasksshouldbescheduled.
An e�cien t scheduleris usedin order to convert the doublechromosomesinto
the �nal schedule.

3.3.3 Main Results

� Input

Input to our Matlab function, gaDynamic.m,consistsof the two chro-
mosomesfor the �nal static schedule. The format is as follows:

gaDynamic(t,p,d,taskarray)

where:

t = time chromosome

p = priorit y chromosome

d = dynamic task

taskarray = initial array of task data

The chromosomes,t and p, are arrays of sizen wheren represents the
number of tasks in the requestpool, both scheduledand unscheduled.

� Execution:

The main objective of the procedure is to determine all the possible
time slots within which the dynamic task can �t, basedon its e�ective
time window. The dynamic task is then placed into the chromosome
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at every possibleposition, resulting in n new chromosomes.Where n
is the number of possiblepositions of the dynamic task.

The dynamic task alsohasa priorit y (x) and we would like it to be the
last priorit y of valuex to bescheduledto eliminate the risk of replacing
an equal priorit y task. The dynamic task is placed at the end of all
priorit y x tasks, but beforeany priorit y x + 1 tasks.

At this point we have n time chromosomesand one priorit y chromo-
some. To compareschedulesto �nd the best one,we �rst needto run
the DoubleScheduler3.mfunction on each set of chromosomes.Com-
parison of schedules is then done using compareSchedules.m, which
will take two schedulesand determinethe best one. We run it with the
following loop:

current-schedule= initial-schedule

for int i = 1 to n

best-schedule= compareSchedules(schedule(i ), current-schedule,taskarray);

if best-schedule= schedule(i ) then

current-schedule= schedule(i );

end

end

� Output:

The procedurecompleteswhenall n chromosomeshave beencompared
and the best schedule is located in the variable best schedule. This
schedule is then returned by the function for usein the satellite.

3.3.4 Av enues for Further Study

� Continued De-bugging

Current versionsof the algorithm are still not running correctly and
have not been implemented along with the GA scheduler. Insertion
into chromosomesis complete and working with simulated chromo-
somes/schedules,however, when GA functions are called the function
doesnot work correctly.
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� ReducedScheduler

One idea that was not exploreddue to time constraints was rewriting
a scheduler that would work within the time window of the dynamic
task. This theoretically would reducethe amount of computation time
drastically for the scheduler by ignoring the area of the schedule not
under inspection. In order to do this, an areaof interest would be set
(begin time and end time) and the portion of the schedule would be
changed.This may shortenrun times by reducingthe amount of space
to be examinedby the scheduler. Improvements may not prove worth
the e�ort however, as we would still needto examineeach task in the
chromosomes.
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3.4 Task Swapping - Max
exibilit y

3.4.1 Background

The task swapping procedurepresented by (Kramer and Smith 2003;2004),
was designedto improve oversubscribed schedules. It's a repair basedtech-
nique that works at augmenting an existing schedule with additional tasks
through a seriesof local-changesthat insert a task into the scheduleby un-
scheduling enoughtasks to clear a space,and then rescheduling them recur-
sively. Someof this method's advantage is that it attempts to preserve the
stabilit y of the existing schedule. In addition the method looksat scheduling
additional tasks without bumping the already scheduledones.

The technique was applied on the USAF Air Mobilit y Comman (AMC)
scheduling problem. It wasusedto improve a greedypriorit y-drivenschedule
generationprocedureby squeezingadditional, lower priorit y missionsinto the
airlift schedule.
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The task swappingprocedure- describedin (Kramer andSmith 2003)and
in other papers published in later yearsabout the samemethod - usesthe
perspective of iterativ e repair methods. Given a set of unassignedtasks, the
procedurelooks at each unassignedtask executionwindow in the schedule,
and determineswhich task from that interval to retract basedon a chosen
retraction heuristic. It is allowed to displacea higher priorit y task and insert
a lower priorit y task instead- temporarily creating a non optimal schedulein
hopesat arriving at a better solution. The method is applied recursively on
retracted tasks. If the repair method can get to a feasiblereassignment of
all tasks displacedby the insertion of the unassignedtask then the method
is applied, otherwisethe solution is rejected,the initial state of the schedule
is restoredand the unassignedtask remainsunassigned.The algorithm then
looks at the next unassignedtask on the list.

3.4.2 Applying task swapping to dynamic tasking

We believe that the task swapping procedure is also applicable on space
missiondynamic scheduling. But somedi�erences needto be taken in mind,
and somemodi�cations must be applied.

1. The original techniquewasusedto insert additional lower priorit y tasks
into a non optimal generatedschedule. The proceduretries to squeeze
in tasks that are of lower priorit y than any tasks already scheduled.
The dynamic tasks though are, in general,high priorit y tasks.

2. The procedurewasdesignedto solvemulti-capacity resourcesproblems.
The problem at hand looks at a singlesatellite problem.

As a consequence,the following items needto be modi�ed:

1. The areaof interest.

2. The loopsof iteration (one satellite vs various resources).

3. The decisionto make when the method fails to rescheduleall retracted
tasks(ignore the unscheduledtask sinceit's of lower priorit y than any-
thing in the schedule vs the dynamic task may have higher priorit y
than tasks already scheduled).

Therefore,thetask swappingalgorithm we're looking at applying on satel-
lite scheduling missionworks as follows:
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� It handlesonedynamic requestat a time.

� It looks at inserting the dynamic task within the initial schedule by
retracting somestatic tasks if necessary.

� It never retracts a task of higher priorit y.

� It regardsthe retracted task as its next target of scheduling, applying
the samemethod on it in order to reschedule it in the system.

3.4.3 Area of in terest

For a given task x we have the following:
st(x) start time
et(x) end time
eft(x) = et(x) - st(x) e�ective time window
The areaof interest of x includesall the tasks from the old schedulethat

intersect with x's e�ective time window.
If a is a scheduledtask in the static schedulethen
if st(a) � st(x) and et(a) � st(x) OR
if st(a) � st(x) and et(a) � et(x) OR
if st(a) � et(x) and et(a) � et(x) Then
a belongsto the areaof interest.

3.4.4 Retraction heuristic - Max-
exibilit y

Theseheuristics help determine which task possessesthe greatestpotential
for reassignment, that one would be the best candidate for tasks to retract.
There are three heuristics that are most usedin the literature:

1. Max-Flexibilit y

Flexibilit y is de�ned as:

Flex = duration / e�ective time window

Taskswith high 
exibilit y are onesthat are easierto reassignbecause
they have a big time window relative to their duration.

2. Min-Con
icts

The con
ict measureconsidersthe number of tasks con
icting with a
task within its e�ective time window.
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3. Min-Contention

The contention measureconsidersthe portion of a task's e�ective time
window that is in con
ict with other tasks.

The retraction heuristic we decidedto implement is the Max-Flexibilit y.
We calculate the 
exibilit y for each task within the area of interest of the
given dynamic task de�ned as:

Flex = duration / e�ective time window
And determinethe task with highest
exibilit y. It is the task with greatest

potential for reassignment.

