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Abstract:
The temporally constrained scheduling problem requires that given a list of tasks, each having a
window of availability and minimum and maximum run times, an optimal schedule (schedule having
the most tasks, subject to priority concerns) be generated. Previous attempts have used deterministic
enumerative algorithms and deterministic heuristic algorithms. This paper applies two heuristic
stochastic algorithms to this problem.
The simulated annealing algorithm starts with a state and randomly generates changes that reduce a
“potential” in the problem so that the states generated will approach an optimum. The addition of a
“temperature” allows the states generated to occasionally go “uphill” to avoid falling into local minima.
The genetic algorithm maintains a large number of potential solutions and uses “crossovers” to
combine good features of two schedules. “Mutations” are also allowed to increase diversity of solutions
and to allow avoidance of local minima.
Both simulated annealing and genetic algorithms are heuristic stochastic algorithms that have show
promise on NP-complete problems like the temporally constrained scheduling problem. For this
instance, the genetic algorithm outperformed all the previous attempts at scheduling, while the
simulated annealing algorithm performed as well as many of the previous algorithms applied to the
problem. This was determined by considering the results of a large data set with 3227 tasks. This result
suggests that the solution space of the temporally constrained scheduling problem is more amenable to
global search algorithms than local ones.
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ABSTRACT
The temporally constrained scheduling problem requires that given a list of tasks,
each having a window of availability and minimum and maximum run times, an optimal
schedule (schedule having the most tasks, subject to priority concerns) be generated.
Previous attempts have used deterministic enumerative algorithms and deterministic
heuristic algorithms. This paper applies two heuristic stochastic algorithms to this
problem.
The simulated annealing algorithm starts with a state and randomly generates
changes that reduce a “potential” in the problem so that the states generated will
approach an optimum. The addition of a “temperature” allows the states generated to
occasionally go “uphill” to avoid falling into local minima.
The genetic algorithm maintains a large number of potential solutions and uses
“crossovers” to combine good features of two schedules. “Mutations” are also allowed
to increase diversity of solutions and to allow avoidance of local minima.
Both simulated annealing and genetic algorithms are heuristic stochastic
algorithms that have show promise on NP-complete problems like the temporally
constrained scheduling problem. For this instance, the genetic algorithm outperformed
all the previous attempts at scheduling, while the simulated annealing algorithm
performed as well as many of the previous algorithms applied to the problem. This was
determined by considering the results of a large data set with 3227 tasks. This result
suggests that the solution space of the temporally constrained scheduling problem is
more amenable to global search algorithms than local ones.
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CHAPTER I

INTRODUCTION

NP-complete problems such as the scheduling problem are a major focus of
computer science research, both in theory and in practical arenas. NP-complete problems
have interesting theoretical significance, and also are common in many realistic areas of
industrial problems. There are three main types of approaches to “solving” practical
examples of these NP-complete problems. Enumerative (or partially enumerative)
algorithms attempt to generate all (or a significant subset) of the solutions to a problem to
find the optimal solution. The most commonly used enumerative algorithm is the
branch-and-bound algorithm. These are generally not useful for NP-complete problems
except for very small or restricted cases, because they can require too much time or space
to be practical. Approximation algorithms use “performance guarantees” to find
solutions within a specified “distance” of the optimal solution. Different NP-complete
problems are more or less amenable to these “performance guarantees” [17]. Heuristic
algorithms use “rules of thumb” to generate good solutions more quickly, but a solution
generated by a heuristic algorithm doesn’t give any information about how close it is to
the optimal solution.
Heuristic algorithms are divided into two main groups. Deterministic algorithms
use only “rules of thumb” to generate a single solution for each data set. Many “rules of
thumb” have been discovered for scheduling problems, but each rule can be shown to
lead to suboptimal solutions in some cases. Several examples of these “rules of thumb”
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are “scheduling shortest tasks first”, “scheduling tasks with the least ‘slack’ time first”,
and “scheduling tasks that require the least resources first”. Stochastic algorithms
incorporate random choices as well, in order to expand the space they can search and
reduce the chance of being “stuck” at a suboptimal solution. Both of the algorithms
described in this paper are stochastic.
The Scheduling Problem

