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Abstract 

Evolutionary Algorithm (EA) provides a mechanism that can achieve efficient explo­ 

ration for design spaces. Thus, it constitutes an efficient tool for identifying the best 

alternatives to implement the solution of a certain problem. In a previous work of 

Information Technology students, they have applied the EA to the university course 

scheduling problem and they have implemented the methodology on a real data 

from the College of Administrative Sciences and Informatics at Palestine Polytech­ 

nic University (PPU). Two major shortages were founded in their project: First, the 

relatively long execution time that takes the evolutionary algorithm to find the op­ 

timal solution. Second, the soft constraints were considered in the implementation, 
but were not well satisfied. 

In this project, we have implemented the EA using parallel programming tech­ 

niques. This permits to execute the program in a cluster of machines, which in turns 

reduces the execution time. In addition, we have applied some soft constraints con­ 

currently with the hard constraints in order to get better results by making the EA 

minimizing the soft cost without affecting the hard cost. 

Results show that, after redrafting the algorithm to be multi-objective, the soft 

cost will go to zero if we use enough individuals and iterations, at the same time 

the hard constraints are still satisfied. 

In addition, after distributing the algorithm on 7 machines with 11 processors 

the obtained speedup reaches 6 on average. 
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Chapter 1 

Introduction 

1.1 Overview 

University Course Scheduling (UCS) can be considered as an instant of what so 

called timetabling problem. In which time slots and teachers must be assigned 

to a set of courses in a way that satisfies a set of hard constraints and minimize 

the cost of another set of soft constraints [10]. This problem is considered to be 

a non-polynomial-time hard (NP-hard) problem, which means that the amount of 

computation required to find solutions increases exponentially with problem size [18]. 

NP-hard, a problem H is NP-hard if and only if there is an NP-complete problem 

L that is polynomial time Turing-reducible to H, NP-hard problem may be of any 

type: decision problems, search problems, optimization problems [3]. 

1.2 Abbreviations 

• Palestinian Polytechnic University, PPU 

• Evolutionary Algorithm, EA 

• University Course Scheduling, UCS 

• Message Passing Interface, MPI 

1 



1.3 Project objectives 2 

• Parallel Evolutionary Algorithm, PEA 

• Multi-objective Parallel Evolutionary Algorithm, MPEA 

• Single Program Multiple Data, SPMD 

• Genetic Algorithm, GA 

• Exploitation of the Fastest Processor, EFP 

• Gene Expression programming client, GEP-client 

• Optimization client, O-client 

• Network File System, NFS 

• Secure shell, SSH 

• Integrated development Environment, IDE 

• Nondeterministic Polynomial-time hard problem, NP hard problem 

• Multi-objective optimization, MOOP 

• Traveling Salesman Problem, TSP 

• Evolution Strategies, ES 

• Genetic Programming, GP 

• Evolutionary Programming, EP 

1.3 Project objectives 

This project is expected to achieve the following objectives: 

• Enhance the algorithm solution. 

• To speedup the algorithm. 
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• To enhance the design and development of the approach by using object ori­ 

ented programming. 

• To show that the parallel multi-objective algorithm is better than the sequen­ 

tial single-objective one. 

1.4 Scheduling problem 

Scheduling problem, in general, can be defined as a problem of finding the optimal 

sequence for executing a finite set of operations under a set of certain constraints [15]. 

Scheduling problem has several types, such as: multiprocessor scheduling, shop 

scheduling, staff scheduling, timetable design, etc. In this work, the university 

course scheduling problem will be handled; this includes, the process of assigning a 

set of classrooms and set of instructors to a given set of courses taking into account 

a set of constraints. 

The final solution is required to satisfy a set of constraints, these constraints are 

divided into hard constraints, which must be satisfied (have infinity cost), and soft 

constraints which should be satisfied (have less cost compared to hard constraints). 

Examples of hard constraints are: no person can be in more than one place at a time, 

and the total resources allocated to some time slot must be less than or equal to the 

resources that are available in that period, etc. Examples of soft constraints are: 

some teacher should not have very late classes daily, a group of students should not 

have consecutive classes in different and large distant places, and other individuals 

preferences, etc. 

1.5 University course scheduling stages 

The aim of this project is to solve the UCS problem at PPU by a parallel and 

multi-objective EA. This is a complex job, so it was divided into a set of stages as 

follows: 
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1.5.1 Sequential single-objective UCS 

The first stage of the project was to find a number of trade-off solutions using an 

evolutionary algorithm. This phase has been done by the a previous graduation 

project [3]. The obtained solutions have been found much better than the manually 

solution, because they were performed in much less time and provided more alterna­ 

tives to the students. Their algorithm took into account the prerequirements of the 

instructors, students, and locations as hard constraints, but they didn't take into 

account the soft constrains for both instructors and students, and the execution was 

on a single processor and took long time to return the results. 

1.5.2 Sequential multi-objective UCS 

The second phase aims to solve the single-objective UCS problem by taking both 

hard and soft constrains into consideration. Although the first phase led to a good 

result, it did not have enough satisfaction by the instructors and students, because 

sometimes the students have to wait for a long time between the lectures or they 

have to take many lectures without a break. These problems should be overcome in 

this phase of the project which makes it a multi-objective approach. 

1.5.3 Parallel multi-objective UCS 

The third phase of this project is to implement the algorithm in parallel program­ 

ming technique, in order to make it faster. Message-Passing Interface (MPI) library 

is suitable for distributing such problems on a distributed memory parallel ma­ 

chines, to get benefit from the available network computing resources which lead to 

faster execution and higher utilization. This phase will improve the performance of 

scheduling because the problem is solved by more than one computer working in 

parallel rather than the sequential implementation of the first and second phase. 
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1.6 The organization of this document 

This document is organized into the following chapters: 

• Chapter 1: this chapter introduces the UCS definition, the problem that must 

be solved using EA, the objectives of our project, and the stages that the UCS 

passes through in order to be a complete and efficient solution. 

• Chapter 2: this chapter aims to provide a clear view on strategies that can 

be used to solve the UCS problem, it contains demonstration about the evo­ 

lutionary search methods with a flowchart and a pseudo-code for EA, also it 

represent a clear view about multi-objective optimization and parallel algo­ 

rithms, Finally it contains the related projects and researches which its goal 

was to solve the parallel multi-objective UCS problem. 

• Chapter 3: in this chapter, the details of the parallel multi-objective UCS 

problem description are explained, in term of defining the sets of the problem, 

how to solve it, the constraints that are taken into consideration during solving 

the problem. Then an explanation about the implementation of the project is 

represented, followed by listing flowcharts for every function of the evolutionary 

algorithm that have been used. 

• Chapter 4: in this chapter the experimental results have been viewed. 

• Chapter 5: in this chapter, number of final results and future works that is 

desired to enhance the parallel multi-objective UCS have been mentioned. 

• Appendix: finally, two appendices have been added to this documintation, the 

first for the software engineering issues and the second is the time table that 

we have achieved after implementing the algorithm on 700 individulas for 700 

generations. 



Chapter 2 

Background 

2.1 Overview 

In this chapter we will present the previous works that are related to EA, then we 

will talk in details about the EA that is used to solve the UCS problem, multi­ 

objective strategy which is performed to decrease the hard and soft constrains, and 

parallel programming techniques which will reduce the required execution time. 

2.2 Theoretical background 

In this section we will talk about the EA approach in general and the multi-objective 

EA in specific. After that, we will talk about the parallel algorithms: 

2.2.1 Evolutionary algorithm 

Evolutionary algorithm (EA) is a part of Artificial Intelligence field where the solu­ 

tion is inspired by the biological behavior in the mechanisms of evolution. Certain 

ideas such as survival and natural selection, mutation and group-work have con­ 

tributed in the creation of the evolutionary algorithm [2]. 

EA starts with selecting a set of individuals, each one represents a solution to 

the problem. Elements of the whole population are mutated to produce children 

6 



2.2 Theoretical background 7 

who are added to the population. This doubles the population size. After that, 

a selection process is performed on the whole population based on their closeness 

to the optimal solution. Weak individuals are discarded and the whole process is 

repeated with the remaining individuals to produce the next generation. Figure 2.1 

shows the process of EA. 

Initialization 

Parent I 
selection I 

]w» J 

Termination 

Parents I 

Mutation 

Survivor I 
selection I 

Offspring I 

Figure 2.1: General Scheme of EAs 

Several different types of evolutionary search methods were developed indepen­ 

dently. These include: 

1. Genetic algorithms: Genetic algorithms were invented by John H. Holland 

to follow the natural selection and evolution process [2]. In the nature, each 
species has to adapt itself according to a complex environmental conditions 

and changes with the purpose of maximizing the probability to survive. The 

knowledge collected by each species is coded in chromosomes, which go through 

transformations when they are reproduced. 

During a period of time those changes on the chromosomes will reproduce 

a species with greater probability of survive, and has a greater probability 

of passing its enhanced characteristics to future generations. Surly, not all 
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changes are beneficial, thus, those whose changes are not beneficial tend to 
die. 

Hollands GA tries to simulate the natural selection and evolution in the fol­ 

lowing way. The first step is the solution representation to be legal with the 

considered problem by a sequence of genes which can have a value from a spe­ 
cific finite variety. This sequence of genes that represents a solution is called 

a chromosome. The most popular way of solution coding is the binary repre­ 

sentation of the solution. Rarely, integer or character representation can be 
used. 

The GA operates on a population of strings or, in general, structures of ar­ 

bitrary complexity representing tentative solutions. Every string is called an 

individual and it is composed of one or more chromosomes and a fitness value. 

Normally, an individual contains just one chromosome that represents the set 

of parameters called genes. Every gene is in turn encoded in (usually) binary 

by using a given number of alleles (0, 1) as shown in Figure 2.2. 

Individual 

CHROMOSOME FIT NESS 

Genes 
Gene 8 Gene ? 