3.4.5 Task Swapping pro cedure

Swap the dynamic task with the static task from the area of interest with
max-
exibilit y andwith priorit y lessthan or equalthe priorit y of the dynamic
task. Mark the insertedtask asprotected. Protectedtasksdon't get included
in an areaof interest for a retracted task in the future.

Apply the samestepson the retracted task.
After the algorithm runs through all the tasks in the areaof interest, we

end up with oneof the two cases:

� All tasks including static tasks and the dynamic task get scheduled.

� One task left unscheduled. This would still be an improvement from
the initial schedule,sincethe unscheduledtask is of lower priorit y than
anything in the schedule.

3.5 A* search algorithm

3.5.1 Background

In computer science,A� (A-star) is a graph search algorithm that �nds a
path from a given Start node to a given Goal node. It employs a heuristic
estimate that ranks each node by an estimate of the best route that goes
through that node. It visits the nodesin order of this heuristic estimate. It
was�rst described in 1968by Peter Hart, Nils Nilsson,and Bertram Raphael.
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3.5.2 In tuition

To know which routes will likely lead to the goal, A� employs a heuristic
estimation of the distance from any given point to the goal. In the case
of route �nding, this may be the straight-line distance,which is usually an
approximation of road distance.

What setsA� apart from best-�rst search is that it alsotakesthe distance
already traveledinto account. This makesA* completeand optimal, i.e., A�
will always �nd the shortest route if any exists.

3.5.3 Algorithm description

A* maintains a set of partial solutions, i.e. paths through the graph starting
at the Start node, stored in a priorit y queue.The priorit y assignedto a path
x determinedby the function:

f (x) = g(x) + h(x)
g(x) is the cost of the path so far,
h(x) is the heuristic estimate of the minimal cost to reach the goal from x.

Pseudo code
function A* (start, goal)
var closed:= the empty set
var q := make-queue(path (start))
while q is not empty
var p := remove-�rst (q)
var x := the last node of p
if x in closed
continue
if x = goal
return p
add x to closed
foreach y in successors(p)
if y not in closed
enqueue(q), extend-path (p. q)
return failure
Here,successors(x) returns the set of paths createdby extendingp with

one neighbor node. It is assumedthat the queuemaintains an ordering by
f -value automatically.
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In the closedset (closed), all paths generatedso far are recorded,so as
to avoid repetition and cycles(making this a graph search).

3.5.4 Prop erties

If the heuristic function h is admissible,meaningthat it never overestimates
the actual minimal cost of reaching the goal, then A* is itself admissible(or
optimal) if no closedset is used. If a closedset is used,then h must alsobe
monotonic (or consistent) for A* to be optimal.

Formally, for all nodesx, y wherey is a successorof x:
h(x) � g(y) � g(x) + h(y).

3.5.5 In tuition about why A* is admissible and com-
putationally optimal

There is an intuitiv e explanation of why A* is both admissibleand considers
fewer nodesthan any other admissiblesearch algorithm. The intuition rests
on the recognition that A* has an optimistic estimate of the cost of a path
through every nodethat it considersoptimistic in that the true costof a path
through that node to the goal will be at least asgreat as the estimate. But,
critically, as far as A* knows, that optimistic estimate might be achievable.

3.5.6 Apply to dynamic tasking

On the map, divide n nodesinto 2 groups:

� Group H of all higher priorit y nodes,say wH ,

� Group L of all lower priorit y nodes,say wL.

Using A* to �nd a best path (lowest cost) through all nodeswH 's of Group
H as follow:

Stage1 ...... Target 1
Stage2 ...... Target 2
Stage3 ...... Target 3
And so on, until all wH 's have beenvisited.
For a satellite mission,

� Do consecutively all the higher nodes wH 's of the Group H (main
tasks);
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� Insert any lower priorit y nodeswL, which are closedto the path of the
Group H , if condition and time permitted (secondarytasks).

In general, not any mission could do all n nodes. Then, re-scheduling
and re-tasking are neededfor dynamic tasking for next missions. We have
looked at several graph theory methods in hopes at implementing them in
our dynamic tasking problemin caseswherethe areaof interest includesonly
very fewtasks. Weexaminedthe combinatorial algorithm, Voronoialgorithm
and the A* search algorithm. We found that A* search algorithm is the most
applicableone,yet not well suited to our problem.

3.6 Programing Results

3.6.1 GAA Run time

The implementation of our geneticalgorithm adaptation has not beeninte-
grated with the Matlab code from the GA group. The routines for placing
the dynamic task into the time and priorit y chromosomeis complete and
has beentested using chromosomesand schedulesthat are generatedusing
genegen.mand randomschedule.mfunctions.

As expected,the algorithm runs extremelyfast (under a secondto include
dynamic task into chromosomes)regardlessof the sizeof the chromosomes.
The addition of running the schedulershouldnot hinder this quick run time,
as the scheduler itself is extremely e�cien t.

3.6.2 Max-Flex

The max-
ex algorithm run into problems with the area of interest. Our
program will calculate the area of interest and placesall tasks that fall in
this range into a separatestructure array. Debugginghas been focusedon
the fact that there are way too many tasks are appearing into this range
(approximately 400/500 tasks). Implementation of this algorithm did not
get any further than creating this structure array.
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3.7 Further Researches

3.7.1 Com bined Algorithms

One of our initial ideaswas that no single algorithm may prove to be the
best for all situations (i.e. multiple dynamic tasks)and it would bepreferable
to have instead a library of algorithms that ran a speci�c algorithm based
on the demandsof the current situation. If each algorithm handlescertain
scenarios,then a combination of them may provide a more well roundedand

exible satellite scheduler.

3.7.2 Impro ving the Task Swapping Metho d

The initial idea of the task swapping procedurewas to allow higher priorit y
tasksto be displacedby lower priorit y tasks. For time constraints reasonswe
did not proceedwith that. Instead, we decidedto apply our swapping pro-
cedureonly in caseswherethe task to be retracted from the initial schedule
is of lower priorit y. For future studies,we would like to implement the idea
used in the USAF Air Mobilit y Command (AMC), where we allow higher
priorit y tasks to be retracted from the initial schedulecreating a temporary
non-optimal schedulein hopesof arriving at a �nal optimal solution after the
procedureis applied on all tasks within the area of interest. The swapping
procedurewould be applied recursively until we either get to a solution that
include all old tasksin addition to the dynamic task. Or we are left with one
task not scheduledand in this casewe swap that task with the task from the
area of interest with Max - Flexibilit y and lower priorit y than the dynamic
task.
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Chapter 4

Group 3: Top-Priorit y Path
Dep endent Algorithm

By John Apodaca,SaraMorrison, GeorgeShen,and Jennifer Zakotnik

4.1 Abstract

The focus of this project is to continue the study of last year's Math Clinic
to develop the scheduling capability of a satellite in order to maximize the
number of completedtasks. Wehavedevelopeda two-part processto address
onepossibleway of scheduling tasks. We createan initial schedulethat will
result in a path through all of the highest priorit y tasks. We then use this
initial scheduleto insert tasksof lower priorit y in a priorit y basedalgorithm.