The scheduling problem can be formulated in the following manner. We are
given a set of tasks T with associated constraints or resources required, and a partial
ordering over the set of tasks that specify any tasks that require other tasks to have been
done previously. We wish to maximize the number of tasks scheduled without violating
any constraints.
The four main additional constraints found in the scheduling problem are
physical, availability, precedence, and temporal constraints. Physical constraints are
constraints inherent in the physical world, such as requiring that a task must take place at
a certain location. Availability constraints stop tasks from being performed when
resources are not present. For instance, it is not good to attempt to build a hull plate for a
ship when the steel necessary is not yet present. Precedence constraints require some
tasks to be performed before other tasks. For example, a hull plate must be built before it
can be welded into place on a ship hull. Temporal constraints control when tasks can be
performed. If a task involves a satellite transmitting data to a ground station, this task
must be performed while the satellite is above the horizon with respect to the ground
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station.

Most variations of the scheduling problem are NP-hard, including the

temporally constrained single processor scheduling problem, based on a transformation
from 3-PARTITION [5]. This problem is listed in [5] as “Sequencing with release times
and deadlines.”
Scheduling Application Studied

The Air Force Satellite Control Network is a network of ground antennae that are
used to gather information from satellite systems that do not have their own ground
antenna stations or require additional support. The ground network consists of eight
stations, each with one or more antennae. In an effort to better schedule the tasks from
the incoming satellites, several approaches have been examined. Previous attempts to
create schedules for this network have used techniques such as linear programming or
dynamic programming [Raytheon Corp. communications] . The purpose of this research
is to see if stochastic heuristics could generate better solutions for the problem, especially
on larger data sets.
Tables 1.1 shows some sample data from the satellite file. This file shows the
name of each satellite and its priority (I, 2, or 3, with I being the highest). Each task
request (see Table 1.2) represents a connection between a satellite and a specified ground
antenna. The tasks have limited time windows of availability. The tasks also have
specified minimum and maximum times of connection. The tasks are divided into three
different priorities, where a single high-priority task is more important than any number
of lower-priority tasks. The object of the search is to find a valid schedule that
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maximizes the number of high priority tasks. Maximizing the lower-priority tasks is
secondary. The test data for this experiment consists of two files containing data requests
and satellite data. The first data set consists of 1071 tasks, the second of 3229 tasks.
Table 1.1: Sample Data File
Satellite
Priority
APEX-1
2
COBE
3
DMSP_2-03
3

Table 1.2: Sample Task File
Task

Min Max
Time Time

Requests

Task
number SateIIiteStation
1
APEX-1 BOSS
2
APEX-1 BOSS

Antenna
B
B

(mi)
8
9

End of window
(mi) Start of window
13
12/1/02 18:57:00 12/1/02 19:11:00
12/2/02 19:40:00 12/2/02 19:54:00
14

This is an example of off-line scheduling, since the times of all the tasks are
provided at the start. There are physical constraints [18] that limit which antenna can
process a specific task. The availability windows represent temporal constraints, as do
the requirements of minimum and maximum times of connection. The priorities
represent precedence constraints. The tasks cannot be split apart, and a task must run for
its minimum time allotment before another task can start.

Specific Scheduling Problem

For this problem, let T = {f} be the set of tasks allocated to a single antenna.
Each task t; has a minimum length mini, a maximum length max,, a release time start; and
a deadline end;. A valid schedule is a schedule where all tasks scheduled are scheduled
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for a time between the respective min and max time, every task is wholly scheduled
within its availability window (starf, endj), and no task’s scheduled time overlaps with
another task’s scheduled time. The problem is to find the valid schedule that maximizes
the number of high-priority tasks scheduled, with secondary concern to maximizing
lower priority tasks.
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CHAPTER 2

SIMULATED ANNEALING
Description
The simulated annealing (SA) algorithm is well studied. It has been applied
successfully to a wide variety of problem domains including k-partitioning and TSP (the
traveling salesperson problem). It was first described in 1983[I I].
The name “simulated annealing” comes from the analogy of the algorithm to the
physical action of molecules in a solid (such as steel) as the solid is cooled from a liquid
state. The molecules in general change configuration into lower-energy states, but can
occasionally make leaps to higher-energy states depending on the temperature that the
solid is at. The annealing process cools this solid slowly to minimize the number of
defects that occur in the solid when it is fully cooled. A quick cooling introduces defects
that can make the solid less useful. [12]
The SA algorithm as used on combinatorial optimization problems contains some
of these concepts. There is a start state, a set of transitions, a measure of the energy of
the system, and a temperature. The SA algorithm is a gradient descent method, with the
simple addition of the ability to go “uphill” occasionally, with a probability to go “uphill”
dependent upon the “temperature” of the solution generated. [7]
A description of the generic SA algorithm follows [16].
Figure 2.1: Simulated Annealing Algorithm

