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Abstract: University course timetabling is a challenging task 

today due to the mushrooming of a variety of courses with 

flexible timings in different streams and disciplines in global 

universities. The challenge is to devise non-overlapping class 

schedules for students enrolled in different courses with the 

available and limited resources of teachers and classrooms. The 

task of automated timetable generation is a constrained 

optimization problem. In any optimization problem, the hard 

constraints are those that need to be mandatorily satisfied. The 

soft constraints are the penalties that are sought to be minimized 

in every iteration of the optimization algorithm.  In this paper, we 

propose a novel set of soft constraints for university course 

timetabling that in addition to the conventional constraints, 

incorporates teacher’s preferences and student time 

management as well. The latter constraint takes the form of 

minimizing student mobility between classrooms and restricting 

time gaps between classes to ensure that student’s time 

on-campus is fully utilized. The evolutionary algorithms- Genetic 

Algorithm (GA), Particle Swarm Optimization (PSO), and 

Simulated Annealing (SA) are used for optimizing the course 

schedules. The timetables so generated, based on actual 

university data, are found to be more humanely optimized than 

the previous work of the authors due to the incorporation of 

human factor consideration both from the perspective of teachers 

and students. 

 
Keywords: University Course Timetabling, Particle swarm 
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I. Introduction 

University course timetabling is a challenging task today due to 

the mushrooming of a variety of courses with flexible timings 

in various streams and disciplines in global universities. The 

challenge is to devise non-overlapping class schedules for 

students enrolled in different courses with the available and 

limited resources of teachers and classrooms [1]. The task of 

automated timetable generation is a constrained optimization 

problem. The range of optimization algorithms vary from 

mathematical to evolutionary to heuristic [2]. Genetic 

Algorithm (GA) is a highly efficient evolutionary algorithm 

that follows the principle of the evolution of the fittest 

chromosome [23]. Its application to the timetable scheduling 

problem can be observed in [3,4]. Highly optimized schedules 

are generated by the heuristic Simulated Annealing (SA) 

algorithm, reportedly in minimal time, as per research in [5-8]. 

The different types of schedules generated by SA in [5-8] range 

from university course timetables, exam timetables, staff job 

schedules etc. SA and GA are the most investigated 

optimization algorithms for scheduling [16, 22] and 

combinations of GA and SA with local search have also been 

explored for timetabling problems [17, 21, 19]. Most of the 

algorithms differ in the initialization routines or variant of SA 

and GA used. Several variants of GA are found in literature 

[12]. Particle Swarm Optimization (PSO) which is another 

population-based evolutionary algorithm has been explored in 

[18, 20] for timetable scheduling. The penalty or cost function 

was, in fact, found lower for PSO as compared to GA in [20].  

A timetable template satisfying the constraints is initialized in 

[9] before application of GA to optimize the timetable. In cases 

where students opt for elective courses, association rule 

mining is applied for mining student’s preferences [10, 22]. In 

this paper, we extend our recent work on automatic timetable 

generation in [22] by formulating novel additional soft 

constraint functions that generate human-friendly optimized 

schedules both from the perspective of students and teachers. 

GA, SA and PSO optimization algorithms are investigated for 

the task. The organization of the paper is as follows: The 

different optimization algorithms used for our experiments are 

reviewed in Section II, the hard and soft constraints and the 

additional soft constraints proposed in this paper as well as the 

overall methodology are detailed in Section III, the results are 

discussed in Section IV and the overall conclusions are drawn 

in Section V. 

II. Optimization algorithms 

This section reviews three of the most popular optimization 

algorithms used for scheduling problems especially university 
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course timetabling, namely, Genetic Algorithm (GA), Particle 

Swarm Optimization (PSO), and Simulated Annealing (SA) 

algorithm. GA and PSO are evolutionary approaches that 

evolve globally optimal solutions over time based on the 

concept of the ‘survival of the fittest’. SA is based on local 

search heuristics, and like GA and PSO, aims to find globally 

optimal solutions to the course timetabling problem. 

 

A. Optimization by SA 

The concept of Simulated Annealing (SA) [24] is borrowed 

from metallurgy. The metal prone to defects is heated to a high 

temperature and then cooled under controlled conditions. The 

resulting metal has lesser defects as compared to the initial 

condition and hence a lower energy. Optimization problems 

especially in scheduling are solved quite efficiently by SA in 

minimal execution time [5-8]. High temperature emulates 

Random Walk i.e. new possibilities are randomly explored at 

high temperatures akin to the mutation step in Genetic 

Algorithm. As the temperature cools with each iteration, the 

solution converges as the randomness factor reduces. The 

method is described in more detail below.  