4.2 In tro duction

The Satellite Mission Scheduling Problem involves scheduling tasks to be
performedby a satellite basedon location, time windows, and priorit y label-
ing. The focus is to continue the study of last year's Math Clinic to develop
the scheduling capability of a satellite in order to maximize the number of
completedtasksaswell ashave a large portion of high priorit y tasksaccom-
plished.

Becausetherearesomany tasksthat needto bescheduledandnot enough
time to schedule them all, there is high demand for an algorithm that in-
creasesthe number of tasksthat are scheduled. The current prioritization of
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tasksaidsin the decisionof which tasksshouldbedealt with, namelythoseof
highest priorit y, but there remainsthe problem of which of thosetasks may
be scheduled. The Top Priorit y Path Algorithm addressesthis issueby �rst
creating an initial scheduleof only the priorit y zero tasks, then augmenting
that schedule with as many possiblepriorit y one tasks, priorit y two tasks,
and so on until no more tasks can be added.

One stipulation of our sponsor is that no number of lower priorit y tasks
may be scheduled in place of a higher priorit y task. Our algorithms ad-
dressthis issueby scheduling all high priorit y tasks �rst and then adding in
lower priorit y tasks wherepossiblewithout removing any previously sched-
uled tasks.

4.3 Background

4.3.1 Graph Theory

Since our approach is graph theoretic, we introduce somebackground on
graph theory. Webeginby developingsomebasicvocabulary of graph theory
that is pertinent to the ideasdeveloped in this paper. For a more detailed
introduction on the study of graphsand their properties, we refer the reader
to the text "In troduction to Graph Theory" by DouglasWest.

A graph G consistsof a vertex set, V(G) = f v1; v2; :::; vng, and an edge
set, E(G) = f e1; e2; :::; emg, where each edgeis an unordered pair of (not
necessarilydistinct) vertices vi vj called its endpoints. We say that a graph
G with n verticeshasorder n and we write jAj = n. If f vi ; vj g 2 E(G), then
we say verticesvi and vj are adjacent. Similarly, we say the endpoints of an
edgeare incident with that edge. If the endpoints of an edgeare the same
vertex, that edgeis called a loop. Edgeswith the samepair of endpoints are
calledparallel edgesor multiple edges. Vertex vi hasdegreen if it is incident
with n edges,whereall multiple edgesare counted onceper occurrenceand
each loop contributes two to the degree. A graph with no loops or parallel
edgesis a simple graph.

The �rst graph we consideris the completegraph, K n , the simple graph
in which vi vj 2 E(K n ) for all 1 � i; j � n and i 6= j .

A path Pn is a sequenceof vertices and edges,v1; e1; v2; e2; : : : ; en� 1; vn

such that edgeei joins verticesvi and vi +1 for 1 � i � n � 1 and such that no
vertex is repeated. This is alsocalleda v1vn -path to emphasizethe endpoints.
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We say a graph is connected if for every pair of verticesu and v, there exists
a u; v-path. A cycle is a closedpath (both beginningand end vertex are the
same.) A cycle is denotedas Cn . We say a graph is acyclic if it contains no
cycles.

We may chooseto add direction to a simple graph's edges.We call this
an orientation of the graph's edgesand after orienting all edgeswe have a
graph that we call an oriented graph. If we orient the edgesof any graph (not
necessarilysimple) then we get a directed graph, or a digraph. A complete
symmetric digraphwithout loopsis a graph on n verticeswith degree2(n � 1)
on every vertex. Hereeach pair of verticeshas two edgesbetweenthem. We
orient those two edgesin opposite directions. This idea is key in our initial
path algorithm. The edgesare then referred to as arcs. At each vertex we
determine how many arcs are directed into the vertex, this is called the in
degree. Similarly we count how many arcsaredirectedaway from that vertex
and label this as an out degree. It is common to label a vertex (in degree,
out degree). It is alsocommonnotation to say xy 2 A(D) is in the digraph
D there is an arc directed out of vertex x and into vertex y, with A(D)
representing the arc set of D.

An important topic in graph theory that is relevant to this problem is the
study of Hamiltonian paths. Hamiltonian paths arepaths that travel through
every vertex exactly once. Hamiltonian paths are important to the develop-
ment of our research becauseof their fundamental property of ensuringthat
all vertices in a graph G are visited during a path. The direct relationship
between Hamiltonian paths and satellite scheduling is almost perfect with
the exceptionof a time element. By augmenting the conceptof Hamiltonian
paths to include this time element we develop a scheduling algorithm for our
satellite.

The Traveling SalesmanProblem(TSP) is a combinatorial optimization
problem that seeksto answer the question: if a salesmanleaveshis homecity
and visits a number of other cities, what is the cheapest route given the cost
and mileagebetweeneach city? Theoretically, givenK n with weighted edges,
�nd a Hamiltonian cyclethrough every vertex of the graph while minimizing
total cost. Becausethe TSP is an NP-hard problem, only approximation
methods exist for �nding a solution.

The optimization processmust beginwith �nding a good tour, i.e., a good
order to visit all the points. The intention is to solve a simple TSP problem
with the requirement that the traveling agent doesnot have to completea
circuit. This tour is a Hamiltonian path through the graph.
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4.3.2 Raytheon's Problem

The problem presented by our sponsor, Raytheon, is a satellite scheduling
problem. We are given a set of data which involvesseveral tasks that are up
for considerationto be scheduledduring a speci�c time frame. Each task is
identi�ed by three di�erent piecesof information.

The �rst piece of information we are given is the location of the task,
given by a latitude and a longitude. The physical location is important in
that we needto determine tasks that are closeto each other. Our mission
is to scheduleas many tasks as possibleso as not to waste time leaving and
returning to the samearea,so it makessenseto try to deal with all tasks in
a certain areabeforeleaving that area. We alsousetheseexact locations to
calculate the time it takesto travel from one task to another, referred to as
slewtime through the rest of this paper.

The secondpiece of information is the priorit y labeling of the task.
Raytheon hasdeveloped a way to attach a label to each task denoting its pri-
ority basedon the idea that we take the priorit y label and subtract it from
100; the higher the value the higher the priorit y. More simply, the lower
the number, the higher the priorit y the value it carries. Thus, the highest
priorit y given is a priorit y of zero.

The �nal piece of information that is provided in our data is the time
window for the task. Each task has two time windows: e�ective, during
which the task may be scheduled in order to be consideredacceptable,and
preferred,during which the task shouldbescheduledin order to beconsidered
successful.The time windows are signi�cant becausethey indicate the ideal
times for which the satellite shoulddo its job of taking pictures of the earth's
surfaceat speci�c locations. Basedon the earth's movements and the angle
of the sun, there are certain times when a quality picture cannot be taken,
thus making the time windows relevant.