Given a problem with solution space S and objective function f
I . Select an initial state sq.
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2. Select an initial temperature to>0
3. Select a temperature reduction function a
4. Repeat
a. Repeat
i. Randomly select s from the neighborhood of So
ii. 5 = f(s) - f(s0)
iii. if 8 < 0
iv. update solution so to s
v. else
vi. generate random x in the range of (0,1);
vii. if (x < exp(-8/t) then update solution so to s
b. Until number of iterations == chosen value
c. Set t = a(t)
5. Until (stopping condition is true)
6. so is the approximation of the optimal solution
Implementation
In the satellite scheduling problem, the initial state So consists of all the available
tasks for the antenna being examined, each scheduled at some random point within its
availability window for the minimum time required. The objective function f is the total
amount of overlap in the schedule. The temperature t is a run-time parameter. The
cooling function oc(t) = a * t, where a is a run-time parameter between 0 and I. Typical
values of a range from 0.8 to 0.99[2]. Values smaller than 0.8 generally converge too
quickly to provide the minima-avoiding effect that is desired. If t is set to 0, the algorithm
becomes a simple randomized hill-climbing algorithm
To select the next state from the neighborhood of the current state so, the task
currently scheduled that has the largest amount of overlap (subject to a penalty term) is
found. Then this task is randomly shifted within its availability window. The number of
times this shifting is done is a controllable parameter. In this problem domain,
maximizing the number of high-priority tasks is more important than maximizing the
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total number of tasks, so the total overlap is multiplied by the priority of the given task
before being compared to the “largest amount of overlap”. Without the penalty term, the
number of tasks scheduled remains roughly the same, but the number of high priority
tasks scheduled decreases from the range of 510 to 540 to a new range of 370 to 390, a
very significant decrease. ^The number of priority 3 tasks that are scheduled increases
slightly more than this decrease ( from 300 to 500).
Because the initial state so is typically overscheduled, an additional step is taken.
When the temperature is lowered, the task with the “largest amount of overlap” as
defined above is removed from the schedule.
In this implementation, the states all represent invalid “solutions” until the
objective function f(s) = 0, because overlapping tasks are not allowed in this scheduling
problem. Once the overlap reached 0, the algorithm terminates and reports the current
solution, after attempting to re-insert all the tasks that were previously removed without
adding additional overlap.

9
CHAPTER 3

GENETIC ALGORITHM
The genetic algorithm (GA) is a very simple and powerful algorithm. Originally
designed in the 1970’s, it has only received notice recently with the advent of more
powerful computers. The name is based on a metaphor, like the simulated annealing
algorithm previously discussed. In this case, the metaphor is Darwinian evolution.
In a genetic algorithm, a population of candidate solutions is generated. Each of
these candidates is assigned a fitness value based on how good the solution is. In the
scheduling problem, several fitness functions are available, such as “number of tasks
scheduled” or “lowest amount of idle time”. Then these solutions are all allowed to
undergo “crossover” and “mutation” operations to generate a new population of
candidates. This process continues until some stopping criteria are met. Typical
stopping criteria are lack of change over the course of several iterations or some specified
number of generations being reached.
Much care needs to be taken both in the representation of the candidates and in
the design of the operators. It is important that operators not generate invalid solutions,
and also important to allow freedom in the crossover and mutation operators so that the
space can be searched very effectively.

10
Specific Algorithm
The genetic algorithm used is a very simple one. Each member of the population
represents a complete and valid schedule. Tasks are scheduled for the minimum time
required and randomly given a starting time within the allowed window. The tasks are
divided up by priority, and then inserted in a random order with the highest priority tasks
being scheduled first. Tasks are only successfully inserted into the schedule if there is no
overlap with currently scheduled tasks. The resulting schedules are in time order.
The fitness of each schedule is determined by the number of priority one tasks
that it contains. Ties are broken by comparing the number of lower priority tasks
scheduled. Due to the specifications of the problem, a schedule with a larger number of
lower priority tasks scheduled is judged to be less fit than a task with a relatively small
number of additional high-priority tasks. Parents for the operators are chosen by a
weighted fitness metric. The following two schedules have been chosen to illustrate the
operators.
Figure 3.1 Sample Schedules