The initial temperature is set to a pre-defined high value. In 

every iteration, a random neighboring node is selected for each 

current node for possible replacement. The difference of 

energy levels is computed as 

 

                         ( ) ( )E E new E current                         (1) 

 

where ( )E new = Energy level for new node 

       ( )E current =Energy level for current node 

 

if  0 E  then we make the move with a probability=1. 

if  0 E  then we still allow that move but with a lower 

probability given by 

                                       

E

TP e




                                      (2) 

   

Here, P represents the probability with which the new node is 

selected and T represents the temperature. The temperature is 

updated in every iteration as 

  
                              

1i iT T                                        (3) 

 

where,   is the cooling rate pre-defined in the algorithm. 

 

B. Optimization by GA 

Genetic Algorithm (GA) is a highly efficient evolutionary 

algorithm that follows the principle of the evolution of the 

fittest chromosome [23]. It is a popular optimization tool in 

pattern recognition experiments to optimize values of 

unknown parameters while learning [15].  It involves the steps 

of initialization of chromosomes, computing the fitness 

function, selection, crossover and mutation. These steps are 

described briefly below. The steps are iterated over all the 

generations, with the maximum number of generations being 

fixed at the beginning of the algorithm. The steps in a single 

generation of the Genetic Algorithm are: 

 

i. Initialization: 

The initial population of chromosomes are randomly initialized 

at the beginning of the algorithm. Chromosomes indicate single 

solutions to the problem and are represented as binary strings.

  

ii. Computing the Fitness function: 

The fitness or the cost function is that which is optimized in 

every iteration. Higher the fitness value, the more fit is the 

chromosome (for a maximization problem).  

iii. Selection 

This stage emulates the principle of the survival of the fittest. 

The fittest chromosomes indicated by high values of fitness 

function are retained and replicated while the ones with lower 

values of the fitness function are eliminated.  

iv. Crossover  

In Crossover, new chromosomes are created by mixing the 

genes of the existing chromosomes.   

v. Mutation 

Mutation of some genes in the chromosomes induce 

randomness in the population. This step is the reason why GA 

is claimed to converge to global optima. 

 

C. Optimization by PSO 

Particle Swarm Optimization (PSO) proposed by Eberhart and 

Kennedy [25] is an evolutionary algorithm based on swarm 

theory. It has been extensively used for optimizing values of 

unknown parameters in pattern recognition experiments [26]. 

It does not have the crossover, mutation steps of GA. 

However, the randomness induced in the position of the 

particles in the swarm that indicate single solutions, help to 

converge to global optima. The particle position and velocity 

are iterated over time to stable values. The steps of PSO 

algorithm are briefly described below. 

i.  Initialization: 

Each particle in the swarm has a position vector and a velocity 

vector that are randomly initialized at the beginning of the 

algorithm. Each particle position indicates a possible solution. 

ii.  Finding pBest and gBest: 

In each iteration, the local or personal best position (pBest) of 

each particle is updated and the global best position (gBest) 

amongst all particles is also updated. The velocity vector in (4) 

is first updated and the position vector is then updated as per 

(5). The position and velocity update equations are given 

below in Eq (4) and (5) respectively. 

 

                 
[ ] [ 1]

1* ()*( [ 1])

2* ()*( [ 1])

velocity i velocity i

c rand pBest position i

c rand gBest position i

 

  

  

           (4)                                                                                                                                  

                  [ ] [ 1] [ ]position i position i velocity i           (5)                         

                                                                                      

Here c1 and c2 are constants and the randomness function 

rand() in (4) introduces a certain randomness in the solutions 

formed. 

III. Proposed Methodology for Constrained 

Timetable Schedule Optimization 

Our previous work in [22] focusses on scheduling open 

elective courses by association rule mining for student’s 

preferences [13, 14]. In this work, we schedule core subjects, 

labs and electives (obtained after the association rule mining in 

[22]) for the same enrolled students as in [22] with real 
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University data, available at the university website [11], using a 

novel set of constraints.  

 

 

A. Proposed hard, soft, and additional soft constraints 

A collection of hard and soft constraints is integrated from 

different research works (sources are cited) and additional soft 

constraints are added to make the timetable more human 

centric as shown below in boxed entries.  