4.3.3 Previous Work

Sincethis is a continuation of the Spring 2005Math Clinic, we have decided
to operate under the sameassumptionsas last year. They are reprinted as
follows.

� The only type of task to be executedby our satellite will be that of
photographing targets on the Earth's surface.
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� We will treat the satellite as a �xed object located above the earth.

� We will assumethat the satellite hasfull view of every possibletarget.

� Each task requiresthe same�xed time to complete.

Our objectivesare as follows:

� To maximize both number of tasks completed and tasks of highest
priorit y.

� To scheduletasks during their preferredtime window.

� To take into considerationmonitoring of tasks.

� To obtain a schedulethat is as densewith tasks aspossible.

4.4 Main Results

4.4.1 Technical Description

The top priorit y path algorithm, TPPA, builds o� of an ideabrie
y explored
in last year'sclinic which attacks the problemin two phases.We�rst schedule
the highestpriorit y tasks,and then usethat existing scheduleto add in lower
priorit y tasks. Our approach to the problemis graph theoretic. We represent
the priorit y zero tasks as vertices in a directed graph and treat the problem
as an application of the Traveling SalesmanProblem.

In creatingthe initial schedule,weuseour Initial Path Algorithm to �nd a
Hamiltonian path through the priorit y zerotasks. As previously mentioned,
the generalidea behind �nding Hamiltonian paths is to visit every vertex of
the graph exactly once,while minimizing the cost of doing so. Our variation
to this theme is that we want to maximize the 
exibilit y of each edgethat
we choosefor our initial path, in order to give us as much room as possible
to insert more tasksof lower priorit y during the insertion step. The measure
of 
exibilit y assignedto each edgeof the graph is de�ned as the ratio of the
wait-time at a task to the total time from the endof the previoustask to the
beginningof this task:

F lexibil ity =
wait � time

slew� time + wait � time
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The larger this ratio is, the more leeway we have to insert tasks. The
de�nition of wait-time we useis the time betweenarrival at a task and the
middle of the preferredtime window for that task. This allowsusto complete
the task as closeto the middle of the preferredtime window as possible.

Oncethe initial schedulehasbeencreated,weuseour Insertion Algorithm
to insert asmany lower priorit y tasksaspossible.Again, the more relax our
initial schedule is, the more tasks we will be able to insert at this point.

Our �rst step in developingour scheduling method wasto createa visual
representation of the problem, asshown in Figure 4.1.
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Figure 4.1: 3-D Representation of a Path

The axesare labeled as follows: x: latitude, z: longitude, y: time The
tasks are represented geographicallyby the black dots on the x,z-axis. The
time window for each task is shown by a black bar 'connected' to the task
by a dotted line. We can seein this graphic that sometasks are very close
to each other geographicallybut have very di�erent time windows, and vice
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versa. The processof creating a schedule can be likenedto traversing this
graph with a positive slope relative to slew-time, crossingas many of the
black bars as possible.

4.4.2 The Initial Path Algorithm

Preprocessing

1. Construct completesymmetric digraph on all n verticesof zeropriorit y

2. Delete impossiblearcsbasedon time window constraints

3. Update vertex (in, out) labels

4. Recognizeany in- or out-degreeof zeroas start/end

Algorithm

1. Search vertex degreesfor existenceof (x; 1) or (1; y) for 0 � x; y � n

2. If yes for some vertex, choose corresponding arc, delete mirror and
unnecessaryarcs,update degrees

3. If no, ask if all (in, out) = (0,0)

4. If yesstop

5. If no, determine best 
exibilit y scoreand choose corresponding arc,
deletemirror and unnecessaryarcs,update (in, out) degrees

6. Return to 1.

Description of Initial Path Algorithm (See Figure 4.2)
Preprocessing
The completesymmetric digraph represents all possiblearcsbetweenev-

ery pair of vertices (tasks). We include all possiblearcs here becauseit is
possiblefor any arc to be chosento form our initial path. However, upon
closerinspection we realizethat there are certain arcsthat we want to avoid
choosing. We eliminate arc BA only if the start time of A occurs after the
end time of B , making it impossibleto complete task B before task A. It
is also important to note here that any pair of tasks with overlapping time
intervals will maintain both setsof arcs. We include a proof of a proposition
regarding the existenceof any in- or out-degreesof zeroat this point.
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Prop osition 4.4.1 There is at mostone(x; 0) and at mostone(0; y) labeled
vertex.

Pro of: Wepresent the proof of at most one(0; y). A similar argument holds
for at most one (x; 0). We will useproof by contradiction and assumethat
there exist more than one (0; y) for somey such that 0 � y � n. Consider
two such vertices u and v. Then there are no arcs from any other vertex
coming into both u and v. Speci�cally, the arcs uv and vu are not in our
graph. Sinceuv is not in our graph, task u has a start time after the end
time of task v. It is alsotrue that sincevu is not in our graph that task v has
a start time after the end time of task u. Sincetime is linear, this is clearly
a contradiction. Therefore, at least one arc uv or vu must be in our graph.
Thus oneof u or v cannot have an in degreeof 0.

Corollary 4.4.0.1 There is exactlyone(0,0) vertexlabel if and only if there
is exactlyone vertex.

It is at this point that we recognizethat the vertex with label (0; y) is the
starting vertex of our path and a vertex with label (x; 0)) is our end ver-
tex.Here we do not actually do anything with these vertices if they exis;
however, they are important in knowing whento stop the algorithm. We will
discusshow this impacts the algorithm after discussingthe most important
elements of the algorithm. The algorithm begins when preprocessinghas
�nished. The steps of the algorithm are motivated by 
exibilit y and time
constraints. When consideringthe time element, we recognizethat there is a
certain order to the tasks and the removal of arcs may createonly one way
to enter a task or to exit a task. This implies that we should search for (1,y)
or (x,1) which givesus the latter situation. If, at any point there exist either
a (1; y) or an (x; 1), we must choosethe corresponding arc. However, if none
such exist, we choosearcs basedon 
exibilit y. Each time we choosean arc
we must be mindful not to chooseany other arcs leaving thestarting vertex,
any other arcsentering the end vertex, and also the mirror or reversearc, if
it exists, as that would createa two cycle.

It is imperative that no cyclesare created in the processof �nding our
initial path. A cyclewould result in our revisiting tasksmultiple times with-
out moving to new tasks. It is possiblethat our algorithm aspresented may
result in a Hamiltonian cycle through all vertices.This would happen in the
casewhenall tasksoverlap. To remedythis, we choosethe starting vertex as
the onewith the earlieststart time. By deleting the arc entering this vertex,
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we break the cycleand solve the problem.This problemis avoidedaltogether
in the situation in which there exists a start and end vertex, as we would
never choosethe ark that would closethat cycle.

We have consideredthe possibility that our algorithm as presented may
createcycles.Although it wasnot includedin our Matlab program,webelieve
we would needto run a mini program beforechoosingan arc to determineif
a cycle would be createdwith its addition to the path. We believe that our
algorithm will return an acyclic path through all of our vertices.