Taskl
Parent I
Start & End 0 4

Task 2
6 10

Task 3
15 23

Task 4
30 40

Task 5
41 45

Task 6
45
49

Parent 2
Task I
Start & End I 6

Task 2
6 12

Task 3
13 21

Task 4
22 32

Task 6
45 49

Task 7
50
55

Two different versions of the simple crossover operator are used. The first is a
generic simple crossover (Cl), which combines the first n tasks of one parent schedule
and the remaining positions (starting with position n+1) from a second parent schedule.
This generates two new schedules. For the example below, crossover was performed
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with n equal to four. Notice that the two children schedules are the same length as the
parents. If the tasks had overlapped some, one of the child schedules would have been
shorter than the parents.
Figure 3.2: Children from Operator Cl

Child I (Cl)
Start & End

Task I
O . 4

Task 2
6
10

Task 3
15 23

Task 4
30 40

Task 6
45 49

Task 7
50 55

Child 2 (Cl)
Start & End ■

Task I
I
6

Task 2
12
6

Task 3
13 21

Task 4
22 32

Task 5
41 45

Task 6
45 , 49

The second crossover operation (C2) chooses a time somewhere within the
bounds of the two schedules, taking the elements before this time from one parent
schedule and the elements after this time from the other parent. In Figure 3.3, crossover
was performed at time 45 on the original two parents. The first five tasks come from
parent one and the final two tasks come from parent two. Notice that the resulting child
schedule contains more tasks than either of its two parents.
Figure 3.3: Child from operator C2

Child I (C2)
Start & End

Task I
0 4

Task 2 Task 3 Task 4 Task 5 Task 6 Task 7
6 10 15 23 30 40 41 45 45 49 50 55

A blend crossover is also implemented. In this crossover (C3), the two parents
are “merged” by treating the schedules as a pair of queues and attempting to insert tasks
in time-order from both parents. Ifboth tasks start at the same time, the task from the
second parent is inserted first, although there are many choices available for breaking this
tie. This operator was implemented in the hope of removing wide areas of unused space.
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This crossover generates only one child. Notice again that the resulting child schedule
shown in Figure 3.4 includes more tasks than either of its parents.
Figure 3.4: Child from Blend crossover C3

Child (C3) Task I
Start & End 0 4

Task 2
6 12

Task 3
13 21

Task 4
22
32

Task 5
41
45

Task 6
45
49

Task?
50
55

Three different mutation operators have been implemented. One operator (Ml)
deletes a task from a schedule. Another operator (M2) shifts a task within the schedule
either forward or backward in time until it either reaches the border of its availability
window or reaches the boundary of the adjacent task. M2 was chosen to act this way in
order to maximize the potential benefit it might have to consolidate tasks to maximize the
size of the spaces left in the schedule for future task additions. The last operator (M3)
takes a schedule and attempts to add any tasks not already in the schedule via random
insertion (similar to the process described above to create the initial population). When a
schedule is selected to undergo mutation, either Ml or M2 is performed (with equal
probability), and then the resulting schedule has M3 performed upon it.
The following schedules are based on the schedule created in Figure 3.4. In
Figure 3.5, the Ml operator has deleted the fifth task.
Figure 3.5: Illustration of Deletion (Ml)

Child (Ml) Task I
4
Start & End 0

Task 2
12
6

Task 3
13 21

Task 4
22 32

Task 6
45 49

In Figure 3.6, the third task has been shifted to an earlier time.

Task?
50 55

13
Figure 3.6: Illustration of Shifting (M2)

Child
(M2)
Start &
End

Taskl

Task 2

Task 3

Task 4

Task 5

Task 6

Task?

0

6

12

22

41

45

50

4

12

20

32

45

49

55

In Figure 3.7, the result from Figure 3.5 has had a new task inserted in from the
data file.
Figure 3.7: Illustration of Addition Operator (M3)

Child 2
(M3)
Start &
End

Task I
0

4

Task 2
6

12

Task 3

Task 4

Task 9

Task 6

Task 7

12

22

33

45

50

20

32

40

49

55

The population is replaced during each generation except for a small elite portion
that is kept. The proportion of the population that is kept is a controllable parameter, as
are the simple-to-blend crossover ratio, the mutation rate, the size of the initial population
and the number of generations. These five parameters allow much leeway to “tune” the
genetic algorithm.
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CHAPTER 4
RESULTS AND CONCLUSIONS