2 t 0 2 t 0 2 t 0 21 0 2 1 0 2 t 0 2t 0 2 t 0 

Figure 2.2: Individual main parts 

An initial population of legal chromosomes is constructed randomly. The 

fitness of each chromosome is calculated every generation. A group of the 
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best chromosomes are then selected to produce the descendant of the next 

generation, which inherits the best characteristics from a pair of parents. After 

many generations of selecting the most suitable chromosomes, the result should 

be a population with a considerably better fitness than the original. GAs can 

be considered as an optimization techniques based on the concepts of natural 

and genetic selection [11] [14]. 

When the genetic algorithm is implemented it is done in a manner that involves 

the following cycle and shown in the Figure 2.3: 

• Evaluate the fitness of all of the individuals in the initial (parent) popu­ 
lation. 

• Create new population by performing operations such as selection, crossover, 

and mutation on the individuals. 

• Discard the old population and iterate using the new population. 

DDDDDDDDDDDDDDDD 
Selection 

DDDDDDDDDDDDDDDD 
Crossover/Mutation 

DDDDDDDDDDDDDDDD 

Fitness Evaluation 

Figure 2.3: Genetic Algorithm cycle 

One iteration of this loop is referred to as a generation, the first generation 

(generation 0) of this process operates on a population of randomly generated 

individuals, and for this reason the algorithm is concerned with the fitness to 

improve the population. 

2. Evolution Strategies (ES): ES is an optimization technique, Developed by 

Rechenberg (1965, 1973) and Schwefel (1965, 1977) at the Technical University 
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of Berlin, based on ideas of adaptation and evolution, which use mutation, 

recombination, and selection applied to a population of individuals containing 

candidate solutions in order to evolve iteratively better and better solutions. 

ESs have the following basic characteristics: 

o ESs emphasize mutation and recombination as essential operators. 

• The selection operator is deterministic. 

• Parent and offspring population sizes usually differ from each other. 

3. Genetic Programming (GP): GP is the extension of the genetic model of learn­ 

ing into the space of programs. It applies the evolutionary search principle to 
automatically develop computer programs in suitable languages ( often LISP, 

but others are possible as well), genetic programming breeds computer pro­ 

grams. That means the objects that establish the population are not fixed­ 

length character strings that encode possible solutions to the problem, but 

they are programs that when executed are the candidate solutions to the prob­ 

lem [2]. 

4. Evolutionary Programming (EP): A fitness function is used to evaluate the 

individuals of the populations in order to test their distance to the optimal 

solution. The fitness is carefully designed in order to make the EA process 

reach the final solution by maintaining the individuals whose fitness values are 

better [2]. 

EP is a stochastic optimization strategy similar to genetic algorithms, but the 

main difference that EP insists on the behavioural linkage between parents and 

their offspring, rather than seeking to emulate specific genetic operators as ob­ 

served in nature. The main difference between EP and GA is that, the typical 

GA approach involves encoding the problem solutions as a string of represen­ 

tative signs (binary representation). In EP, the representation comes from the 

nature of the problem. Furthermore EP highly depends on mutation opera­ 

tion. Mutation operation simply changes aspects of the solution according to a 
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statistical distribution which weights minor variations in the behaviour of the 

offspring as highly probable and substantial variations. Further, the intensity 

of mutations is often reduced as the global optimum is approached. A special 

concern with the mutation, when the global optimum is not already known, 

several techniques have been proposed and implemented which address this 

difficulty, the most widely studied being the "Meta-Evolutionary" technique 

in which the variance of the mutation distribution is subject to mutation by 

a fixed variance mutation operator and evolves along with the solution [2]. 

EP is the more flexible approach to evolution than some of the other tech­ 

niques. Generally it depends on mutation process and not on the recombina­ 

tion like ( cross over) to produce offspring. 

EP process begins with selecting parents from population to reproduce; there 

properties are mutated to produce children who are added to population, which 

doubled the population size. Then discards unsuitable individuals and selects 

the best individuals from the population to bring it back to the first size in 

order to use it in the next generation. 

EP method consists of the following steps (Repeat until a threshold for itera­ 

tion is exceeded or an adequate solution is obtained): 

(a) Initialize the population. 

(b) Evaluate individuals. 

( c) Randomly mutate each parent population member. 

(d) Select members of new population. 

( e) Go to step b until some condition is met. 

(f) Evaluate individuals. 

The following is a description of each step of the EA: 

Step 1: Initialize the population This step depends on the problem that 

to be solved using EA, usually it contains the preparation of the population 
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characteristics. The initial population is constructed according to the initial 

data and constraints of the problem. The initial population will be updated 

throughout the algorithm iterations. 

Step 2: Evaluate individuals A fitness function is used to evaluate the 

individuals of the populations in order to test their distance to the optimal 

solution. The fitness is carefully designed in order to make the EA process 

reach the final solution by maintaining the individuals whose fitness values are 

better. 

Step 3: Mutation A mutation process is performed; to explore unseen pool 

of solutions. When a solution "mutates", a random gene is changed to another 

random value. Mutations happen with a very low frequency and, as in real life, 

are usually "destructive" for the individual ( that is, its fitness value usually 

decreases). However, mutations are needed to create diversity and to inject 

new solutions into the population. 

As seen in Figure 2.4, without mutation the solution pool could wrongly con­ 

verge to a "local optimal solution". A successful mutation can create com­ 

pletely random solutions, leading to "unexplored" solutions that cannot be 

reached in other ways. [6] 

:ao 40 0 iOD &DO HIOD 0 3t0 400 5 00 110 16 00 

Figure 2.4: Mutation 

Step 4 : Select members of new population The selection of the indi­ 

viduals of the next population depends on the calculated fitness values. Many 
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selection strategies can be implemented in the evolutionary program to deter­ 

mine which individuals to pass to the next generation such as Elitist selection, 

Scaling selection, Rank selection, Hierarchical selection, and Roulette-wheel 

selection. In our work we have used the roulette-wheel selection where the 

conceptualization is that of a wheel whose surface is subdivided into wedges 

representing the probabilities for each individual, look at Figure 2.5 For in­ 

stance, one point on the edge is determined to be the zero point, and each arc 

around the circle corresponds to an area on the number line between zero and 

one. A random number is generated, between 0.0 and 1.0, and the individual 

whose wedge contains that number is chosen. In this way, individuals with 

greater fitness are more likely to be chosen. The selection algorithm can be 

repeated until the desired number of individuals has been selected. In roulette 

wheel selection, the probability of an individual being selected (the size of its 

slice of the wheel) is proportional to its fitness (indicated here by shading). 

Figure 2.5: Roulette wheel selection 

Evolutionary programming method can be represented by the following pseudo­ 

code: 

Initialize the population 

Evaluate initial population 

repeat 

Perform competitive selection 

Apply Mutation 
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Evaluate solutions in the population 

until some convergence criteria is satisfied 

The flowchart in Figure 2.6 show the EA. 

start 

time (t -O) 

Initialize population p(t) 

Evaluation fitness p(t) 

Evaluate fitness p(t) 

te-t + l 

Yes 

end 

Figure 2.6: The flowchart of the evolutionary algorithm 

2.2.2 Multi-objective 

The first implementation of muti-objective optimization was in the mid-1980s, re­ 

cently there has been a growing interest in evolutionary multi-objective optimization 

algorithms which focus on two important disciplines: evolutionary computation, and 

the area of multi-objective optimization. Most real problems can not be defined in 

single objective problems. Instead, they are defined with heterogeneous objectives 

which give us a better idea of how to solve them [1]. 
Though the academic class timetabling problem is being studied for more than 

four decades, a general solution technique for it, considering different aspects of its 
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variants, is yet to be formulated. Despite multiple criteria to be met simultaneously, 

the problem was generally tackled as single-objective optimization problem. More­ 

over, most of the earlier works were concentrated on school timetabling, and only a 

few on university class timetabling. [1] 

On the other hand, in many cases, the problem was over-simplified by skipping 

many complex class-structures. To overcome these shortages the multi-objective 

approach was identified as follows. 

Multi-objective optimization (MOOP) methods introduce a new approach for 

optimization that is founded on compromises and trade-offs among the various ob­ 

jectives. The aim of MOOP methods is to discover a set of satisfactory compromises 

and, through them, the global optimal solution by optimizing numerous dependent 

properties simultaneously. 

The major benefit of MOOP methods is that local optima corresponding to 

one objective can be avoided by consideration of all the objectives simultaneously, 

thereby escaping single objective dead-ends and leading to a more efficient overall 

process. Compared with single-objective optimization approaches where each of a 

series of objectives is optimized sequentially, MOOP is proven to produce a more 

representative set of equivalent solutions faster and thereby allowing users to make 

informed decisions related to all objectives under consideration. 

As seen in Figure 2. 7 [13] A bi-objective (binary objective) problem is a simplified 

form of general multi-objective problem. Each point represents a solution to the 

bi-objective problem. The curved line represents the Pareto-front (where optimal 

solutions can be found), identified non-dominated solutions are labeled with a Pareto 

rank of zero, and Pareto rank of the other solutions refers to the number of solutions 

dominating it. Note that the problem requires minimization of both objectives. 

Solutions which have number 1 is not Pareto optimal (optimal solution) as so­ 

lutions which have number 2 has simultaneously smaller values for both objectives. 

There is no reason why solution 1 should be accepted rather than solution 2. There­ 

fore the aim of MOOP is to obtain a representative set of non-dominated solutions. 
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Objective X 

Figure 2.7: Multi-objective optimization demonstration 

2.2.3 Parallel algorithm 

"A parallel computer is a set of processors that are able to work cooperatively to 

solve a computational problem." That includes: the supercomputers (which have 

large number of processors), workstations connected by network, multiple-processor 

workstations, and embedded systems [9]. 
In the sequential programming, the instructions executed one by one as a series, 

on the other hand the parallel programming is to divide the program as a set of 

parts distributed into a cluster of machines (parallel computers) and executed in 

parallel (concurrently), that will reduce the execution time. 