The algorithm terminates when all arcs have either beenchosenfor the
initial scheduleor have beendeletedfrom the graph.

The following �gures show a visual progressionof the algorithm's work.
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4.4.3 Insertion Algorithm

1. Determine highest unscheduledpriorit y, k

2. Travel initial path and scheduleasmany tasksaspossibleof priorit y k
betweenalready scheduledtasks consideringonearc at a time

3. At the end of initial path, deleteall unscheduledtasks of priorit y k

4. The most recently createdpath becomesthe new initial path

5. Return to 1.
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6. Stop when schedulemeetsdensity requirement

Description of Insertion Algorithm
Once we have a 
exible initial schedule we may augment the schedule

with tasks of the next highest priorit y. The insertion algorithm allows us to
travel through the path only onceper priorit y level k, limiting computation
time.

At each step the algorithm determinesif any new tasks may be added.
At the end of each iteration, any tasks that were not scheduledare deleted
from the task list and the algorithm considersthe next level of priorit y tasks
for insertion. The �gure below givesa visual representation of our algorithm.
The actual scheduling step here is still in development, so the details are
omitted.

The algorithm terminates when the schedule meetsthe density require-
ment of �v e consecutive iterations without the addition of any new task.

4.5 Conclusions

The Initial Path Algorithm is able to createa 
exible scheduleof all priorit y
zero tasks and can be modi�ed to considermore priorit y levels, if desired.
Unfortunately, while the algorithm looks good by hand, the computation is
much slower and lesse�ective than anticipated. While the number of tasks
being consideredfor the initial schedule is generally quite small, call it n,
the amount of data being stored for each task increasesquickly due to the
construction, manipulation, and storageof the n(n � 1) arcs and 
exibilit y
valuesthat needto be considered.

The Insertion Algorithm is ableto e�ectively augment the initial schedule
with a number of higherpriorit y tasks. Wedo not havespeci�c computational
results or conclusive evidenceas to the e�ciency of this algorithm.

The TPPA, as is, doesnot appear to be particularly e�ective as a gen-
eral solution to the satellite scheduling problem. As investigated by other
members of the Math Clinic, there are several other approaches that pro-
vide acceptablesolutions in lesstime, such asgeneticalgorithms and scatter
search algorithms. However, the TPPA should not be dismissedas value-
less.More investigation should lead to a re�nement of the algorithm that is
capableof producing a valid schedule in lessrun time.
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4.6 Av enues for Further Study

We end this report with someissuesthat we wereunable to resolve or would
like to continue to study.

� What will we do if it is impossibleto schedule all of the priorit y zero
tasks? This is a question that we consideredduring the beginning
stagesof our work. We were not able to resolve this issue.

� Will our TPPA be able to handle monitoring tasks? Again, this is an
issuethat we consideredat the beginning of our work, but decidedto
focus solely on the simple tasks at �rst and deal with the monitoring
tasks at the later stages.We were unable to resolve this.

� What is the best way to evaluate the e�ectivenessof our algorithm?
Due to coding issues,the lack of a producedschedule (aside from one
by hand) makes it impossibleto evaluate the algorithm's e�ectiveness
at this point.

� How can we ensurethat a higher task is not overlooked and instead
lower priorit y onesare scheduled? Is this possible,and, if so, how do
we dealwith it? Becausewe schedulethe priorit y 0 tasks�rst, then the
priorit y 1s, and so on, our algorithms limit this occurrence.However,
there is a possibility that a priorit y 1 task may be deletedafter the �rst
iteration of the insertion algorithm, and then a priorit y 2 task inserted
in its placeon the seconditeration. Our policy to deleteany task that
doesnot immediately �t doesposethis problem.

� What are the bene�ts to using the TPPA to solve the satellite schedul-
ing problem? An overall consensusof the Clinic is that there are better
approaches than the TPPA for the satellite scheduling problem, but
further study could prove to make the TPPA more e�ective. Increased
re�nement of the algorithm would help to cut down on the computing
time and complexity.

� How do we improve our algorithm to addresspreferred time windows
over e�ective time windows? The assumptionswe made in designing
the algorithm lead us to believe that most tasks are scheduledwithin
their preferred time windows. However, we cannot verify how often
this is true.
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� Would a weeding-out algorithm help to minimize computation time?
We brie
y exploredthe idea of designinga weeding-outalgorithm that
would identify those tasks of lower priorit y that were 'close' to some
priorit y 0 tasksand considerthem in creating the initial schedule. Our
work focusedmainly on scheduling only the priorit y 0 tasks for the
initial schedule,but it may bepossibleto e�cien tly include these'close'
priorit y 1 tasks, as well.
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Figure 4.2: Initial Path Algorithm
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Chapter 5

Conclusions and Future Work

This project extendedsomeof the most promising ideasfrom the 2005Math
Clinic [10]. In particular, we developed a doublechromosomehybrid genetic
algorithm for satellite scheduling and alsofurther developed the top-priorit y
path dependent algorithm. Additionally , two new approaches for dynamic
rescheduling where developed: a genetic algorithm adaptation for dynamic
rescheduling, and a max-
exibilit y task swapping method.

5.1 Double chromosome hybrid genetic algo-
rithm

The doublechromosomehybrid geneticalgorithm method appearspromising
for the static scheduling problems. Traditional geneticalgorithm approaches
encode all of the details of a solution into a a chromosome. In contrast,
the hybrid approach encodes only part of the solution in the chromosome,
leaving many of the details, such asthe �nal timing of tasksand the enforce-
ment of scheduling constraints, to be sorted out by a specialized\scheduler"
algorithm, which translateseach chromosomeinto a completeschedule.

This approach has several advantagesover traditional geneticalgorithm
approaches. First, all chromosomesare translated into feasibleschedules.
Thus, the geneticalgorithm doesnot needto wastetime evaluating chromo-
somesthat can't possibly represent feasibleschedules. Second,the lengths
of the chromosomesthemselvesareshortened,thereby dramatically reducing
the size of the solution spacethat must be searched by the genetic algo-
rithm. Third, there areessentially no constraints on the sophisticationof the
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\scheduler" algorithm. Thus, while our investigation made many simplify-
ing assumptions,it would not be too di�cult to considerconsiderablymore
complexversionsof the problem. In particular, we believe that the method
can easilybe adapted to handle monitoring tasks.

A novel featureof our method is the useof two chromosomesto represent
each solution. The �rst chromosomerepresents the schedulingpriorit y, which
tells the scheduler the order in which it will attempt to insert the tasks into
the scheduler. The secondchromosomerepresents the time ordering, which
speci�es the relative order of tasks in the �nal schedule.

The principal advantage of the double chromosomeapproach is that it
enablesthe scheduler algorithm to be very simple, while at the sametime
ensuring that no potentially optimal solution is excluded from the search
space.