Simulated Aimealing Results
For the SA algorithm, my results show that neither the cooling rate nor the initial
temperature has any significant effect on the final result of the algorithm. The number of
shifts performed has a positive effect that diminishes. Unless otherwise noted, the data
points on the graphs are averages of five trials on the larger of the two data sets.
Figure 4.1 shows the number of priority I tasks scheduled, while Figure 4.2
shows the total number of tasks scheduled. The lines represent varying thresholds at two
different cooling rates. Figure 4.1 shows that there appears to be a slight downward
trend, but the trend is not statistically significant. In Figure 4.2, the difference is much
greater, but still not significant even to the 50% confidence level. But in all these cases,
the solutions with no threshold appear better than the solutions that are achieved with the
varying thresholds. The data below was taken with the third parameter (number of shift
operations) held constant at 100. The thresholds 100; 1,000; 10,000; and 100,000 were
chosen because in the larger data set, the largest amount of overlap in the initial schedule
was slightly less than 1,000,000 seconds of overlap. The cooling rates chosen are the
most common cooling rates used in simulated annealing algorithms, because the
threshold decreases very fast if the cooling rate goes below 0.8. At a cooling rate of 0.99,
the threshold is still greater than 0 after hundreds of generations for any initial threshold
of greater than 100.
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Figure 4 . 1: Priority I Tasks Scheduled (SA)

CR = 0.8
CR = 0.9
CR = 0.99

<8 540

10000

100000

Threshold

Figure 4. 2:Total Tasks ScheduIed(SA)

$

CR = 0.8
CR = 0.9
CR = 0.99

1830

1000

10000

100000

Threshold

On the other hand, the third parameter, the number of shifts between deletions,
has a more noticeable effect. Figure 4.3 shows the resulting number of high-priority
tasks scheduled as the number of shifts per iteration is varied from 0 to 100, with a
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threshold of 0. Figure 4.4 shows the total number of tasks scheduled for the same range
of variation. The error bars on each represent one standard deviation of the data
collected. While there is an apparent trend upwards in Figure 4.3, no such statement can
be made at number of shifts larger than 10 with a high degree of confidence.
Figure 4. 3:Number of Priority I Tasks (SA-by number of shifts)

560
555
545
540

505
0

20

40

60
Number of shifts

Figure 4. 4:Total Number of Tasks (SA-by number of shifts)

JS 1750

1600 i i

Number of shifts

80

100

120
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On the other hand, looking at Figure 4.4, we see that every data point is at least I
standard deviation separated from the previous data point. There is a very definite
difference here at the 68% confidence level. The line does not level out completely even
at a number of shifts equal to 1000, but the difference no longer is statistically
significant.

Genetic Algorithm Results
In the following experiments, the number of priority two tasks has been reported,
rather than the number of priority one tasks. The range of variation in priority one tasks
is small, from 560 to 573. The range in the number of.priority two tasks is more
revealing. These experiments were all performed using the larger (3227 tasks) data set,
again because the results were more informative.
The impact of increasing the number of generations is relatively small. In
general, most of the improvement from the initial random schedules occurs in the first
twenty generations, as shown by Figure 4.5. The lines represent different sizes of initial
populations.
Figure 4.5 shows that there is an average increase of 193 tasks (22.7%) from the
initial schedules to the schedules produced in the 20th generation, while there is an
average increase of 63 tasks from the 20th generation schedules to the 100th generation
schedules.
The crossover operators Cl and C2 were compared for effectiveness in generating
new schedules, and crossover operator C2 was found to produce schedules that contain
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more scheduled tasks using either data set. To compare the two operators, the average of
ten trials was taken on the larger data set using a 100 element population size, 50
generations, a 1% mutation rate with the best schedule being retained from one
generation to the next. Cl yielded an average of 1003 priority two tasks whereas Cl
yielded an average of 1091 priority two tasks, a 9% increase. It is no surprise that Cl is
more effective than Cl since it enables lengthier schedules to be discovered.
Figure 4. 5:Tasks vs. Generation by Size of Population (GA)

