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ABSTRACT 

Problem of courses timetabling is a time consuming and demanding issues in any education environment that they are 
involved in every semester. The main aim of timetabling problem is the allocation of a number of courses to a limited set of 
resources such as classrooms, time slots, professors and students so that some predefined hard and soft constraints are 
satisfied. Furthermore, the available resources are used to the best. 

In fact course timetabling is one of optimization problems. It has been proved computational complexity of this problem is 
NP, so there is no optimal solution for that. Therefore, approximation and heuristic techniques are used to find near 
optimal solutions. Genetic algorithm for its multidirectional feature has been one of the most widely used approaches in 
recent years. Hence, in this paper an improved genetics algorithm for timetabling problem has been proposed. In 
proposed algorithm, the fitness of solutions to satisfy soft constraints due to ambiguous nature of those has been specified 
using fuzzy logic. Also, local search methods have been applied to avoid the genetic algorithm to be trapped in a local 
optimum. As well as, the multi-population property is intended to reduce the time to reach the optimum solution.  
Evaluation results show that the proposed solutions are able to produce promising results for the university courses 
timetabling. 
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1. INTRODUCTION 

The course timetabling problem is one of the complex and time consuming issues in universities that they are involved at 
the beginning of each semester. Manually preparing an optimal large-scale scheduling table for a university requires high 
effort and spending many hours of work by experts. However, the generated schedule may not be optimal. Therefore, 
automation of university course timetabling problem is very important, because it saves a lot of manpower for educational 
institutions and provides optimal solutions that while satisfying some constraints can enhance the efficiency, quality of 
education and services [1-3]. 

It has been proved that course timetabling problem is classified as NP-complete problem [1]. This means the amount of 
time and work needed to solve this kind of problems increase exponentially with the problem size and so they are more 
difficult and time-consuming. Thus, approximation and heuristic optimization techniques are used to solve these problems 
and obtain practical or near optimal solutions rather than exact solutions. Further studies in this field are based on 
heuristic approaches [3]. 

Graph coloring heuristics are from the first methods that had been used for solving scheduling and have been widely 
studied [4]. In these heuristics timetabling problem is model by defining the courses as vertices and conflicts (the courses 
which cannot be scheduled at a time) by edges. Also, each color represents a time slot. Difficulty of an event is defined as 
number of conflicts with other events. Therefore, in this model, Degree of a vertex illustrates the difficulty of scheduling of 
a course that the vertex referred to it. The goal is to construct a timetable in which the highest number of conflicting events 
are scheduled in feasible time slots and respect soft constraints as possible [4-8]. These algorithms work efficiently for 
small-scale scheduling problems, but they are not effective in large scale [1, 4]. 

Heuristic algorithms are partitioned into two general classes [9]: local search (local area) based algorithms and population 
(global search or global area) based algorithm. The most important local search algorithms include iterative search, tabu 
search and simulated annealing [10]. This class of algorithms is focused on exploitation rather than exploration. 
Population-based algorithms start with some initial solutions and refine in order to obtain optimum solution in the whole 
search space. Therefore, they are so-called global search algorithms. The most significant algorithms of this class are: 
genetic algorithm (GA), particle swarm optimization (PSO), ant colony optimization [11-14].  

In recent years, genetic algorithms have been the most common approach to the problem of timetabling. Therefore, a new 
genetic algorithm is proposed in this study. Three basic component of a GA that effect the efficiency of the algorithm for a 
particular problem include fitness function, mutation operator, and crossover operator. As mentioned, the fitness of a 
solution for university course timetabling is dependent on some hard and soft constraints, and a solution is feasible if it can 
respect all hard constraints. Thus, the fitness of a solution is a zero-one problem from the view of guarantee of the hard 
constraints. That is, in general, the solutions that violate hard constraints should be excluded. However, since soft 
constraints don’t have zero-one property, determination of the fitness of a solution is very vague and uncertain in terms of 
satisfying soft constraints. To overcome this ambiguity, several modeling techniques have been proposed which have 
been considered ambiguity. These techniques offer more realistic analysis compared with fixed constraints. The most 
prominent of these techniques is the use of fuzzy logic [15] to model these constraints [16]. Consequently, in proposed 
GA, fitness of a feasible solution in terms of respecting soft constraints is specified using fuzzy logic (by a set of fuzzy 
rules). 