Our implementation included a multi-level approach to scheduling in
which the algorithm considersonly the highest priorit y tasks initially . Once
the algorithm convergesto an optimal pair of chromosomes(or a set of opti-
mal pairs), additional task requestsare addedin, onepriorit y level at a time.
This 'divide and conquer' approach greatly improves the computational ef-
�ciency of the algorithm. Moreover, in the casewherehigher priorit y tasks
take absoluteprecedenceover any number of lower priorit y tasks, it can be
shown that this gain in e�ciency comesat no cost to optimalit y.

5.2 Top-Priorit y Path Dep endent Algorithm

The top-priorit y path dependent algorithm is basedon the ideaof scheduling
the most important tasks �rst, and then inserting lessimportant tasks into
the schedulethat arenot too far out of the way. This approach hastwo main
components: 1) determining an initial scheduleinvolving the most important
tasks, and 2) inserting lessimportant tasks into the schedule.

This semester,substantial progresswas made on the �rst of these two
tasks. A graph theoretic method was developed for generating the initial
schedule that also incorporated a new \
exibilit y" measure.This 
exibilit y
measureis basedon the intuition that the more slack time there is between
two tasks, the greater the abilit y to insert additional tasks betweenthem.
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5.3 Dynamic Tasking

Two new approachesfor the dynamic scheduling problem were investigated.

5.3.1 GA adaptation for dynamic rescheduling

The doublechromosomehybrid method discussedabove led to the discovery
of a potentially very powerful method for dynamic rescheduling. A key in-
sight for the approach is that the time-order chromosomecalculated for the
static problemre
ects the best relative ordering for all the tasks,not just the
scheduledtasks. Thus, it makessenseto take advantage of this information
for the dynamic retasking problem.

This is accomplishedas follows: when a dynamic task requestarrives, it
is inserted into the doublechromosomerepresentation. The modi�ed double
chromosomeis then passedto the scheduler to generatea new schedule.

This approach has several important features. First, it is very fast{the
new schedule is calculated in O(n2) time. Second,by inserting the dynamic
task in the priorit y order chromosomeafter all other taskswith equalor lower
priorit y numbers, the new schedule is guaranteed to be no worse than the
original static schedule.

5.3.2 Max-
exibilit y task swapping

Another dynamic rescheduling algorithm is basedon recent work by Kramer
and Smith [46]. In this approach, an iterativ e repair method is usedto insert
dynamic tasksinto the scheduleby possiblydisplacinga lessimportant task.
The algorithm then attempts to insert the displacedtask somewhereelsein
the schedule by possibly displacing another even lessimportant task. The
algorithm continueswith this insertion processuntil either an insertion can
be performedwithout displacinganother task, or a displacedtask cannot be
inserted.

In order to determine which task to displace,the algorithm computesa

exibilit y measure.This 
exibilit y measureis designedsothat the displaced
task has the best possiblechanceof being re-insertedinto the schedule.
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5.4 Future Work

Of the ideasexplored in this project, the most promising are related to the
double chromosomehybrid genetic algorithm. This algorithmic framework
appearsto hold sign�cant potential for solving the satellite scheduling prob-
lems, both static and dynamic. Further testing is neededto con�rm the
algorithm's potential.

In particular, the following tests should be performed:

� Run the algorithm on small problemsfor which it is possibleto deter-
mine the optimal schedule. Assesshow many iterations it takesfor the
geneticalgorithm to reach near-optimality.

� Comparethe performanceof the double-chromosomemethod with sin-
gle chromosomeapproaches to determine whether the theoretical ad-
vantagesof the double-chromosomemethod actually yield better per-
formance.

� For dynamicscheduling,comparethe quality of the �nal schedule(after
incorporating the dynamic tasks) with schedulesresulting from other
methods.

In addition to thesetests, there are a number of potential opportunities
for improving the algorithm, which should be explored:

� In many cases,the relative order of task requestscould be determined
a priori based upon the start and end times of their e�ective time
windows. For example, if the beginning of the e�ective time window
for one task is after the end of the time window of another task, then
the �rst task cannot precedethe secondtask in any feasibleschedule.
Such relationships could be used to de�ne a partial ordering of task
requests.This information could be exploited by the geneticalgorithm
by 1) developing a preprocessingmethod that would ensurethat the
initial population of time order chromosomesis consistent with this
partial ordering, and 2) by developing recombination operations that
preserve the partial ordering.

� Becausethe scheduling problem is grossly oversubscribed, there may
be considerableadvantage in developing preprocessingmethods that
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eliminate task requeststhat are extremely unlikely to appear in the
�nal schedule. One idea we discussedthis semesterwas motivated
by the top-priorit y path dependent algorithm. The idea would be to
connect every pair of high-priorit y targets with a straight line. Any
lower priorit y taskswhosetargets do not lie su�cien tly closeto any of
theselines would be eliminated from consideration.

� The genetic algorithm adaptation for dynamic rescheduling assumes
that the optimal chromosomepair from the static scheduling problem
will re
ect the optimal task orderings after dynamic task is inserted.
The validit y of this assumptioncould be strengthen by modifying the
�tness function for the geneticalgorithm to account for the uncertainty
associated with dynamic tasking. Speci�cally, each time a chromosome
pair is evaluated, a dynamic task requestcould be generatedand in-
sertedinto the chromosomesbeforepassingthe chromosomepair on to
the scheduler. In this way, only chromosomesthat are robust relative
to dynamic task requestswill consistently get high �tness scores.

� Finally, we note that the new ideasgeneratedin this clinic are not re-
stricted to Genetic Algorithms, and could easily be incorporated into
other evolutionary methods. Very late in the semester,we became
aware of other evolutionary methods such as scatter search and path
relinking that that promisemuch greater performancethat genetical-
gorithms. [65, 33, 37, 16, 35, 51]. By modifying our approach to �t
these frameworks, there is signi�cant potential for greatly improved
scheduling capabilities.
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metric TSP, k-MST, andrelatedproblems.SiamJ. Comput., 28/4:1298{
1309,1999.

The author usesthe concept of an m-guillotine subdivision
to obtain a simplepolynomial time approximation schemefor
the instanceof the traveling salesmanproblemaswell asother
similar geometric instances.It also discussesk-TSP wherein
we wish to determinea minimum length path that will visit at
least k of the total n vertices.The PTAS is constructedfrom
a dynamic programming algorithm in conjunction with the
m-guillotine subdivision for both the generalTSP and k-TSP
cases.

[54] Chris N.Potts and Mikhail Y. Kovalyov. Scheduling with batching: A
review. European journal of Operational Research, 120:228{249,2000.

This article reviewsresearch on two typesof schedulingmodels
that require batches to be performed. In the family schedul-
ing model, similar jobs may be batched if they sharethe same
setup. On the other hand, the batching machine model forms
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batchesof jobs that are processedat the sametime. Analisys
of thesemodelsshows that, in somecases,the sequencingand
batching of jobs can be decoupled.Oncea sequenceof jobs is
known, dynamic programming is shown to be a useful tech-
niquefor solvingthe batching problem.And alsousedin many
modelsthat integrate scheduling with batching decisions.The
paper also gives details of the basic algorithms and also ex-
plains how dynamic programmingalgorithms canbe designed
to give e�cien t algorithms for several of the problemsthat we
consider.