 

Hard Constraints (proposed method): 

Hard constraints cannot be violated (as per the rules of the 

Delhi Technological University [11]). Hard constraints are as 

follows: 

i. Electives are arranged to be taught between certain time 

slots: 08:00 am - 10:00 am 

ii. Core Courses are taught between time slots: 10:00 am - 

4:00 pm  

iii. All students of B.Tech 6th semester from Information 

Technology department should enroll for the theory and 

practical courses (Core + Labs + Both Electives) 

 

Soft Constraints (proposed method): 

A 10-point penalty is assigned if soft constraints are violated. 

The soft constraints are as follows: 

i. Classroom capacity should be greater than the size of the 

class. [2] 

ii. No room should be assigned to a course or teacher if its 

already assigned to another course or teacher for that 

particular time slot.[2] 

iii. Every teacher can teach only one class in a particular time 

slot. [4] 

iv. Every course should have a professor to teach it. 

v. Classrooms and lab for separate courses should not 

overlap with each other. [3] 

vi. No student is assigned more than one class at a time. [2] 

 

Additional Soft Constraints (proposed method): 

A set of additional constraints are added in this paper to 

incorporate teacher timing preferences and restrict student 

mobility between classes and avoid time gaps between classes. 

These are a part of soft constraints only and a 10-point penalty 

is assigned if they are violated. These additional constraints 

are: 

i.   The students of a class are allotted one room in which they 

will have all the classes. This is done to avoid the time 

consumed for students while traveling between 

classrooms. 

ii.  There should not be empty slots in between classes in a day 

for the students. 

iii.   The teacher’s preference to teach in a particular time slot is 

considered. 

 

 

The soft constraints include teacher’s preferences of timings of 

lectures that were compiled on an individual basis, and also the 

consideration for student time management in between classes 

to reduce the mobility of students in between classrooms and 

to avoid free time gaps between classes. The novel set of 

constraints- hard constraints (to be mandatorily satisfied) and 

soft constraints (to be minimized to the best extent possible) 

are outlined in the text box. For each soft constraint, we have 

stated, where appropriate, the reference works that have used 

these constraints before. We have also included three 

additional soft constraints that consider the human factors of 

teacher preferences and student time management as a separate 

box entitled ‘Additional soft constraints’. Timetable scheduling 

is done for 6th semester undergraduate B.Tech (Information 

Technology) students (strength of 100 in numbers) of Delhi 

Technological University. The data for students enrolled for 

various courses is available at [11]. Students of sixth semester 

are divided into two batches or sections of 6-A and 6-B. The 

number of classrooms is limited to two- Room numbers: 

TW2GF2 and TW1TF3, as opposed to three classrooms in our 

previous work in [22]. The Professors involved are the current 

staff of Department of Information Technology, Delhi 

Technological University (names withheld on request).  

There are 5 theory courses (Elective + Core subjects) and two 

laboratory courses (or labs). The two Electives were derived 

by association rule mining of student’s subject preferences as 

per our recent work in [22]. 

a. Electives (Selected by students) 

i. Cyber Forensics (CFCC)  

ii. Machine Learning (ML) 

b. Core Courses: 

i. Compiler Design (CD) 

ii. Software engineering (SE) 

iii. Artificial Intelligence (AI) 

c. Laboratory:  

i. Compiler Design (CD) Lab 

ii. Artificial Intelligence (AI) Lab 

 

B. Step wise procedure for automated timetable generation 

using GA 

• Fitness function = number of penalties (to be minimized) 

• Maximum number of generations=1000 

 

Initial Parameters: 

• Mutation Rate = 0.01 

• Population size = 100 

• Crossover Rate= 0.9 

 

Procedure: Applying GA to create optimized timetable 

1. Initialize a timetable with given number of professors, 

time slots, classes and electives 

2. Define population size, mutation rate, crossover rate 

3. For each chromosome, calculate number of penalties as 

per constraints not satisfied 

4. Calculate fitness of the chromosomes using fitness 

function=number of penalties 

5.  Conduct Selection, Crossover and Mutation for the 

current population of chromosomes 

6. Repeat steps 3, 4, 5 for all generations 

7. Analyze the performance with respect to following 

factors: 

a. No of penalties vs generations.  

b. Time taken for execution of each generation 

with respect to generation number 

8. Compare these factors with that of SA and PSO 

 

C. Step wise procedure for automated timetable generation 

using SA  

• Fitness function = number of penalties 
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• Maximum number of iterations=1000 

 

 

Initial Parameters: 

• Initial Temperature = 1000 

• Cooling Rate = 0.05 

 

 

Procedure: Applying SA to create optimized timetable 

1. Initialize the timetable with the number of professors, 

time slots, classes and subjects. 