Genetic algorithm uses mutation and crossover operators, that they are random, to generate new solution. In university 
course timetabling, if these random operators are applied, the probability of produce a infeasible solution increases. 
Therefore, in proposed GA, after applying mutation and crossover operators to generate new solutions, a local search 
algorithm (iterative search in this study) is used. As a result, on the one hand, we take advantage of multidirectional 
search of GA and benefit from the ability to avoid being trapped in local optimum of local search algorithm, on the other 
hand. Also, in order to reduce the execution time to reach the optimum solution, the multi-population version of proposed 
GA has been addressed. 

The rest of the paper is organized as follows. In Section 2 the description of course timetabling problem is described and 
the notations used throughout the paper are given. Section 4 describes the proposed genetic algorithm in detail. In Section 
5, we compare experimental results from the proposed GA with those conventional genetic algorithm and iterative search 
algorithm. Finally, in Section 6, we conclude the paper with directions for future research. 

2. DESCRIPTION OF COURSE TIMETABLING PROBLEM 

In this paper, course timetabling problem is defined based on educational rules of university system of Iran with some 
simplification. The main entities are: 

Days and time slots: Specified number (5) of working days per week is considered. Every day is partitioned into a fixed 

number of time slots (8) with same length (one hour) which is the same for all days. Thus, the total number of time slots is 
equal to the product of the number of days (5) and the number of time slots in a day (8), i.e. 5 × 8 = 40. Similar to some 

studies [1, 2], the time slots are indexed from 1 to 45. Every index determines a day and a time slot in that day. For 
instance, the index 17 indicates the third working day and the first time slot in that day (hour from 8 to 9). So, a working 
day and related time slot both are characterized by one index. The set of time slots are displayed as 𝑇𝑆 = {𝑡1, 𝑡2, … , 𝑡40}. 

Courses: Every course consists of a fixed number of lectures per week. These lectures should be scheduled at specific 

time intervals. Courses are related to different subjects and some of them require special laboratory facilities. In this study 
it is assumed that each course includes one lecture per week. Indeed, some course has more than one lecture; it models 
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as a number of courses with two constraints: assignment to same professor and no time interference. The set C =
{c1 , c2, … , cNC

} represents NC  cources. Each course ci is defined by its duration, subject, number of students, and special 

laboratory facilities. 

Professors: Each professor has a given schedule to attend at university. Also, she/he is expert in special subjects. The 

set P = {p1 , p2, … , pNP
} demonstrates NP  professors. Each professor pi is specified with his/her attendance schedule and 

subject specializations. The set of subjects are defined by S = {s1 , s2 , … , sNS
}. NS  represent the number of different 

subjects. 

Classrooms: The set of classrooms is shown by R = {r1 , r2, … , rNR
}. NR  is the number of classrooms. Each class ri  is 

characterized by its laboratory facilities and capacity. Laboratory facilities are described by the set F = {f1, f2, … , fN f
} that Nf 

shows the number of distinct facilities. 

Curriculums: A curriculum is a group of courses that should be taken by a group of students who have the same entry 

date and field of study. Thus, fundamental requirement is that the courses in a curriculum don’t have any time 

interference. The set Cu = {cu1 , cu2 , … , cuNcu
} defines Ncu  curriculums. Each cui is described by its group of courses. 

According to mentioned entities, university course timetabling is the allocation of time slot (TS), professor and classroom 

from the related sets to the set of courses (C) so that all hard constraint are satisfied and soft constraint are met as 
possible. 