[55] M. Obaidat and G. Papadimitriou. Applied SystemSimulation: Method-
ologiesand Applications. Kluwer AcademicPublishers,New York, 2003.

Applied SystemSimulation: Methodologiesand Applications
is an ideal read to understand the newest in frontier schedul-
ing algorithmsandsimulated environment technology. Encom-
passingvastechniquesthat have beencombined with working
technology to simulate and test schedules.This book can pro-
vide alreadytestedtheory on many schedulingsimulators, and
there complexalgorithms. In regardsto its content it primar-
ily dealswith computer systemsand optimization, given that
this may be true, the examplesare very similar to simulating
test data for satellite schedules.

[56] Classof Spring 2005.Satellite missionscheduling with dynamic tasking.
Technical report, University of Coloradoat Denver and Health Sciences
Center MathematicsDepartment, University of Coloradoat Denver, CO
80217.,May 2005.

[57] M. S. Osman,Mahmoud A. Abo-Sinna,and A. A. Mousa. A Combined
GeneticAlgorithm-Fuzzy Logic Controller (GA-FLC) in Nonlinear Pro-
gramming. Applied Mathematicsand Computation, 170:821{840,2005.

This paper presents a combined geneticalgorithm-fuzzy logic
controller for constrained nonlinear programming problems.
While not speci�cally designedto be a solution to scheduling
problems in general,it is our belief that this method can be
applied successfullyto such problems. The article discusses
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geneticalgorithms in general,then attempts to apply a fuzzy
logic controller to the chromosomessoasto acheiveoptimalit y
in fewer generationsthan geneticalgorithms alone.Several ex-
amplesare presented that demonstratethe superiority of the
GA-FLC method, requiring lesscompuation time and there-
fore faster results.

[58] J.C. Pemberton and L.G.Greenwald. On the needfor dynamic schedul-
ing of imaging satellites. In FIEOS PAPERS, 2002.

In this paper the casefor dynamicschedulingof imagingsatel-
lites. Dynamic scheduleswill allow satellite systemsto take
advantage of information gathered during the execution of
the scheduleand react to changesin the environment, desired
tasking, and the availabilit y of resources.The authors devel-
oped a remotesensingscheduling problem and they discussed
the contigency conditions under which the satellite schedul-
ing problem becomesdynamic. They suggestthat dynamic
scheduleswill yeild improved mission schedulesand reduced
missioncosts.

[59] JosephC. Pemberton and II I Flavius Galiber. A constraint basedap-
proach to satellite scheduling. DIMA CS Workshopon Constraint Pro-
gramming and LargeScale Discrete Optimization, pages101{114,2000.

Pemberton and Galiber discuss satellite scheduling as a
constraint-optimization problem. Throughout the text they
discussthe goalsof satellitesand ways to scheduletaskswith
considerationto priorit y and the multiple constraints related
to tasks. The emphasisin this article is on telecommunica-
tion, broadcast,and remote-sensingsatellites and constraint-
basedapproachesto the optimization of the satellite schedul-
ing problem.

[60] Gilles Pesant, Michel Gendreau, Jean-Yves Potvin, and Jean-Marc
Rousseau. An exact constraint logic programming algorithm for the
traveling salesmanproblem with time windows. Transportation Science,
32:12{29,1998.
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The authors of this paper provide and then comparea con-
straint basedapproach to the traveling salesmanproblem to
other approaches in the literature. This constraint logic pro-
gramming algorithm for TSPTW works with time window re-
duction rules and incorporates them to create an improved
algorithm. This model assignspenaltiesfor arriving at a des-
tination beforethe appropriate time window begins.The con-
straint program combines several models each dealing with
oneaspect while sharingvariables.Redundant constraints are
included to improve the e�ectiveness.The paper concludes
with a branch-and-bound algorithm.

[61] SethPettie. A newapproach to all-pairs shortestpaths on real weighted
graphs. Department of Computer Sciences, University of Texas at
Austin Theoretical Computer Science, pages47{74, 2004.

Pettie introducesa new all-pairs shortest-path algorithm for
real-weighted graphs.He discussesthe derivation of his algo-
rithm alongwith the algorithms it wasderived with, Dijkstras
algorithm with Fibonacciheap. He also lays out the method
of the algorithm to approximate shortest path distancesand
leveragingapproximate distancesin the computation of exact
ones.

[62] Christian Plaunt, Ari K. J�onsson,and Jeremy Frank. Run-time satellite
tele-communicationscall handling asdynamic constraint satisfaction. In
The IEEE Aerospace Conference, 1999.

The problem described in this article is scheduling call re-
quests that requires real-time desicionswith regard to call
routing, load balancing and priorit y. The author suggestto
useincomplite methodsasHill Climbing to solve this problem.
The principal components of algorithm are Priorit y Manage-
ment, Call Acceptance,Load Balancing, and Call Migration.
Thesecomponents canbe implemented to our problem with a
few changes,sinceboth problemsare related. There is a very
usefull idea to use the Hill Climbing approach for such type
of problem becauseit is impossibleto �nd completesolution
for real-word conditions.
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[63] Jean-Yves Potvin. Genetic Algorithms For The Traveling Salesman
Problem. Annals of Operations Research, 63:339{370,1996.

This article describes algorithmic approaches, and their im-
plementations, for the Traveling SalesmanProblem (TSP).
Genetic algorithms are described in detail with speci�c ex-
amples and the steps required to convert the problem into
the respective components within a Genetic algorithm. Map-
ping of the solution to chromosomes,�tness, and mutation
are all discussed.A brief sectionon parallel implementations
(i.e. more than one processorworking on separateparts of
the sameproblem) is provided and a summary section with
computational results that provide a list of best practicesfor
solving TSPs with Genetic algorithms.

[64] Warren B. Powell. The optimizing-simulator: Merging simulation and
optimization usingapproximate dynamic programming. In Winter Sim-
ulation Conference, 2005.

In this tutorial, the author describeshow optimizing andsimu-
lation modeling technologiesca be combined together to solve
dynamic problems.The new combined technology is able to
handlethe randomnessand complexitiesof simulation and in-
telligenceof optimization, so it can optimize over time. Also,
Powell describes how to use approximate dynamic program-
ming to produce decision functions that optimize over time
rather than at a point in time.

[65] C. Regoand P. Leao.A scatter search tutorial for graph-basedpermuta-
tion problems. Metaheuristic Optimization via Memory and Evolution:
Tabu Search and Scatter Search, 1:305{317,2005.

[66] MichaelRinehart, Vida Kianzad, and Shuvra S.Bhattacharyya. A mod-
ular genetic algorithm for scheduling task graphs. Technical Report
UMIA CS-TR-2003,Institute for AdvancedComputer Studies, Univer-
sity of Maryland at CollegePark, June 2003.