One of the most important issues in parallel computing is the load balancing, 

which means redistributing the tasks to get the best efficiency possible. The load 

balancing importance appears clearly in the heterogeneous environment systems, 

where every node has its own specifications. 

As a software engineering issue, building a parallel program is divided into four 

stages which are partitioning, communication, agglomeration and mapping as shown 

in Figure 2.8 [9]. Each stage has a lot of details and we will discuss it to determine 

which techniques will be used. 

Partitioning: The aim of partitioning, or decomposition, is to divide the main 

task of the program into a number of small tasks, there are two main approaches 
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Figure 2.8: A design methodology for parallel programs 

to partitioning the program. We can partition the computation, which known as 

Functional Decomposition and it divides the computation into disjoint tasks, or the 

data, which known as Domain Decomposition which involves the division of data 

into a set of small data size, then distribute the computation to be associated with 

the data. This yields many tasks, which needs to communicate with each other to 

exchange the data load and some information [9]. 
Communication: When we decompose the program into small tasks, some task 

(consumers) may need some data or information form other (producers), so a com­ 

munications are needed. The communications may be categorized to be: local/ 

global, structured/ unstructured, static/ dynamic and synchronous/ asynchronous. 

In additoin to that two techniqes may be used to connect the node with each other, 

the first is global centralized communication (Figure 2.9), as in any centralized sys­ 
tem this approach suffers from many problems, the most popular one is the single­ 

point of failure, the second one called divide and conquer communication (Figure 

2.10), which can avoid both links of the centralized approach. But the problem in 

the divide and conquer technique, is that the root can not communicate with all 

processes directly, which means, a long delay [9]. 
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Figure 2.9: Centralized communication techniques 

Agglomeration: The agglomeration phase is to combine the tasks identified by 

the partitioning phase, to provide a smaller number of tasks. Its goals are reduc­ 

ing the communication and computation costs, retaining flexibility, and reducing 

software engineering costs. 

Typically, the computation is stopped when there is a message is being sent or 

received because the execution may depend on this message, therefore, we can im­ 

prove the performance by sending less data or by using fewer messages. Another 

issue is to make a trade off between replicated computation for reduced communi­ 

cation requirements and/ or execution time. An additional software engineer issue 

appear when there sequential algorithm exist, the parallelizing strategies may not 

make big changes. Another issue must be considered when the parallel algorithm 

executes as a part of a large system, then the data distributions utilized by other 

program components [9]. 
Mapping: The goal of mapping algorithms is to minimize the execution time, 

two strategies are used to achieve this goal, and we must make a trade-off between 

them: 

1. The first is to place the tasks that are able to execute concurrently on different 

processors. 
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Figure 2.10: divide and conquer communication techniques 

2. And the other is to place the tasks that communicate frequently on the same 

processor. 

Three levels of mapping complexity, categorized by domain decomposition, the 

first if the tasks divide into fixed number of equal-sized tasks and structured local 

and global communication, in this case we map the tasks in a way that minimizes 

interprocessor communication. The second which is more complex algorithms if the 

tasks has variable size and/ or unstructured communication patterns, in this case we 

may use a load balancing algorithm. Finally, The most complex problem happens 

when either the number of tasks or the amount of computation or communication 

per task changes dynamically during program execution, in this case we may use a 

dynamic load balancing algorithm [9]. 

2.3 Previous works 

This section presents the related works done in the area of evolutionary algorithm 

multi-objective optimization and parallel programming. 
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2.3.1 University course scheduling using multi-objective evo- 

lutionary algorithm 

An effective timetable is crucial for the satisfaction of educational requirements and 

the efficient utilization of human and space resources. Traditionally, the problem is 

solved manually by trial and hit method where a valid solution is not guaranteed. 

Even if a valid solution is found, it is not optimal because it may miss even better 

solutions. These uncertainties have motivated for the scientific to study and develop 

an automated solution technique for it. 

The problem is being studied for the last four decades but a general solution 

technique for it is not yet formulated . The problem was first studied by Gotlieb et, 

al In their work, it was represented using class-teacher timetabling by considering 

that each lecture contained one group of students, one teacher, and any number of 

times which could be chosen freely [7]. 

The scheduling problem in schools is relatively simpler than UCS because of 

their simple class structures, therefore classical methods, such as linear programming 

approaches [7], could be used easily to solve the scheduling problem. 

However, in the case of colleges and universities, which contain different types 

of complicated class-structures, the complexity of the problem is increased. As a 

result, classical methods can not manage to solve the problem specially in reaching 

multiple objective functions. These drawbacks of the classical methods have drawn 

the attention of the researchers towards the heuristic-based non-classical techniques 

[7], such as simulated annealing, tabu search and genetic algorithms [21]. 

"Once the class timetabling problem has been identified as an optimization prob­ 

lem we need one or more objectives to optimize. However, an objective function 
l 

in this problem is just an arbitrary measure of the quality of a solution (Abramson 

and Abela 1992). Hence, the choice of objectives varies from university to univer­ 

sity. Most of the researchers treated the problem as a single-objective optimization 

problem, and took the minimization of total constraints violation as the only ob­ 

jective function (Abramson and Abela 1992; Blum et al. 2002; Lima et al. 2001; 
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Piola 1994). However, various choices of objectives, such as a compact timetable, 

minimum number of consecutive classes of teachers and so on, lead the scheduling 

of a class timetable to a multi-objective optimization problem. However, a very lim­ 

ited number of researchers considered multiple objectives in the problem (Paquete 

and Fonseca 2001; Silva et al. 2004). Carrasco and Pato (2001) used a bi-objective 
model to school timetabling problem for minimizing violation of soft constraints 

from two competitive perspective of teachers and classes. Filho and Lorena (2001) 
also tackled the school timetabling problem using bi-objective model where teach­ 

ers and classes are clustered, and their conflicts are minimized. Desef et al. (2004) 

used another bi-objective model to German primary schools. Both of their objective 

functions are the minimization of weighted sum of idle time-slots and the extents to 

which the daily classes are finished, where higher priority is given to the earlier one 

in one objective function, and the later in the other objective function." [17] 

2.3.2 Parallel evolutionary algorithms 

A client-server architecture which implements a parallel hybrid genetic algorithm, 

two types of clients are used, one optimization-client (O-client) for optimization 

and the other Gene Expression Programming client (GEP-client) which used to 

implement the GEP methodology to solve the problem by using the parameters 

given from the O-clients based on fitness provided from the server. The GEP-client 
is used for the communication between the server and the clients according to the 

following cycle [16]: 

1. An O-client sends a run parameters to the server. The server stores the pa­ 

rameters in a pool. 

2. The server selects a run parameters from its pool and sends them to a GEP 

client· the client starts a GEP run. 1 

3. A GEP-client finishes the run; statistics for that run are sent to the server. 
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4. The server sends the statistics back to the O-client. 

5. An O-client uses meta-heuristics to tune the input parameters of the run based 

on the statistics (fitness of the parameters) sent by the server. 

The parallelization of the GEP methodology in [16] was based on an island model 

with migration. The islands are connected according to a fully connected topology. 

In this migration model, each population selects an individual amongst the best 

individuals of the best individuals of the other populations, and this individual 

replaces its worst individual. This is repeated for each population. 

In [8], the author make a comparison between Message Passing programming and 

Shared Memory. One of the MPI disadvantages is its special programming style, 

where it requires explicit communication between processes, on the contrary shared 

memory did not require any special programming style. On the other hand, MPI 

provides better performance than Shared Memory, except under some conditions, 

the performance gap will be closer. 

They do three experiments in [8], a sequential EA, MPI Parallel Evolutionary 

Algorithm (PEA), and shared memory PEA. They implement PEA in the mas­ 

ter/slave architecture because it's easy for implementation and its behavior is easy 

to be understood as they mentioned. 

The most intuitive implementation of PEA is to divide population into several 

chunks of equal size and distribute each of them to every processor who calculates 

the fitness of each individual in the assigned chunk. This model of implementation 

is called a single-population master-salve evolutionary algorithm where a processor 

that keeps the population is a master and all the rest are slaves. The master pro­ 

cessor performs selection and crossover operations for the entire population. Also, 

there are fine-grained and coarse-grained models of PEA. Fine-grained PEA con­ 

tains a single population but selection and crossover are limited to small overlap­ 

ping neighborhoods. This kind of PEA works very efficiently with massively parallel 

computers. Coarse-grained PEA, sometimes called an Island-Model, is more sophis­ 

ticated than the previous two models because it maintains multiple sub-populations 
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and also allows migration of individuals among them. As each processor performs 

selection and crossover operations independently on its own population and only 

exchanges individuals occasionally, the communication overheads required in this 

model are much less than in the others, making it the most popular method for 
implementing PEA [8]. 

In [5], the authors implement a PEA to solve the Traveling Salesman Problem 

(TSP). Two parallelization models are proposed in this paper, Independent model, 

were each process execute the algorithm on a suppopulation with variouse param­ 

eters, at the end, the best solutions collected to find the best of the bests. The 

advantage of this model is the diversification of the solutions space search process. 

The second model works in the same way as a sequential algorithm with a big 

population composed of subpopulations of each process. Processes are connected 

with independent evolutionary algorithms and different subpopulations. The same 

parameters are used in every process. In every iteration the average number of 

permutations (for all subpopulations) in which there is an element a in the position 

is computed [5]. 
As mentioned in [D5], the authors implement the PEA in c++ language with 

mpi library (MPICH) and it tested on the cluster of 13 computer with the same 

archeticture. Both seqential and parallel algorithm consume the same calculation 

time. 



Chapter 3 

Problem modeling and 

methodology 

3.1 Overview 

In this chapter we will present the problem description and its modeling, then we 

will represent the solution that we applied to solve the problem, after that we will 

describe the implementation of the evolutionary steps in our project, demonstrate 

the timetabling system, class diagram, finally we will view the flowcharts of every 

function of the proposed evolutionary algorithm. 