The constraints that are enforced strictly due to educational, management, etc reasons of a university are referred hard 
constraints. Thus, they must be respect in a proposed feasible solution. Lack of compliance with these constraints makes 
the solution invalid. Assumed hard constraints are: 

1. The courses related to a curriculum have no time interference. 

2. Number of courses devoted to a given class in a specified time slot is the maximum one. 

3. Number of courses devoted to a given professor in a specified time slot is the maximum one. 

4. No course is assigned to a given professor out of her/her attendance schedule at university. 

5. Each course is allocated to a classroom with enough laboratory facilities and capacity.  

The constraints that are desired to respect, but the absence of them don’t make the solution invalid are called soft 
constraints. Satisfying these constraints increase the quality of course timetabling and productivity of university facilities. In 
general, quality of a feasible solution can be evaluated based on how much soft constraints are met. Supposed soft 
constraints are: 

1. Each course is assigned to a professor who is an expert in its field. 

2. The minimum and maximum number of hours of attendance will be respected for each student per day. 

3. The obtained course timetabling for each curriculum is in consecutive days. 

4. Courses are held in the morning. 

3. PROPOSED GENETIC ALGORITHM 

The proposed algorithm is a combination of the concepts of genetic algorithms, fuzzy logic, local search and multi-
population evolution. In fact, the proposed method is a modified genetic algorithm in which a new stage (local search using 
iterative search) is added to iteration loop of conventional GA. Figure 1 illustrate an overview of proposed method. Each 
step is described in more detail in following sub-sections. 

 

Fig 1: Overview of proposed genetic algorithm 
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3.1 Solution Encoding 

Genetic algorithm requires the coding of problem variables for evolutionary process. Encoding is a method for 
representing the solution of a problem that must be optimized. Each solution based on selected encoding is referred as a 
chromosome in GA, and each building element of a chromosome is called a gene. Encoding highly influences the success 
of GAs in finding optimum solution and simplicity of their implementation. 

In the proposed GA, the chromosome is represented as a cell array of size NC  (the number of courses), and each cell 

(gene) defines the characteristics of a course, namely, professor, time slot and classroom, as figure 2 illustrates. With this 
encoding, retrieval and evaluation of generated course timetabling is easily possible. 

 

Fig 2: Encoding of a chromosome 

3.2 Multi-Population Evolution 

In order to reduce execution time, several versions of the algorithm with a small population size rather than a large-sized 
version are executed in parallel (line 1 in figure 1). Also, to preserve diversity of small population as a large population, the 
new generated children from different population are exchanged with each other (line 8 in figure 1).  

3.3 Initialization of Population 

Genetic algorithm starts by generating an initial population of solutions (chromosomes). These initial solutions can be 
constructed in randomized or heuristics manner. Furthermore, each solution should be represented according to the 
specified encoding in sub-section 3-1. 

In this study, the initial population is generated so that the random properties of solutions are preserved, as well as all hard 
constraints are met. To implement this goal, some matrices, usually binary, based on problem inputs (i.e. courses, 
professors, classrooms, time slots, curriculum, and etc.) are produced. A detail of construction of these matrices and initial 
population with mentioned features is presented in [17]. 

3.4 Fitness Function 

Fitness of a solution is dependent upon meeting the hard and soft constraints. Given that the initial population and the 
genetic operators are defined so that they satisfy all hard constraints of existing solutions in the population, fitness of a 
solution is related only to respect the soft constraints. Consequently, the fitness function is expresses exclusively based on 
respecting soft constraints. 

In addition, since soft constraints are vague and there are some if-then relationships between them, fuzzy logic is used to 
define fitness function. Thus, a membership function is defined for each of soft constraint separately. And the fitness 
function is defined as follows: 

Ffitness  Sol =   wiμi
4
i=1                                              (1) 

Which μi   and wi respectively are value of membership function and weight of soft constraints i  that described in section 

2. The values of membership functions are defined in the range [0, 1] and higher value indicates a better fitness. Details of 
definition of membership functions are explained in [17]. 