2. Initialize temperature T to be very high (T=1000). 

3. Initialize the cooling_rate. 

4. Repeat while (T > 1) 

a. Define current node C and randomly select a 

neighbor N. 

b. Evaluate ΔE = fitness(N)- fitness(C). 

        fitness(N)= number of penalties calculated for soft 

constraint violation in new node 

        fitness(C)= number of penalties calculated for soft 

constraint violation in current node 

a. If fitness(N) < fitness(C) i.e. ΔE≤0, choose the 

neighbor N with a probability = 1. 

b. If fitness(N) > fitness(C) i.e. ΔE >0, choose the 

neighbor N with a probability P=-ΔE/T. 

[Fitness Function (or cost function) = -ΔE/T] 

c. T =T * cooling_rate; cooling_rate ϵ [0,1] 

d. Stop when T < 1 

5. Analyze the performance with respect to following 

factors: 

a. No of penalties vs iterations.  

b. Time taken for execution of each iteration 

with respect to iteration number 

6. Compare these factors with that of GA and PSO 

 

D. Step wise procedure for automated timetable generation 

using PSO  

• Fitness function = number of penalties 

• Maximum number of iterations=1000 

 

Initial Parameters: 

Maximum velocity = 100 

Learning factors c1=2, c2=2 

 

Procedure: Applying PSO to create optimized timetable 

1. Initialize solutions (particle positions in the swarm) 

2. Repeat till maximum iterations reached 

a. Calculate fitness value of each particle. 

b. Fitness value= number of penalties 

c. If Current fitness value <pBest , do  

                pBest = current fitness value  

d. else  

                retain previous pBest 

e. Assign best particle’s pBest to gBest 

      (gBest= best {pBest}) 

f. Calculate velocity of each particle using (4) 

g. Update Eq (5) using values from Eq (4) 

3. Analyze the performance with respect to following 

factors: 

a.     No of penalties vs iterations.  

b. Time taken for execution of each iteration 

with respect to iteration number 

4. Compare these factors with that of GA and SA 

IV. Results and discussions 

The experiments were conducted in JAVA eclipse and Python 

3.7 software on a 1.6 GHz PC. As stated before, the student 

data is available at the university website at [11]. The 

timetables are generated by GA, SA and PSO algorithms by 

ensuring that no hard constraints are violated and the soft 

constraints are minimized to the maximum extent. 

 

 

A. Performance Analysis: 

Performance of GA: 

The graph in Fig. 1 shows that the number of penalties 

decrease with the increase in generations in GA. Initially there 

is a huge decrease in penalties and then it becomes almost 

constant. The optimized fitness function is when the penalties = 

40 at 1000 iterations. 

 

    
 

Figure 1. The number of penalties minimized over 

generation/iteration number (upto 1000) for GA, SA, PSO 

 

Performance of SA: 

The graph in Fig. 1 shows that the number of penalties 

decrease rapidly with the increase in generations in SA. The 

optimized solution is obtained for iterations close to 900 where 

number of penalties=0 and an optimized timetable is obtained. 

 

Performance of PSO: 

The graph in Fig. 1 shows that the number of penalties 

decrease with the increase in generations in PSO. The 

convergence speed is lesser than SA but more than GA. The 

optimized fitness function is when the penalties =20 at around 

900 iterations when an optimized timetable is obtained. 

 

B. Time taken for execution of each generation/iteration  

The three algorithms are also compared with respect to their 

execution time (in ms) for every generation/iteration. 

 

Performance of GA: 

Here we study the execution time of each generation with 

respect to the generation number which is plotted in Fig. 2 for 

GA. We can observe that for GA, the execution time for 

consecutive generations decreases consistently with increase in 
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the number of generations. Initial execution time for GA =50 

ms. 

 

Performance of PSO: 

Next we study the execution time of each iteration with respect 

to the iteration number in Fig. 3 for PSO. We can observe that 

for PSO, the execution time for consecutive iterations 

decreases (though inconsistently) with increase in the number 

of iterations. We can also observe that execution time for PSO 

is less than GA and SA and decreases slowly as compared to 

GA, SA. 