3.2 Problem description and modeling 

In this project we will start working on the timetable design problem for one of the 

four collages of the university which is the College of Administrative Sciences and 

Informatics, then the solution will be generalized on the rest of collages. In this 

college there are four academic 4-years programs, which are: Information Technol­ 

ogy (IT), Information System (IS), Graphics and Multimedia (GM), and Business 

Administration (BA). So, courses are offered at the beginning of each semester for 

4 student groups in each academic program, so we have 16 total student groups ( 4 

24 
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levels * 4 programs). On the other hand, we have five work days a week (Sunday 

to Thursday). On Sunday, Tuesday, and Thursday there are nine 60- minutes time 

slots a day, and on Monday and Wednesday there are six 90-minutes time slots a 
day. 

To handle the problem correctly, we have defined the problem to be six different 

sets: student groups, instructors, course sections, class rooms, timeslots (lectures), 

and a set of constrains. Then the problem is formulated as following: {S, I, C, R, 

L, O}, where: S = {s, so, ..., s,} is the set of student groups, each element in S 
is a vector (m, y, std slot) where m: is the major (IT, IS, GM, or BA), y: is the 

group number which will be represented by academic year of that group, this vector 

determines a group of students of the same major and academic year. So, for the 

considered collage, m ranges from 1 to 4, and y ranges from 1 to 4, and std....slot 

is an array of timeslots that indicates when the student groups are available. I = 
{i, ig, ..., iy} is the set of instructors in the college at the current semester, each 
element in I is a vector (inst no, inst slot) where inst no: is the number of a specific 

instructor, inst....slot: is an array indicating to timeslots when the instructor can give 

a lecture. C = {cr, C2, ..., c,} is the set of course sections offered for the student in 
the current semester, each element in C is a vector (s;, co.no, section, cap, t,, th, 
ph, ph type, ph inst ) where si: is the group of students, which this course is offered 
for, co no: is the course number, section: is the section number of this course, cap: 

is the maximum capacity of the section, t,: is the instructor of this section, th: is 

the number of theoretical hours of this course, ph: is the number of practical hours 

of this course, ph type: is the type of the practical hour it is set to 0:if the course 
has no practical hour,l: if this hour is lab, set to 2 if this hour is multimedia lab, 

set to 3 if this hour is photo lab, and set to 4 to indicate that this hour is workshop, 

ph inst: the period that the teacher must be in the lab it is set to 0: no hour in the 

lab, 1: half of the lab period, 2: all the lab period. 

R= {r,12,... ,r,,} is the set of classrooms, each element in R is a vector (cap, 
d, t) where cap: is the maximum capacity of this room (number of students can be 
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assigned to this classroom), d: is a flag set to 1 if this room has data show, t: is a flag 
used to determine the type of this classroom, set to O to indicate that the classroom 

is a room, set to 1 to indicate that the classroom is PC lab set to 2 to indicate that 
' 

the classroom is a multimedia lab, set to 3 to indicate that the classroom is photo 

lab, and set to 4 to indicate that the classroom is workshop. L= {h, lg, ..., h} is 
the set of time slots of the week, each element in Lis a vector (n, d) where n: is the 

time slot number, and ranges from 1 to 9 for days 1, 3, and 5, and ranges from 1 to 

6 for days 2 and 4, and d is the day ranges from 1 to 5. Thus, L = { (1,1), (2,1), 

..., (9,1), (1,2), (2,2), .• (6,2), ..., (8,5), (9,5)} where (1,1) means: the first lecture 
in the first working day (Sunday), and so on. Each lecture (theoretical hour) on 1, 

3, and 5 is 60 minutes, so the workable hour is 3 timeslots (3 hours) in these days. 
On 2 and 4 each lecture ( theoretical hour) is 90 minutes, so the workable hour is 2 

timeslots (3 hours) in these days. For example if the course has 3 theoretical hours 

then it takes 3 timeslots in days 1, 3, and 5 or 2 timeslots in days 2 and 4. Except 

on 1 and 5 the fifth lecture is 2 timeslots because on 3 there is no fifth lecture. 

O= {or, 02, ..., 0,} is the set of constraints, where o,: is the penalty weight 
(cost) of this constraint. Hard constraints will be assigned infinity cost, while soft 

constraints will assigned some constant cost to indicate the weight of violating that 

each one. The sets described above are used to define the problem; on the other hand 

the set of solutions of such problem is very large set. Each solution will be evaluated 

using an indicator that determines how much this solution is good (fitness). Our 

methodology will use an Evolutionary algorithm to search for some optimal solution. 

As mentioned in , there are four stages to distribute the algorithms, here we will 

discuss the techniques which used at each stage. 

In this project we use the domain decomposition, where the population will be 

divided into subpopulations which then is distributed among various processes, each 

of these processes will produce a set of solutions, then a main process will choose 

the optimal solution form the results of each one. In this case we find the solution 

form a large population, which mean that there is a chance for better solutions, 
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and a reduction execution time needed because each machine has small number of 
individuals. [T] 

In this work, a master-worker model will be used where many worker processes 

should execute under the control of one master or root process, each process should 

communicate to the root process, each process will take the parameters from the 

root, make the processing and then return the results back to the root which will 
' 

make additional processing to get the optimal solution. Because the root should 

communicate with all processes, we will use global centralized communication tech­ 
nique. 

In our case we use a dynamic load balancing algorithm because at the execution 

time we need to change the population size in may cases. 

3.3 Solution definition 

At this section we will describe our solution for the UCS problem. 

3.3.1 Solution definition 

G= {gs £2, ·..% g%} which represented in Figure 3.1 is the set of genes which consti­ 

tute the individual (chromosome), each gene is a vector ( course, room _no, ph tslot, 

lab..no, th_tslot), look to Figure 3.2. where: course is the number of course section, 

room..no is the number of room assigned to this course section during theoretical 

hours, th_tslot is timeslot assigned to the course section for theoretical hours, lab no 
is the number of lab assigned to the course during practical hours and ph_tslot is 

the timeslot (lab) assigned to the course during practical hours. 

We have a complex search domain, where, for each course section, suitable class­ 

room and/ or lab are chosen and time slots are assigned such that they will be 

suitable for the student group and the lecturer. In order to reduce the search time 

and complexity, our method is randomly chose the suitable place and time for the 

course section so that the lecturer has no time conflicts, and the search is dedicated 
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Figure 3.2: The individual 

for optimizing the solution considering the hard and soft constraints for the students 

and only the soft constraints for the lecturers. The individual is constructed in a 

way that every gene has different number of options when choosing timeslot and 

classroom; such that, course section in gene G 1 has a maximum number options 

available when randomly selecting classrooms and timeslots, course section in gene 

G2 has 1 option less than those was available for gene Gl, and the last one, gene 

Gw has the least number of option. 

The instance chosen for our application has a maximum of 14 classrooms and 7 

labs available. On the other hand, along the week, we have 41 theoretical classes 

(1 hour each) and 13 practical classes or labs (3 hours each). That means we have 

a maximum capacity of (4114) = 574 theoretical classes, and (137)= 91 practical 
classes along the week. As shown in Figure 3.3, where 1 means time slot is available, 

and O means time slot is not available. 

Constraints: 
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The final solution is required to satisfy a set of constraints, these constraints are 

divided into hard constraints, which must be satisfied (have infinity cost), and soft 

constraints which should be satisfied (have a reduced cost compared to hard con­ 

straints). The set of constraints and their weights are as follow: 

Hard constraints are: 

• A teacher must not have more than one class at any given time slot. (Violation 

cost = infinity). 

• At any given time slot no student group can have more than one class. (Vio­ 

lation cost = infinity). 

• An instructor can be assigned classes only in his available time, like part timers. 

(Violation cost = infinity). 

• A room must not assigned more than one class at any given time slot. (Vio­ 

lation cost = infinity). 

• The number of students in any lecture should be less than or equal the maxi­ 

mum capacity of the classroom. (The cost increases as the number of students 

above the capacity of classroom increases, each student above the capacity 

increases the cost by a constant until the number of students above capacity 

is greater than a given small threshold, then the cost of this constraint will 

equal to infinity). 
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Soft constraints ( violation cost will be constant relative to the constraint impor­ 
tance) are: 

• Students should not have many classes consecutively without a break. 

• Instructors should not have long free time between lectures. 

• Students should not have long free time between lectures. 

• Instructors should not have very late classes daily. 

• A group of students should not have consecutive classes at different large 

distance locations. 

3.3.2 Parallelization 

There are two main reasons for paralleling an evolutionary algorithm: the first, is 

to minimize the execution time by distributing the computational effort. And the 

second, is to get benefit from a parallel setting from the algorithmic point of view, in 

analogy with the natural parallel evolution of spatially distributed populations [20]. 

In [12], they make definitions of the GA issues in parallel formulations. 

Sequential run time T, : is the time taken to solve a problem on a single pro­ 

cessing element. 

Parallel run time T P : is the time taken to solve a particular problem instance 

on an ensemble of P processing elements [12]. 

Speedup S: it is the gain in computation speed achieved by using P processing 

elements with respect to a single processing element S = T, /T, [12]. 
Efficiency E: It is the ration of the speedup to the number of processing elements 

used (E = S/P ) [12]. 
Search overhead: it comes form communication overhead, idle time and con- 

tention for shared data structures [12]. 
Search overhead factor: it is the ratio of the work done by the parallel formulation 

to that done by the sequential formulation Wp /W where W the amount of work done 
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by a single processor and Wp the total amount of work done by P processors [12]. 

In the evolutionary parallel algorithm, the two most thing consume the time are 

the computation and the communication, and these have inverse relationship, so 

if we increases the communication, that will lead to reduce the computation and 
vice-verse [12]. 