3.5  Selection 

In GAs, in order to produce a new generation using genetic operators, some chromosomes from the current generation 
are selected. In general, the higher fitness solution has the more selection chance. 

In proposed algorithm, tournament selection is used. In this method, some chromosomes are selected by roulette wheel 
and then, the best chromosome is selected. In each generation, two chromosomes are chosen by tournament selection 
(line 4 in figure 1).  

3.6 Crossover Operator 

Crossover operator is responsible for generating a new solution by using a pair of solutions.  Uniform crossover operator is 
used in proposed method (line 5 in figure 1). In uniform approach, genes of parental chromosomes are transferred to the 
new solution based on a stochastic scheme. For this purpose, a random binary string of size NC  (chromosome length) is 

generated. Zero (one) means the gene is selected from the first (second) parent. Due to the random nature of operator, it 
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is possible that some hard constraints in the new solution are violated. Thus, the new solution will be reviewed in 
compliance with hard constraints.  

3.7 Mutation Operator 

Mutation operator randomly selects a gene from the new solution and changes its value with probability of Pmut . Applying 

this operator is necessary in order to avoid the local optimum. in this study, the allocated time slot to each gene is altered 
randomly with probability Pmut  (line 6 in figure 1). However, to avoid violating the hard constraints, the proper time slot is 

chosen randomly and intelligently. 

3.8 Local Search 

In proposed algorithm, local search is based on iterative search algorithm (line 7 in figure 1). This algorithm operates 
based on a set of neighborhood structures. Neighborhood structures are used in this paper are as follows: 

𝐇𝟏: One professor is selected at random; then, time slots of two courses (in new solution) assigned to her/him are 

exchanged with each other. 

𝐇𝟐: One course is picked arbitrary from new solution; then professor of that is changed. Also, if it is necessary, classroom 

and time slot of it is altered. 

𝐇𝟑: A course from new solution is selected randomly. Then another course from new solution with same subject is chosen 

and characteristics of them interchanged. 

All of these neighborhood structures are applied so that the hard constraints are met. In each iteration, iterative search 
algorithm work as follows: 

- A list of size 𝐾 of mentioned neighborhood structures are produced randomly.  

- 𝐾 neighborhood structures are applied to the main solution (the solution from line 6 in figure 1) and produce 𝐾 new 

solutions. 

- Fitness of all new solution is calculated using equation (1) in sub-section 3-4. 

- Solution with the best fitness from 𝐾 new solution is selected. 

- If the best new solution is better than the main solution, then the best new solution is substituted with the main 
solution. 

- If the best new solution is not better than the main solution, to avoid trapping in local optimum, the best new 
solution with a very small probability is substituted with the main solution. 

4. EXPERIMENTAL RESULTS 

In this section, an empirical investigation has been offered, examining the effectiveness of proposed GA rather than 
conventional GA and local search algorithm. The input parameters used in our experiments were generated as follows: 

- Number of courses (𝑁𝐶) are selected from the range [20, 300]. 

- Duration of each course are defined randomly as a integer number in rang [1,3]. 

- Number of subject is 7, and subject of each course and expertise of each professor are determined randomly as an 
integer number in range [1, 7]. 

- Number of laboratory facilities is 4, and required facility for each course and available facility of each classroom are 
defined randomly as a subset of integer number in the range [1,4]. 

- Number of available classroom is generated according to a uniform distribution as an integer number from the 

range [ 
𝑁𝐶

40
 ∗ 2,  

𝑁𝐶

20
 ∗ 3]. 

- Number of professor is defined according to a uniform distribution as an integer number from the range [ 
𝑁𝐶

16
 ∗ 2,

 
𝑁𝐶

8
 ∗ 3]. 

- Attendance schedule of each professor is generated as a subset of 𝑇𝑆  of size 16. 

- Number of curriculums is described as a integer in range [ 
𝑁𝐶

12
 ,  

𝑁𝐶

20
 ]. 

The determined intervals for number of classrooms, professors and curriculums are in accordance with Iran education 
rules. 