This report talks about how Genetic Algorithms have been
usedinto scheduling task graphsonto multipro cessors,thege-
netic algorithm basedon bi-chromosomalrepresentation and
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capableof beingincorporatedinto a cluster/mergingoptimiza-
tion framework is proposed,and it is experimentally shown to
outperform a leading geneticalgorithm for scheduling.

[67] Qiming Ruan, Yuejin Tan, Renjie He, and Yingwu Chen. Simulation-
basedscheduling for photo-reconnaissancesatellite. In M.E. Kuhl, N.M.
Steiger, F.B. Armstrong, and J.A. Joines, editors, Proceedings of the
2005Winter Simulation Conference, Changsha,Hunan Province,China,
2005.National University of DefenseTechnology.

Qiming Ruan et al. describe that a simulation-basedschedul-
ing for photo-reconnaissancecould be expressedby a mixed
integer programming model. And "numerical results demon-
strate that this approach is e�cien t in the scheduling prob-
lems."

[68] S.A.Harrison,M.E.Price, and M.S.Philpott. Taskschedulingfor satellite
basedimagery. In Proceedings of the Eighteenth Workshop of the UK
Planning and Scheduling Special InterestGroup, pages64{78, University
of Salford, UK, 1999.

the paper addressestwo issues: -how many imagescan the
satellite aquire in a singleoverpassof a typical area.-and the
abilit y of automating the processof de�ning the schedule of
imagingtasks.the objectivewasto maximizethe total priorit y
of the set of tasks that are imaged which is a subsetof the
set of tasks. the answer was that it's not possibleto satisfy
more than 10 imaging requestsin a singleoverpasswhich was
consideredto be 3 minutes.

[69] J. Schwartz, M. Sharir, and J. Hopcroft. Planning, Geometry, and Com-
plexity of Robot Motion. Ablex Publishing Corpeoration, New Jersy,
1987.

Planning, Geometry, and Complexity of Robot Motion deals
with very speci�c algorithms on motion of robotics, topics
such as frictional, minimal, and dynamic movement are ex-
pressin great detail. This book has many independent ideas
for how problemscan be solved, but becauseof its agemost
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of thesealgorithms have beenlong forgotten and may not be
practical for satellite scheduling.

[70] SangH. Son.Advancesin Real-Time Systems. Prentice Hall, Englewood
Cli�s, NJ, 1995.

This book is a composition of articles dealing with real-time
systemsand contains a chapter on scheduling and resource
management that usesthe slack stealingalgorithm in order to
scheduletasks.

[71] Hongyi SunandGuoqing Wang.Parallel machine earlinessand tardiness
scheduling with proportional weights. Comput. Oper. Res., 30(5):801{
808,2003.

The problemof schedulingn jobswith a commonduedate and
proportional early and tardy penaltieson m identical parallel
machinesis explored.It is shown that the problem is NP-hard
and a dynamic programmingalgorithm is proposedto solve it.
Two heuristicsareproposedto tackle the problemand analyze
the worst-caseerror bounds.

[72] Eric Taillard, Philippe Badeau, Michel Gendreau, and Jean-Yves
Potvin. A tabu search heuristic for the vehicle routing problem with
soft time windows. Transportation Science, 31:170{186,1997.

This paper addressesthe traveling salesmanproblemwith soft
windows; vehiclesmay arrive outside the time window but
must incur a penalty. In the casewhere hard windows are
necessary, we may still use this tabu search but increasethe
penalty values.For each current situation, the search usesan
exchangeprocedurethat swaps sequencesof consecutive cus-
tomers between two routes. This method eliminates routes
with only a few customersin order to create a better route.
An extensive adaptive memory contains routes of the best
previously visited solutions.

[73] Lixin Tangand XianpengWang. Iterated Local Search Algorithm Based
On Very Large-scaleNeighborhood For Prize-Collecting VehicleRout-
ing Problem. The International Journal of Advanced Manufacturing
Technology, October 12, 2005.

94



This article describes a vehicle routing problem, the prize-
collecting vehiclerouting problem (PCVRP) that comesfrom
the optimization of the production of iron and steel. A brief
description is given of both problems and their similarities
and how to translate the production problem into the TSP as
well asseveral approachesthat havebeenpreviouslypublished
to solve VRPs. It continues with a mathematical model of
the PCVRP and describesan algorithm using Iterated Local
Search (ILS) and comparesthe results of this algorithm to
two other typescommonlyusedto solve VRPs. The algorithm
evolved takes into account: 1) not all customersneed to be
visited, but each customer visit results in a reward, and 2)
minimization of total distance traveled and maximization of
rewards are the objectives.

[74] P. Toth and D. Vigo. An overview of vehiclerouting problems. In The
vehiclerouting problem, pages1{26. Society for Industrial and Applied
Mathematics, Philadelphia, PA, USA, 2001.

As a basisfor dicussion,this overview appearsto be relevant
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[75] PaoloToth and DanieleVigo. The granular tabu search and its applica-
tion to the vehicle-routingproblem. INFORMS Journal on Computing,
15(4):333{346,2003.

Describestabu search method basedon the useof drastically
restricted neighborhoods, not containing the moves that in-
volve only elements that are not likely to belongto good fea-
sible solutions

[76] L.Darrell Whitley and J.David Scha�er, editors. Combinations of ge-
netic algorithms and neural networks, Los Alamitos, California, 1992.
IEEE computer society press.

the paper presents geneticalgorithm and neural networks as
technologiesthat are attracting a lot of interest amongscien-
tists and engineersbecauseof the advancesthey acheived in
recent reaserches and becauseof their dynamic behaviors. it
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also talks about the idea of combining them and how it may
provide a stronger problem solving tool.

[77] C.H. Yang and K.E. Nygard. The e�ects of initial population in genetic
search fo time constrained traveling salesmanproblems. ACM, pages
378{383,1993.

This article applies the genetic algorithm to the traveling
salesmanproblem with time windows. It evaluates the func-
tion of the algorithm and o�ers experimental results.
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traveling salesperson problem. In I.H. Osman and J.P. Kelly, editors,
Meta-heuristics: Theory and Applications, Boston, 1996.Kluwar Aca-
demic Publishers.

Several approximation algorithms and heuristics exist for ob-
taining near-optimal solutionsto the TSP. Most of theseusea
local search, transitioning from onesolution to a neighboring
solution at every step. Thesesimple transitions greatly limit
the obtainable performancedue to the small neighborhood of
each solution, sincethere are often many solutions that can-
not be improved by a singletransition. Zachariasenand Dam
evaluate how a tabu search can bene�t from using complex,
stronger TSP transitions. They show that it is advantageous
to use strong transitions in tabu search without increasing
running time.

[79] Monte Zweben and Mark S.Fox. Intel ligent scheduling. Morgann Kauf-
mann publishers,SanFransisco,California,1994.

the book provides a sampling of the most important works
in scheduling and describes casesudies in real world appli-
cation.it highlights the new researchesand advancesmadein
this �eld stressingthe unique caracteristicsof each reaserch.
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