Four classes of machines can be used with PGE, Single Instruction, Single Data 
(SISD), Single Instruction, Multiple Data (SIMD), Multiple Instruction Single Data 

(MISD) and Multiple Instruction, Multiple Data (MIMD). In the SISD corresponds 

to the classical mono-processor machine such as PCs [20], in MISD each processor 

may execute its own instructions with shared entry, in MIMD each processor may 

execute its own instructions with various entry [12] and in the SIMD (we will use this 

class in our parallelization) the same instructions will implemented in all processors 

with various entry [12], in other words, the same instructions will be broadcast to 

all processors, then each processors will execute the instructions in different data 

(Figure 3.4). The problem in the SIMD class, some processsors may be idle and 

waiting the other, if the problem domain is spatially or temporally irregular or if 

we work in a heterogeneous environment [20], so it will be necessary to balance the 

load. 

SIMD I Instruction Pool 

•--~ 
fl [v 
~ a] [u] 

[ul 

Figure 3.4: Single Instrucion Multiple Data 

Two architectural feature related to parallel computation, message passing com- 

d h d ddress space computer. "Shared address space parallel computers puter, an s are a 
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have global memory that can be directly addressed by all processors. In message 

passing computers, each processor has its own local memory, and processors can 

communicate only by exchanging messages over the communication networks" (Fig­ 
ure 3.5) [12]. 

Interconnection Network 

■■■ P : Processor 
M: Memory 

p p ffi = ■■■
M M 

Figure 3.5: MPI architecture 

Two schemes to generate distributed sub tasks, the first is sender initiated sub 

task generation scheme, where the generation of sub tasks is independent of the 

work requests from the idle processors, and the second is receiver initiated sub task 

generation, generation happen just when an idle processor requests for work [12]. 

Two ways to deliver the sub tasks into processors, either Receiver initiated work 

transfer what is on demand (when the processor idle), or Sender initiated work 

transfer without demand [12]. 
Note that we can make four classes of sub task distribution schemes from com­ 

bination the generation distributed sub tasks and transformations way. 

Amdahl's law: The ration between the sequential algorithm execution time ( on 

one processor) and the parallel algorithm execution time (in many processors) [9]. 

Amdahl's law 
1 

p 
(1- P) + N 

where p is the proportion code that can be parallelize, and N is the number of 

processors. 
Load balancing: "Load balancing means to distribute the workload of a parallel 
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application among the processors in the platform at hand according to their relative 

performance, in order to minimize the execution time of the program" [4]. 

Dynamic load balancing algorithms: it use state information to make decisions 

during program execution. Dynamic load balancing classes into two main classes: 

centralized dynamic load balancing, where the load balancer is implemented on one 

master processor and all decisions are made there, and distributed dynamic load 

balancing where the load balancer is replicated on all processors [4]. 

3.4 Timetabling system 

In this section we will talk about the implementation of the project that is used to 

solve the problem which is considered to be one of the NP-hard problems that need 

intelligent algorithms and parallel computing to find an optimal solution to these 

problems. 

In our work we have solved the problem under the object oriented principles 

using C++ language, so we have designed all the sets that describe the problem 

into classes which we will demonstrate each one as follow: 

Element in S is a vector (m, y, std.slot) where m: is the major (IT, IS, G, or M), 
y: is the group number which will be represented by academic year of that group, 

this vector determines a group of students of the same major and academic year. 

So, for the considered collage, m ranges from 1 to 4, and y ranges from 1 to 4, and 
std slot is an array of timeslots that indicates when the student groups are available. 

I ={i1, ig, ..., i,} is the set of instructors in the college at the current semester, 
each element in I is a vector (inst no, inst slot) where inst no: is the number of a 
specific instructor, inst slot: is an array indicating to timeslots when the instructor 

can give a lecture. 

1. Each object in the rooms class (S) contains the attributes shown in table 3.1. 

2. Each object in the students groups class (S) contains the attributes shown in 

table 3.2. 
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application among the processors in the platform at hand according to their relative 

performance, in order to minimize the execution time of the program" [4]. 

Dynamic load balancing algorithms: it use state information to make decisions 

during program execution. Dynamic load balancing classes into two main classes: 

centralized dynamic load balancing, where the load balancer is implemented on one 

master processor and all decisions are made there, and distributed dynamic load 

balancing where the load balancer is replicated on all processors [4]. 

3.4 Timetabling system 

In this section we will talk about the implementation of the project that is used to 

solve the problem which is considered to be one of the NP-hard problems that need 

intelligent algorithms and parallel computing to find an optimal solution to these 

problems. 

In our work we have solved the problem under the object oriented principles 

using C++ language, so we have designed all the sets that describe the problem 

into classes which we will demonstrate each one as follow: 

Element in Sis a vector (m, y, std slot) where m: is the major (IT, IS, G, or M), 

y: is the group number which will be represented by academic year of that group, 

this vector determines a group of students of the same major and academic year. 

So for the considered collage, m ranges from 1 to 4, and y ranges from 1 to 4, and 
' 

std slot is an array of timeslots that indicates when the student groups are available. 

I =={in, io, ..., i,} is the set of instructors in the college at the current semester, 
each element in I is a vector (inst no, inst.slot) where inst no: is the number of a 
specific instructor, inst slot: is an array indicating to timeslots when the instructor 

can give a lecture. 

1. Each object in the rooms class (S) contains the attributes shown in table 3.1. 

2. Each object in the students groups class (S) contains the attributes shown in 

table 3.2. 
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Name 
Table 3.1: The class of rooms (rooms) 

capacity 
Data type Description 

int room capacity - number of students may set 
in this room 

dataShow short is the room has a data show? 1 for yes and 0 
for no 

type short type of the room, 0: room, 1: PC lab, 2: multimedia 
lab, 3: photo lab, 4: Workshop 

ts[RJC] int room time slot 
roomld int room number 

Table 3.2: The class of student groups (StdGroups) 
Name Data type Description 
major int 

stdGroupld short 
year int 

ts[R][C] int 
softCost int 

A flag that set to O:IT, 1:1S, 2:G, 3:M. 
student group number 

2000, 2001, 2002, 2003, 2004, . 
The time slots for the student group. 

student group's soft cost 

3. Each object in the instructors class (I) contains the attributes shown in table 

3.3. 

Table 3.3: The class of instructors (instructors) 
Name Data type Description 

instld int The number of this instructor. 

ts[R][C] int The time slots for the Instructor. 

soft Cost int instructor soft cost 

4. Each object in the courses class (C) contains the attributes shown in table 3.4. 

5. Each object in the Genes class (G) contains the attributes shown in table 3.5. 
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Name 
Table 3.4: The class of courses ( coursesSections) 

Courseld 
Data type Description 

short course number 
section Int section number 
capacity short The capacity of the course section 

th Int Number of theoretical class hours for this course section 
ph int Number of practical hours for this course section 

phType short 0: no practical hours, 1 :PC lab, 2: multimedia lab, 
3:photo lab, 4: workshop 

phlnst short The period teacher exist in this lab, 0: 0 hours, 
1: l.5hours, 2: 3 hours 

stdGroup int The student group of this course section 
instructor int The instructor of this section 

Name Data type Description 
cost long The penalty of this gene 

thTime int Theoretical time 
phTime int Practical time 
sCost int The soft cost of this gene 
roomld int room number from rooms class 
labld int lab room number from rooms class 

courseld int course number form courseSections class 

Table 3.5: The class of genes (genes) 

3.5 Class diagram 

In this section, the class diagram is viewed in Figures 3.6, 3.7, 3.8 and 3.9. At 

this diagram we present the data members and the methods in this project. Note 

that there are association relation between classes, in addition to that we take the 

encapsulation benefit from the object oriented modeling. 
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course sections 
-course Id: int 
·section: short 
-th: int 
-ph: short 
-phtype: short 
-phinst: short 
-stdGroup: int 
-instructor: int 
+init(fp:FILE '): void 
+getCourseld(): int 
+setCourseid(x:int): void 
+getSection(): short 
+getTh(): short 
+getPh(): short 
+getPhType(): short 
+getPhInst (): short 
+getCapacity(): int 
+setSection(x:int): void 
+setCapacity(x:int): void 
+setPh(x:int): void 
+setTh(x:int): void 
+setPhType(x:int): void 
+setPhInst (x:int): void 
+getStdGroup(): int 
+setStdGroup(x:int): void 
+getInst(): int 
+setinst(x:int): void 

stdGroups 
-major: int 
-stdFroup!d: short 
-ts[RIC]: int 
-softCost: int 
.tsSoftIR] [Cl: int 
+initTS(fp:FILE *): void 
write0utput (fp:FILE '): void 
+getlajor(): int 
+setMajor(x:int): void 
+getStdGroupid(): short 
+setStdGroupid(x:int): void 
+getTS(x:int,y:int): int 
+setTS(x:int,y:int,val:int): void 
+getSoftCost(): int 
+setSoftCost(x:int): void 
+getTsSoft(x:int,y:int): int 
+setTsSoft(x:int,y:int,val:int): void 

Figure 3.6: System Class Diagraml 
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rooms 
·capacity: int 
-datashow: short 
-type: short 
-ts[RJ [CJ: int 
-roomld: int 
+initTS(fp:FILE '): void 
+init(fp:FILE ): void 
+write0utput (fp:FILE '): void 
+capacity Calculation(roomCapacity: float ): void 
+getCapacity(): int 
+setCapacity(x:int): void 
+getDataShow(): short 
+setDataShow(x:short): void 
+getTS(x:int,y:int): int 
+setTS(x:int,y:int,val:int): void 
+getRoomid(): int 
+setRoomid(x:int): void 

Instructors 
-instid: int 
+ts(R}[C]: int 
+softCost: int 
+tsSoft[R] [C] : int 
+initTs(fp:FILE ): void 
+get!nst!d(): int 
+set!nst!d(x:int): void 
+getTS(x:int,y:int): int 
+setTS(x:int,y:int, val:int): void 
+getSoftCost(): int 
+setSoftCost(x:int): void 
+getTsSoft(x:int,y:int): int 
+setTsSoft(x:int,y:int,val:int): void 

Figure 3.7: System Class Diagrarn2 
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genes 
-cost: long 
-thTime: int 
-phTime: int 
-scost: int 
-roomld: int 
-labld: int 
-courseid: int 
+initializeSolution(instructor:instructors ,, 

course:courseSections , 
room: rooms ,numOflnsts:int, 
numOfStdGroups:int,numOfRooms:int, 
numofGenes:iht,i:int J: int 