1150
1100

I
■o 1050

I
“

1000

0=0
■Q 900
3

Z

850
800
0

20

40
60
Generation

80

100

The mutation rate was also investigated. The results are shown in Figure 4.6.
From the current data, it appears that the absence of the mutation operators is deleterious
to the scheduling algorithm. With no mutation, the average number of priority I tasks
scheduled is 918. With only a 1% mutation rate, the average number rises to 1063, a
15.8% increase. Additional increases occur as the rate of mutation increases, with a
plateau appearing in the area of 15-25%. With a mutation rate above 30%, the
performance began to deteriorate rapidly. This suggests that the mutation operators,
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particularly the addition operator, are very effective in lengthening the schedules. It also
suggests that the very best schedules may have been overrepresented, and that measures
to increase population diversity may be necessary.
Figure 4. 6:Mutation effects (GA)

«i 1100

Mutation %

The number of schedules retained from one generation to the next (“elitism”) was
also examined. Figure 4.7 shows the results of this exploration. The difference between
no retaining no schedules and retaining one schedule is 55 out of 1115, or a 4.9%
improvement. The maximum result for the case of a population of 70 occurred at 19
retained schedules (an elitism rate of 27%), and resulted in a 7% improvement over no
retained schedules. Results declined after this point. The presence of some small
amount of elitism allows good schedules to remain in the population, but larger amounts
of elitism prevent new schedules from being generated, thus hindering the ability to
lengthen the schedules.
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Figure 4. 7:Elitism’s effects (GA)
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The ratio of simple (C2) to blend (C3) crossover was also examined. When only
the C3 crossover was employed, the average number of scheduled priority 2 tasks was
1030. When only the Cl crossover was used, the average number was 1080. When both
were used in tandem, the results improved again, to 1130, a 7% improvement. The
asymmetry of Figure 4.8 is interesting, as is the fact that the 80% point, which represents
one C3 for every four Cl crossovers, is nearly as much an improvement as the 50%
mark, which represents an equal percentage of C3 and Cl crossovers. Figure 4 shows
that the C3 crossover is powerful only when used in combination with the Cl crossover.
The Cl crossover is the standard crossover and produces better results in isolation.
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Figure 4. 8:Effects of 2 Crossovers (GA)
"2 1140
-o 1120
%

1100

£

1020

Percentage of C2

Comparison of the SA Algorithm and Genetic Algorithm
Looking at the time required to find solutions for the SA algorithm, we see in
Figure 4.9 that the time increases linearly as the number of shifts increases. The
threshold and the cooling rates do not add significantly to the time required to find a
solution. While they contribute a small amount of computational overhead, they also
speed the discovery of a solution.
Figure 4. 9:Run Time of SA

«r 100

Numberofshifts
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Figure 4.10 shows the time required to execute 100 generations at specified
population sizes for the genetic algorithm. It is roughly a quadratic function. This is
unsurprising as one of the steps in advancing to the next generation is a sorting of the
new population to find the best population members and to get the population ready for
selecting parents for the next generation, and this sort is currently implemented as an
insertion sort.
Figure 4. IO=Time required for 100 generations (GA)
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Figure 4.11 shows the time required to execute the algorithm for a varying
number of generations at a population of size 100. This function is very nearly linear.
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Figure 4. IlrTime Required for Size 100 (GA)

o 400

Generations

Now we can compare the quality of solutions versus the time involved for both
the genetic algorithm and the simulated annealing algorithm. In Figure 4.12, the number
of priority one tasks scheduled is plotted against the time required to complete this.
Figure 4. IlrTime vs. Priority I Tasks
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The simulated annealing algorithm is plotted at various values of the number of
shifts, from 0 to 100. The GA is plotted in two different lines: the first computing to 20
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generations, the second to 100 generations. Notice that the SA schedules fewer tasks
than the GA, even when they run for equivalent times (as they do in the 20 generation
case).
Figure 4. 13:Time vs. Total Tasks

3 1900
— SA
- ■ - G A 20
-A - G A 100
1600

time(s)