Chosen values for parameters of algorithm are defined in table 1. These values are selected experimentally and using the 
previous experiences in solving the university course timetabling. 

 



ISSN 2277-3061 
 

3048 | P a g e                                                            D e c  1 0 ,  2 0 1 3  

Table 1. Setup of parameters of algorithms 

Value Parameter 

10 Number of neighborhood structure (𝐾) in local search 

100 Size of a population in proposed GA 

𝑁𝐶 Number of iteration of local search in proposed GA 

15000 Number of iteration of local search algorithm lonely 

600 Number of iteration proposed GA 

3000 Number of iteration conventional GA 

0.45 Probability of mutation operator (𝑃𝑚𝑢𝑡 ) 

2 Number of populations 

1 𝑤𝑖  for 𝑖 = 1, 2, 3, 4 
 

We investigated the performance of the following algorithms: 

Conventional genetic algorithm: This is the algorithm that addressed in figure 1 without applying local search algorithm 

(line 7). 

Local search: The local search that defined in subsection of 3-8, is used lonely. 

Proposed genetic algorithm: this is the contribution of this study that described in section 3 in details. 

Figure 3 shows the fitness of final solution with the different methods when number of courses, NC , varies from 20 to 300 

with step 20. For each NC  value, 100 input parameters are generated randomly as mentioned above, and average results 

are used. From the simulation results, we can see that, however conventional GA has a performance same as proposed 
GA, but, when number of courses increases, has the lowest ability to find optimum solution. Also, it can be observed that 
proposed GA has always higher fitness than local search algorithm. This is because of taking advantage of multidirectional 
search of GA and utilizing from the ability of local search algorithm to avoid being trapped in local optimum. 

 

Fig 3: Fitness evaluation of different algorithms when number of courses (𝐍𝐂) is varying. Algorithms are running 
according to defined parameters in table 1. 

To illustrate the time efficiency of proposed GA two experiments have been performed (figure 4 and 5). Figure 4 plots the 
elapsed time (in terms of second) in different algorithms to reach fitness of 2.7 when number of courses varies. Also, 
Figure 5 shows the obtained fitness from different methods after on hour. We observe from figure 4 and 5 that the 
proposed GA outperforms the other algorithms in terms of execution time. 
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Fig 4: Elapsed time (in terms of second) in different algorithms to reach fitness of 2.7 

Because of trapping in local optimum, conventional GA cannot reach the fitness 2.7, when the number of courses 
increases. Therefore, in figure 4 the plot related to GA has not been drawn from a point to the next. Also, figure 4and  5 
shows the speed of  proposed GA in improving the  fitness has a linear relation with the elapsed time, but local search and 
GA has a near log relation with passing the time. 

 

Fig 5: Obtained fitness from different methods after one hour 

5. CONCLUSIONS AND FUTURE WORK 

University course timetabling is a complicated and time consuming work, which should be performed one or more times in 
a year in each education environment. It has been proved that this problem is classified as NP-complete. So, focus of 
research is on heuristic approaches. In this paper we have introduced an algorithm for university course timetabling 
problem. The main based of the proposed algorithm is genetic algorithm and fuzzy logic is used to determine the fitness of 
feasible solution in terms of respecting soft constraints. In proposed GA, after the applying random operators (mutation 
and crossover) to create a new solution, iterative search with some certain neighbor structures are uses to guide the new 
solution to near optimum solution. Experimental results demonstrate the higher efficiency of proposed GA than 
conventional GA and iterative search. That is, a more acceptable solution in less time is found because of take advantage 
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of multidirectional search of GA, benefit from the ability to avoid being trapped in local optimum of local search algorithm, 
and using multi-population version. 

The proposed algorithm still has some aspects which can be investigated. In future work, the more soft constraints should 
be studied to get closer to the real-world needs and obtain more efficient solution. Furthermore, proper fuzzy fitness 
function should be defined for these new soft constraints. Also, the use of local search algorithm with higher exploitation 
power, especially adaptive approaches can be considered as future work. 
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