+mutation(gene:genes,nu~OfGenes:int,course:courseSections *, 
room:rooms ,instructor:instructors , 
co_no:int +,1:int ,j:int +,MG:int +,, 
max:int +,numOfRooms:int,O0K:int '): int 

+getCost(): int 
+getThTime(): int 
+getPhTime(): int 
+getSCost(): int 
+getRoomid(): int 
+getlabid(): int 
+setCost(x:int): void 
+setThTime(x:int): void 
+setPhTime(x:int): void 
+setSCost(x:int x): void 
+setRoomid(x:int): void 
+setLabid(x:int): void 
+evaluatePopulation (popTemp:genes '+,i:int, j:int,course:course$Section , 

stdGroup:stdGroups *, . 
room: rooms ,instructor:instructors ): void 

Figure 3.8: System Class Diagram3 
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genes 

rooms course Section 

std@Groups instructors 

Figure 3.9: System Class Diagram 

3.6 Detailed Design 

This section presents the implementation of the evolutionary algorithm to solve 

the problem. We implemented the steps of the evolutionary algorithm by first 

initializing the needed data from different files which are: student groups time slots, 

instructors time slots, and rooms time slots, the algorithm will take knowledge 

from the mentioned files about the time availability for students, instructors and 

rooms. Initially it is supposed that students are available all the time along the five 

working days of the week, while teachers and rooms may have some time availability 

constraints. 
The number of courses sections stored in a parameter called numOfGenes which 

determines how many genes will be in each individual (chromosome), then we built 

a dynamic array for the classes rooms, students groups, instructors, and courses 

sections. The number of individuals on each population is defined at the begining 

of the program called popSize, also we define a variable called numGener which 

determines the total iterations of the evolutionary algorithm. After that we built 

the evolutionary algorithm and its functions as shown in this algorithm: 



3.6 Detailed Design 
40 

Initialize Population; / / creates initial population (parent). 
t +- O; 

while t j numGener - 1 do 

Population_cost; // evaluates the fitness of initial population. 
Selection; / / selects new population from parent based on fitness. 

Mutation; // performs mutation operation on new population. 
t«tAl; 

end while 

Population_cost; //evaluates the fitness of new population. 

Our evolutionary algorithm work through a number of functions, that we show 

their flowcharts. 

First: Initialize Population function creates the initial population of individuals 
based on the size of the population (popSize), and then we depend on this population 

in going through the algorithm iterations. Flowchart in Figure 3.10 explains. 

start 

No 

Assign random room and timeslot to this course 

i+-i + l 

No 

end 

F. 3.10: The flowchart of Initialize Population function 1gure . · 

E al t _population function evaluates the fitness of the population Second: 've'ua e 
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as follow: 

After we have built the population we evaluate the fitness of each individual in the 
population. Population t · cos 1s measured as the sum of the cost for each gene in the 

individual. The cost is determined by scanning the genes of the individual orderly 

about the violated constraints (hard and soft ones) by every gene; for example a 

hard constraint violation may happen if, in some gene, a course section is assigned 

in an occupied time slot for the teacher, room, or a student group. On the other 

hand a soft constraint violation may happen if a course section is a assigned in a 

time slot that makes long time wait, or too late, for the teacher of the course or the 

students. Figure 4.5 view the flow chart. 

The fitness is calculated for the individual x by the simple function 

1 
f(a)= cost(x) + 1 

where the cost(x) is the sum of the hard cost and soft cost of this gene. The value of 

this function is important in determining whether this individual will pass to next 

step (new population) or not. 

In the evaluation process every individual is evaluated by the hard and soft cost 

of every gene on the individual. Every hard cost is multiplied by oo and added to 

the hard cost array for the individual, and the soft cost is represented through its 

priority, the soft cost of the instructor multiplied by 2, but the soft cost for the 

students multiplied by 1. 
Third: Selection function, in this function we select a new parent population for 

next generation, the selection based on the fitness of the individual the probability 

to select this individual is increased as it is fitness increased, Figure 3.12 which view 

the flowchart explains. 
Fourth: Mutation function, mutation process is done by a random modification 

on the genes in the individual; this change can be done with a probability. Every 

individual in population is ordered according to the genes hard and soft cost, where 

f Ost l·n both are put at the beginning of the individual then the mutation genes o zero c · 
starts from the first gene whose hard or soft cost is greater than zero. This operation 
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is done based on the probability (Mu) as shown in Figure 3.13. 

In Figure 3.14 we view abstractly the system takes two main blocks included 
' ' the evolutionary algorithm block and load balancing and communication block thats 

in additions to get the input data and return the output data blocks. Two main 

cases in this distributed algorithm, the first one if the processor is the ROOT, it 

will get the data, do the evolutionary algorithm as other processors, optimize best 

solution for the returned results, and write the output. 

The other case if the processor is normal one ( not ROOT/ client machine), it 

will get the parameters form the ROOT then do the evolutionary algorithm and 

return the result to the ROOT. 

To balance the load between the processors, we use the Exploitation of the Fastest 

Processor (EFP) which shown in Figure 3.15 [4]. In this project, the most important 

part is the load balancing, where the system must use the cluster with the most 

utilization possible to get the results as faster as possible [4]. 

This algorithm named each processor, where the fastest processor is the ROOT, 

it contain the load balancing producer, in addition to do the optimization algorithm, 

this processor named by P%. The other processors named P},,...,Pp»+ where P is 
the number of processors, and P, is the slowest processor and Pp_+ is the fastest [4]. 

In this algorithm, the problem divided into G takes, where 
P- 1 G(P)=[n» P«rand()]» P» , 

, r x 7 is the least integer larger than or equals to x, n is a positive integer between 

1 and 3, and rand() is a function that returns a real number between O and 1. The 

tasks located into a queue to be ready to distribute [4]. 
The ROOT processor distribute the tasks to the other processors after that it 

will execute some tasks while it wait the other to return the results. If one of the 

d that will interrupt the ROOT process to receives the results and send processors o, 

others tasks [4]. 
h become empty the ROOT will optimize the best solution, and When t e queue 

then finish the algorithm by return the result to the user [4]. 
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No 

Population[j)(i).cost <E-Populationljl[i).cost + room.cost 

Population[jl[i).cost <E-Population[j)li).cost + instructor.cost 

Population[jl[i].cost <f-Population[jl[i).cost + studentGroup.cost 

Cost(j] +Cost[j) + Population[jl[i).cost 

Populationfj](i].scost +Population[j)[i).scost + instructor.scost 

Populationlj](i].scost .-Population[j](i).scost + studentGroup.scost 

Soft!j] <« Softlj] + Population[jllil.scost 

Fitness[j] +Fitness[jl + (1.0 / (Population{j)li].cost + Population[j)li).scost) + 11 

end 

j<-j + l 
jei + l 

Figure 3.11: The flowchart of Evaluate__Fopulation function 
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Fitness Sum <-- Fitness Sum+Fitness[i] 

Yes 

scale[b]+-((Fitness[b)/ FitnessSum)'100) 

No 

b-» b+f 

No 
Yes 

No 

Yes 

tmp [i] --- Population[b] 
j d--- j+] 

b <> b+T 

Population <-- tmp 

end 

Figure 3.12: The flowchart of selection function 
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start 

Yes 

Yes 

v a- myRandom(0, 100) No 

No 

J-j+T 

P a(float) /100 

Assign random room and timeslot to this course 

iq-- j+'f 

end 

Figure 3.13: The flowchart of Mutation function 
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start 

Yes 

Yes 

v 4- myRandom(0, 100) No 

No 

J--j+1 

a(float) /100 

Assign random room and timeslot to this course 

iq-- i+T 

end 

Figure 3.13: The flowchart of Mutation function 



3.6 Detailed Design 
46 

No 

Initialize works 

Load distribution 

Evolutionary Algorithm 

Receives the best solutions 

Send the solutions 
to the ROOT 

Write to files 

Synchronization 

Terminate all processes 

Figure 3.14: Flow chart for the proposed algorithm 
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Start 

N= Problem Size 
P= Number of Processors. 

Select the fastest processor lo be the central one, to 
execute the load distribution procedure 

Divide the problem in a number of tasks, G 
(Ne G), and create a task queue 

G( P) = f 11x/>xrand() l>< Px (P-1 )/2): 
ne 11,2.3 I: 0$ rand() $ I 

lnitiali:,c a staggered distribution of tasks or lhc 
processing nodes, assigning tasks on each processor 

so that the i processor receives itasks 
for i=1.2 ..... P· l 

(the central, Pa doesn't execute its part of work yet) 

Receiveresults 
from all rhc 
ro · •ssors 

Execute work in the central node 

End 

Receive results form the 

No Yes 

Calculate the speed factor,S, of the 
interrupting processor and send it a 
number of tasks proportional to that 
factor. i.e. more tasks are sent when 

lhc nrocessnr is faslcr 

hart f parallization technique with load balancing 
Figure 3.15: Flow c or · 



Chapter 4 

Experiments and Testing 

4.1 Overview 

In this chapter we will explain the testing environment which the project needs to 

be run in terms of software, hardware, and data, then we will list the results that 

we have reached from the experiments done. 