Looking at Figure 4.13, we again have the SA algorithm plotted once, and the GA
plotted twice. Again, the GA schedules more tasks (around 100) more than the SA at
equivalent times.
It seems that the GA performs much better on the larger data set than the SA
algorithm. The only real advantage of the simulated annealing algorithm is its speed at
low values of the main parameter.
In addition, the simulated annealing algorithm generates results with a wider
variation than the GA. Figure 4.14 shows the spread involved in 105 samples taken at
the same settings (100 shifts, 0 threshold and cooling rate). The central peak ranges from
544 to 554, and outliers exist farther out in both directions.
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Figure 4. 14: SA Histogram
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Contrast this with the histogram shown by the GA at 100 generations and size
100 for 25 samples. In Figure 4.15, we see that the central peak is much more defined. It
only spans from 569 to 571. The results for the total numbers of tasks on both the SA
and the GA show a similar spread for the SA.
Figure 4.15: GA Histogram
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As a comparison, the best attempts for this problem previously found 560 priority
one tasks and 1200 priority 2 tasks in 20 minutes. The genetic algorithm is clearly better
than this, but the simulated annealing algorithm is not quite as good.
The two problems search very different spaces. The GA searches only valid
schedules, while the only valid schedule the SA sees is the final schedule. The SA
spends its time searching through overscheduled states on its way to the final schedule.
The beam search of the GA is also a factor that increases the effectiveness of the GA
over the SA. The GA keeps track of many different solution possibilities while the SA
works on only one.

Simulated Annealing Future Directions
Several approaches could be used in the future. Since the classic SA
algorithm works on refining solutions, and this approach works by creating a solution
using the same steps, perhaps modifying the objective function after the total overlap is
reduced to 0 to allow the algorithm to continue to refine the solution would make a
positive impact. In addition, the objective function could be changed during the run as
well. For instance, while tasks overlapping is not good, a priority 3 task that overlaps a
priority I task is a better candidate for elimination than a priority I task that overlaps
another priority I task. In the second case, we hope that shifting will remove the overlap,
so that both priority I tasks will be scheduled.
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One way to change the objective function is to change how the “overlap” is added
up. Multiplying the seconds of overlap between two tasks by a matrix element that could
vary between 0 and I depending on the priorities of the two tasks could increase the bias
towards priority I tasks.
The most common uses of the SA algorithm use an adaptive parameter to
determine when the algorithms changes from shifting to removal. Some algorithms
change after a specified number of successful changes (instead of after a specified
number of attempts, as in this algorithm) or after a specified number of failed changes
(which indicate, perhaps, that the current configuration is “stable” to the local search) [2].
There are data structure issues that I would like to examine as well. The structure
used to store the tasks is currently a simple vector sorted by start times. There are other
representations that may make the calculation of overlap more straightforward. Interval
trees, for instance, may be able to both make the algorithm more efficient and allow the
objective function to be more easily changedfl]. Also, the interval tree may reduce the
time required to perform shifts and. deletions.

Genetic Algorithm Future Directions
There are several future directions to take with this investigation. There are more
operators available to examine. Also, the role of diversity should be examined. Are the
improvements by the mutation operators the result of a lack of population diversity?
And how should the diversity be increased or maintained?
The C3 crossover uses a heuristic to determine which parent to insert the next
tasks from. Currently, the task that starts first is the first inserted. Other heuristics are
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available, such as inserting the shortest task, the task with the highest priority, or the task
that finishes earliest. Perhaps one of these heuristics would improve the results
generated.
One interesting possibility is to extend the model to include larger scheduling
problems, rather than the temporal constraint problem represented by the satelliteantenna network. Much more work has been done with the larger body of scheduling
problems without temporal constraints [8].
The population members here are also implemented as vectors. An interval tree
representation may allow some other crossovers to be performed more easily and more
quickly as well.

Overall Future directions
An interesting approach to take is described in [13]. Combining the genetic
algorithm and the simulated annealing algorithm into a genetic simulated annealing
algorithm may result in an improvement of the genetic algorithm performance. [13]
proposes two different methods of combining the two algorithms. Both involve keeping
multiple solutions and using simulated annealing to refine them. When the entire
population has “frozen”, a genetic phase is entered, generating new solutions by
crossover. Other methods involve using a function similar to the exp(-8/T) to control
mutation to reduce the ill effects of mutation in the later part of the experiment, since
mutation often has detrimental effects, especially on solutions that are close to a global
minimum.
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In addition, it may be worthwhile to examine the feasibility of an approximate
solution, such as [17]. Much of the earlier work involves linear program m ing or simple
deterministic heuristics, so the approximation algorithm may be a good avenue to
explore.
Finally, both the genetic algorithm and the simulated annealing algorithm can be .
run in parallel. There is much inherent parallelism in the genetic algorithm, both in
having processors manage subpopulations by themselves and in distributing the load of
the genetic operations [9]. The simulated annealing is more difficult to make parallel,
because only one solution is being examined, but much work has been done to create
parallel SA algorithms and improve their performance [4],
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