4.2 Testing environment 

In this section the hardware, software, and data specifications that are needed for 

the system testing are demonstrated as follows: 

4.2.1 Hardware and software specifications 

A cluster of machines, as seen in Figure 4.1, are used to run the application, it is 

heterogeneous environment where three different architectures on seven machines 

are used. One multi-processors workstation has two Intel dual Xeon CPU 3.06 GHz 

for each one with two 512 KB cache memory and 1 GB main memory. Three 
' machines each one has 1.80 GHz Intel core due 2 CPU,1024 KB cache memory and 

1 GB main memory. Three machines each one has 3.20 GHz Intel Pentium 4 CPU, 

512 KB cache memory and 512 MB main memory. All these machines are connected 

48 
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via 1 GB switch. 
node2.gene.com 

192.168.0.2 
node3.gene.com 

192,168.0.3 noded .gene.com 
192.168.0.4 

=: 

node5.gene.com 
192.168.0.5 

node6.gene.com 
192.168.0.6 

node7.gene.com 
192.168.0.7 

~ 
[=l» 
c ••• 

nodel.gene.com 
192.168.0.1 

3.20 GHz Intel pentium 4 processor 
512 KB Cashe memory 
512 MB Main memory 1 GBit 8 ports etheret swith 

~ be-»of[ Jg; 
1.80 GHz Intel core duo 2 processor 

1024 KB Cashe memory 11111 0 
1 GB Main memory 

3.06 GHz 2 Intel dual Xeon processors 
512 KB " 2 Cashe memory 

1 GB Main memory 

Figure 4.1: Testing environment 

The cluster is running on the Linux O.S, fedora 5, and all the applications used 
in this project are open source software. 

All machines are configured to run the algorithm, where all of them have the 

same user account, and all the users accounts with the same name on all machines 

has one home directory, on other words, you will find on each machine user called 

mohammed for example, and mohammed will have shared home directory between 

all machines via NFS server. In addition to that, all accounts on the cluster can 

have the right to access any machine from other machines via passwordless SSH 

service. 
At each machine, lam-mpi runtime service was installed, to run the algorithm 

after including the mpi codes to distribute it. 
The development of this algorithm by using Eclipse IDE with mpi-plug-in, and 

the running of the algorithm application will be from the Linux terminals. 
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4.2.2 Data specifications 

In our experiments we use real data available on the database of Palestine Polytech­ 

nic University, and then the data is coded into numbers and stored in text files used 
as input to the program as follows: 

courses: this file contains a complete information about all courses of the current 

semester. It contains the number of student group that should register this course 

at the current semester, the course number, the section number, the teacher number 

for this course section, the number of practical hours of this course, the number of 

theoretical hours of this course, and the number of practical hours that the teacher 
must give. 

teacherstslots: this file contains the timeslots at a week for every teacher. In this 

file 0: means the teacher is available at this timeslot. 99: means the teacher is not 

available at this timeslot. 

roomstslots: this file contains the timeslots at a week for every classroom or lab. 

In this file 0: means the room is available at this timeslot. 99: means the room is 

not available at this timeslot. 

stdgroupstslots: this file contains the timeslots at a week for every student group. 

In this file O: means the student group is available at this timeslot. 99: means the 

student group is not available at this timeslot. 

The output from our experiments is coded into numbers and stored in text files 

used as output to the program as follow: 
· th· file we determined the timeslots for each teacher, where teachersoutput: in us 

0 f t·me 1· means allocated timeslot. : means ree 1 . . 
. h" fil determined the timeslots for each classroom or lab, Toomsoutput: in this le we 

fr t. e. l means allocated timeslot. where 0: means ee am · 
. . fil e determined the timeslots for each student group, stdgroupsoutput: in this le w 

fr t. 1. means allocated timeslot. where 0: means ee ame. . 
. th best solution, it contams the room number, lab 

best]ndiv: this file represents 1e.. 
d t • cal time slot for each course section. 

number theoretical time slot, an pract 
' 
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Exp · er1mental results 
At this section we will list a . . series of experiments that h 
variables in diagrams d s ow the relationships between 

' an analysis of th 
Figure 4.2 shows th . 1e project outputs. 

e relation between th 
parallel multi-objective 1 . e execution time required to execute the 

a gonthm and numb f 
size (popSize= 300) and th er o processors, where the population 

e number of g ·ti enera ions (numGener = 20). 
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1000 
U 
"0 c 

800 0 
O 
&) 
U 
@ 600 E 
y= 
c 

400 0 
5a 
3 
O 
i 200 w 

0 
0 2 4 6 8 10 12 

Number of Processors 

Figure 4.2: The relationship between the execution time and the number of proces­ 

sors 

Figure 4.3 shows the relation between number of generation and the average 

fitness per generation, where the population size (popSize= 70O) and the number of 

generations (numGener 700). As we can see from this figure the average fitness 

evolution has been increased in a positive way, which means that the average fitness 

increased as the processes repeated. 
Figure 4.4 shows the relation between number of generation and the best fitness 
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Figure 4.3: The average fitness evolution 

per generation. As we can see from this figure the best fitness evolution has been 

increased in a positive way. 

Figure 4.5 refers to the relation between number of generations and the hard 

cost per generation, as we can see from the figure the average of hard cost has been 

decreased in a positive way. 

In the same way, Figure 4.6 refers to the relation between number of generations 

and the soft cost per generation, as we can see from the figure the average of soft cost 

has been decreased in a positive way. As a result of this experiment it can be realized 

that the multi-objective optimization has been achieved, and both objectives (hard, 

soft) have been satisfied. 
Figure 4.7, and Figure 4.8 shows the relation between the number of generations 

and both objectives ( hard cost, soft cost) it takes 10582 second to generate the 
solution for population size (popSize= 700) and the number of generations (num­ 

Gener 700) on a 11 processors by using the parallel multi-objectives algorithm. 

,u t· · F" 4 7 that the hard cost has been decreased during the evolution 
We notice in 1gure . 

f t
. t the same way the soft cost is decreased too. 

o generations, a 'J 

F
. 

4 
g h th elation between number of generation and the best fitness 

1gure . s ows e r 
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Figure 4.4: The best fitness evolution 

per generation. As we can see from this figure the best fitness evolution has been 

increased in a positive way using parallel multi-objective optimization. 

Figure 4.10 represents three experiments for different number of processors and 

show how that affect the hard cost. At each experiment we use population size 

(popSize=300) and number of generations (numGener=20). 
Figure 4.11 represents the three experiments for different number of processors 

and how that affect the soft cost. At these experiments, we show that the paral­ 

lelization process did not affect the soft cost. 
In Figure 4.12, we show that the parallelization process did not affect the fitness, 

we do this experiment on 700 individuals for 700 generations two times for parallel 

algorithm and 4 times for sequential one. 
In Figure 4.13 and (4.14) we take the average of 6 experiments, 2 parallel and 4 

sequential to see the relation between best hard cost and number of generations at 

the first chart and the best soft cost and number of generations at the second. We 

take the average of all these experiments to make the carve smooth. 

F
. 

4 
5sh parallel experiment take the average fitness for each node 

1gure .1 sows one 
. . Thi eriment use 6 node to implement the algorithm on 300 

at this expenment. 1s exp 
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Figure 4.5: The hard cost evolution 

individuals for 20 generation. 
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Figure 4.6: The soft cost evolution 
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Figure 4.7: The hard cost evolution using parallel multi-objective algorithm 
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Figure 4.8: The soft cost evolution using parallel multi-objective algorithm 
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Figure 4.8: The soft cost evolution using parallel multi-objective algorithm 
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Figure 4.9: The best fitness evolution using parallel multi-objective algorithm 
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Chapter 5 

Conclusion and fut ure works 

5.1 Overview 

In this chapter we will list all what we concluded after finishing this research and 

we will recommend some future works that can be done in the future to en~ance 

the algorithm. 

5.2 Conclusions 
In this research we enhanse the evolutionary algorithm which proposed by the grad­ 

uation project in the previous semester [2]. We have reduced the soft cost without 
affecting the hard cost by using multi-objective optimization. In addition, we have 

speeded up the algorithm by distributing it among the cluster of machines which we 

have used. 
We can summarize the achieved results in the following points: 

1 B 
· 1 t· the ilti-objective and parallel techniques we enhance the 

. Jy implementing e mu! I 

proposed model to solve the problelll 
. :. 5sad with special operations which has im­ 

2. A multi-objecive technique is pr:OP 

proved the results. 
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3. The proposed method 1 . ology is appli d ·iistr 5» 9Plied on a real d 
administrative sciences and if>,,_ {ata set from the college of 

· mtormatics at p 1 . 
With all its complexities and . alestine Polytechnic University. 

constraints. 

4. By implementing the parallel al . gorithm, a small d . 
solutions happened. ecrease m the fitness of the 

5. The communication process consumes small time com . 
tional process, most of +;> 4,, 0pared with computa- 

execution time consumed by mutation function. 

6. The load balancing algorithm be . comes more complex under the random be- 
haviour of the algorith b • m, ecause it is not possible to determine which node 

will reach the goal faster. 

5.3 Future works 

After all what we have done, we will mention the following future works to enhance 

the algorithm: 

1. Trying other methods and evolutionary techniques such as PSO algorithm. 

2. Considering the problem in the other university colleges. This means a greater 

and other complex search space. 

3. Adding more soft constraints such as the long distances between lectures' 

rooms as a soft cost. 
. 

1 
d balancing algorithm implemintation for this prob- 

4. Trymg to enhance the toa 

lem. 
t instead of files for input and output 

5. Using a database management sys ems 
1 

data. 

6. Using the Graphical User Interface (GUI). 
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Appendix A 

Planing and Analysis 

A.1 Planning 

This project divided into many task, this di idi be · ' lVl mg ase on function and time. Figure 

(3.14) shows the flow charts of the tasks and who the process done. 

Table (A.I) shows the tasks with time needed per week. 

A.2 Requirements 
In this section we will list the hardware and software requirements, in this project the 

hardware development requirements and hardware run requirements are the same. 

Note that the software which used to develop and run this project are open source 

and free software. 
Table (A.2) shows the hardware requirements and its caste, table (A.3) show the 

software requirements for development and running. 

A.3 Gantt chart 
h time scheduling for tasks in this 

This Gantt chart shown in figure (A.1) show t e . . d s should be finished with its docU 

project, for 36 weeks (two semesters) all 
th
etas s 
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No. symbol ·' ime scheduling table 
breakdown 

1 Tl 
Proposal acceptance procedure 

weeks notes 
2. T2 Literature review 

1 l st semester 
3. T3 Review the previous project 

10 1'&2° semester 
4 l st semester document and code 

4. T4 Problem analysis 1 l st semester 5. T5 Requirements specification and analysis 2 l st semester 6. T6 Risk analysis 1 l st semester 
7. T7 Analysis and design of the new system 6 l st semester 

for parallel and muti-objective 
8. TB Rewriting the code as library files and OOP 3 2®¢ semester 
9. T9 System implementation and development 6 2/ semester 
10. TIO Unit tests 2 2d semester 
11. Tll System and integration tests 3 2d semester 
12. T12 Error correction and debugging 5 2d semester 
13. T13 Test the system in a real data 1 2d semester 

14. T14 Analyses the output and results 1 2d semester 
Reporting k k 

15. T15 

Table A.1. T; 

mentation. 

A.4 Functional requirements 

. f; :tional requirements: This project has the following 'unc 

bject oriented. 
• Convert the problem to an ° 

. . . ation to minimize hard and 
:. multi-objective optimiz 

• Solve the problem usmg m 

soft constraints. · order 
. f the program, m 

:. the execution O . t to parallize 1€ • Using cluster environmen 
to make it faster. 
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e .2: Hardw 
No. Item are requirements 

Specification 
1. Workstation Require for 2 CPU 3 GH Quantity Price (S) 
2. Dual core 

z, 1 GB ram D and R 
1.6 GHa 1 3000 

3. Pentium 4 D and R 3 
3 GHz 1000 

4. Flash memory D and R 4 800 
1 GB 

5. LCD monitor D and R 1 10 
17 in 

6. Mouse 
D and R 1 200 

7. keyboard 
D and R 1 10 

8. High speed switch 
D andR 1 10 

8 ports 
9. LAN cables 

D andR 1 50 
7 3M D andR 1 70 

Total 9550 
D: 

Tabl A 

Development 

R: Running 

A.5 Nonfunctional requirements 

Utilization: The system should not consumes the hardware capabilities. 

Response Time: The system should not take long time to return the results. 

Compatibility: The system must run on any platform. 

Efficiency: the system must do its job completely. 

effectiveness: the system must do its job with better performance than the previous 

work. 

A.6 Risks analysis 
. ks resented. A template form [19] used 

In this section a view of most dangerous ns P 
' 

to analyze it. 
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c .2: Hardw 
No. Item are requirements 

Specification 
1. Workstation 2 CPU +3Gin Require for Quantity Price (S) 
2. Dual core 

z, 1 GB ram D and R 
1.6 GHz 1 3000 

3. Pentium 4 D and R 3 
3 GHz 1000 

4, Flash memory D and R 
1 GB 

4 800 

5. LCD monitor D and R 1 10 
17 in 

6. Mouse 
D and R 1 200 

7. keyboard 
D and R 1 10 

8. High speed switch 
D andR 1 10 

8 ports 
9. LAN cables 

D andR 1 50 
7 3 M D andR 1 70 

Total 9550 
D: Devel 

Tabl A 
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R: Running 

A.5 Nonfunctional requirements 

Utilization: The system should not consumes the hardware capabilities. 

Response Time: The system should not take long time to return the results. 

Compatibility: The system must run on any platform. 

Efficiency: the system must do its job completely. 

effectiveness: the system must do its job with better performance than the previous 

work. 

A.6 Risks analysis 
. ks resented. A template form [19] used 

In this section a view of most dangerous ns P 
' 

to analyze it. 
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No. 
a le A 3· S Item '{oftware rcquir 

1. 

Li- {ements 

Fedora 7 Linu OS -~~ x Or [{Cquire for Quatty 
2. LAM-MPI Lib pen Source D 

Price ($) 
rary O and R 1 

3. LAM-MPI runti; 2pen Source D 
0 

lIDe (), I 

JI»III 

4. 

1 - 

Eclipse C/C++ pen Source R 
0 

5. 
Te Open Source 

1 0 

e ex 0 
D 1 - 

6. Texmacker- Latex edi+, 'Pen Source D 
0 

1 
)® 

7. 
l or Open S 

0 

Text editor ource D 
Open Source 

1 0 

8. Open office 
D 

Open Source 
1 

- 
0 

9. g++ compiler 
D 

Open Source 
1 0 

10. K pdf - P df reader 
D 

- 

Open Source 
1 0 

11. Dia 
D andR 1 

Open Source 
0 

D 1 0 

D : Development 
Total 0 

Tb 

R: Running 

a le A.4: Risk information sheet 01 
. Risk information sheet 01 

~ Risk ID: 0l I Date: 29/12/2008 [ Prob :20% ] Impact : Critical 

Description: 
If one or more of the work group quit for any reasons, this will affect on time 

sched 1 · u es, mcreasing group work pressure etc. 

Refinement/ Context: 
Simply, all persons could have emergency situation, specially on our conditions 
as palestinian. While we have not large number in the work group, loss any one of 

_ him may affect critically. 
Mitigation /Monitoring: [Bach job/tasks should be solved by two person (main researcher and secondary one). 

Management/ Contingency plan/Trigger: 
If any person quit, his/her tasks should be divided to his/her partners who can 
[work it. This must happen until find another person and prepare VP 

Current status: ay to rks and with good conditions. 

29/12/2008: All membership students are ready to 
[Originator: T.0. Takriiri[Assigned: T.O. Talru? 

Tb 
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A= All, I= Insaf, M = Muna, T • Tareq 

'r re A.1: Project Gantti map 
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Table A 5 Risk · f ·. : . s m ormation sheet 02 
Risk information sheet 02 

Risk ID: 02 I Date: 29/12/2008 I Prob : 30% ] Impact : Critical 
Description: 
This project should be finished due to specific <lat · db e ass1gne y the college's 
administration. If this dose not happen a problem could happen. 
Refinement/ Context: 
For many reasons, such as the other risks defined in this section, may delay the 
project submission. 
Mitigation /Monitoring: 
At each week, a time schedule and job work progress should be monitored to check 
if there are any delay in any phase. 
We must try to satisfy the time scheduling which defined in previous section. 
We may start the work in the holidays between the two semesters. 
Management/ Contingency plan/Trigger: 
To solve this problem (if happen) we must increasing the works hour for all of 

the work group members. 
Try ks t duce the risk impacts to finish the most important tas o re 
Current status: . d · the time :. be dce as mentionec 11l 
29/12/2008: Most of phases (which must e on 
scheduling) are approximately done. . , . I . d· T.0. Takrun Originator: T.O. Takruri Assigned, 
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· . · . sI iiormation sheet 03 
Risk information sheet 03 

Risk ID: 03 I Date: 29/12/2008 I Prob: 50% I Impact : Catastrophic 
Description: 

The main aim of this project, is to get best results with least execution time. 
Most cost may require, so this speedup must be as the increment of the costs to 
satisfy the best effectiveness. In the worst case, This speedup may not satisfy 
the best effectiveness which we wish. 
Refinement/ Context: 
The problem may happen if a mistake occur when choosing the techniques that will 
use to parallize the mention algorithm or when implement it. 
Mitigation/Monitoring: 
Studying the problem carefully to find best techniques may reduce this risk 

impact and probability. 
Management/Contingency plan/Trigger: 

. £ Ir t · And to study the other To try to use other techniques tor para 1za wn. 
. h aff :t on the effectiveness. solutions and arguments whicl may ec 

Current status: . bl . the revious studies hi> s availal le in 1e P 
29/12/2008: Studying the possible tee mque 

to find the best. I Assigned: T.O. Takruri 
Originator: T.O. Takruri 

Table A.6: Risk ·If 
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· . · . s m ormation sheet 03 
Risk information sheet 03 

Risk ID: 03 I Date: 29/12/2008 [ Prob : 50% [ Impact : Catastrophic 
Description: 

The main aim of this project, is to get best results with least execution time. 
Most cost may require, so this speedup must be as the increment of the costs to 
satisfy the best effectiveness. In the worst case, This speedup may not satisfy 
the best effectiveness which we wish. 
Refinement/ Context: 
The problem may happen if a mistake occur when choosing the techniques that will 
use to parallize the mention algorithm or when implement it. 

Mitigation/Monitoring: 
Studying the problem carefully to find best techniques may reduce this risk 

impact and probability. 
Management/ Contingency plan/'frigger: 
To try to use other techniques for parallization. And to study the other 

':h aff :t on the effectiveness. solutions and arguments whicl may tec 

Current status: . bl . the revious studies hi s availat le in 1e p 
29/12/2008: Studying the possible tecl nique 
to find the best. I Assigned: T.O. Takruri 
Originator: T.O. Takruri 

Table A 6· Ri k f 
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· : . s m ormation sheet 04 
Risk information sheet 04 

Risk ID: 04 I Date: 29/12/2008 [ Prob : 20% [ Impact: low 
Description: 
One or more of clustered machine, networks devices or the software many corrupted, 
in other words the development environment may loss some parts. 
Refinement/ Context: 
The hardware may damage, and the software may has a bugs. Many dangers affects 
on hardware and software such as electricity power changes rapidly, system misuse, 
data loss and others. 
Mitigation /Monitoring: 
A full backup shall do every week or when a large change happen. 
Alternative devices may be spar and ready to use in the emergency situation. 
Management/ Contingency plan/Trigger: 
While we have a backup, if a software corrupted occur, a restore must done to 

recover it. . . b of these two cases. The first case 
If it is a hardware corrupted, it will e one rks ·ithout it, the other 

h the system to work wit ° 
if it is secondary parts we many chance 1 ·t . device must masts to rep ace I . 
case, if it is main part an alternative 

Current status: 1 d prepared with good quality to 
29/12/2008: All the machines and devices area y 

·t develop and run the system on 1 · . . T O. Takruri 
: ]Assigned: -·' 

Originator: T. O. Takruri 

Table A 7 · Ri k '£ 
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Appendix B 

Time table 

The following tables show the time table for every student group in the college of administrative 

sciences and informatics at Palestine Polytechnic University obtained by our algorithm. 
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