 
Figure 2. The variation of execution time (ms) over 

generation/iteration number for GA 

 
Figure 3. The variation of execution time (ms) over 

generation/iteration number for PSO 

 

Performance of SA: 

Fig. 4 shows the execution time of each iteration with respect 

to the iteration number for SA. We can observe that for SA, the 

execution time for consecutive iterations decreases with 

increase in the number of iterations with last few iterations 

taking up negligible time. SA has maximum execution time for 

the initial iterations than either GA and PSO i.e. 250 ms. 

However, it reduces steeply to less than 50 ms in less than 100 

iterations.        

 

Figure 4. The variation of execution time (ms) over 

generation/iteration number for SA. 

 

Thus, in summary, SA converges much faster in fewer 

iterations as compared to PSO and GA as observed from Fig. 1. 

GA takes more time to converge as compared to the other two 

algorithms. A comparison of the timing graphs in Figs. 2-4 

indicates that initially, PSO followed by GA has lower 

execution time. However, overall SA has faster execution as 

observed from the tail end of the graph in Fig. 4. We compare 

the above graphs with our results in [22] that are shown in 

Table I for reference. Here also, GA is found to take up more 

iteration time than SA. The performance analysis for timetable 

optimization thus establishes the computational efficiency of 

SA involving local search heuristics. This indicates potential 

future research directions and would form the basis for 

incorporating some local search strategies, as in SA, within 

evolutionary algorithms like GA and PSO for quicker 

convergence. 

          
C. Timetables generated using GA, PSO and SA 

An instance of teacher preference input is shown in Fig. 5. Out 

of all the professors, two professors of the university gave their 

choice of slots as in Fig. 5, while the other professors indicated 

that they were comfortable with all slots. The timetables 

generated by our method are shown in Tables II and III for 

GA, Tables IV and V for SA, and Tables VI and VII for PSO, 

for the two sections 6-A and 6-B. An observation from the 

timetables is that SA gives a more uniformly distributed 

schedule than GA and PSO. It satisfies the constraints to a 

maximum extent such that there are no free gaps in between. 

PSO, however, creates more free time gaps for students than 

SA as observed from Tables VI and VII.  

We also show for comparison purpose the timetables 

generated by our previous work in [22]. The timetables 

generated in [22] are shown for reference in Tables VIII, IX, X 

for GA, and Tables XI, XII, XIII for SA. Only the open 

elective courses were scheduled in [22] as seen. The entire 

core, lab, elective courses are scheduled. As observed from 

Tables VIII to XIII, the timetables generated for the elective 

courses, for the same students as in [22], did not incorporate 

teacher’s preferences of slots, and the two classes A batch and 

B batch were allotted classrooms randomly causing the 

students to move constantly from one class to the other. In the 

present set of timetables in Tables II to VII, due to the 

additional soft constraints introduced, the two professors who 

requested their respective slots (Fig. 5) had their requests 

granted. There are not much of free gaps between classes and 

the student’s time is utilized to a great extent. The movement 

of students from one classroom to the other was also 

minimized. The A batch was concentrated in classroom no. 

TW1TF3 while the B batch classes were found scheduled in 

TW2GF2. We achieved this through the additional soft 

constraints that are not mandatory, yet their satisfaction in our 

case proved to be crucial to achieve high efficiency.  
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Table I.  Performance analysis for SA and GA for timetables generated in [22]

 

 

Figure 5. The Graphical User Interface (GUI) for accepting teacher preference against Teacher ID 

 

 

Table II.  Timetable generated by GA for the students of batch 6-A  

 

Table III.  Timetable generated by GA for the students of batch 6-B
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Table IV.  Timetable generated by SA for the students of batch 6-A  

 

 

Table V.  Timetable generated by SA for the students of batch 6-B 

 

 
Table VI.  Timetable generated by PSO for the students of batch 6-A  

 

Table VII.  Timetable generated by PSO for the students of batch 6-B 

 

 

 

        

 

 

 
 

 

 

Table VIII.  Timetable generated by GA for the elective subject CFCC in [22] for classroom TW2GF2 

                                                            

                                                                 

Table IX.  Timetable generated by GA for the elective subject CFCC in [22] for classroom TW1TF3 
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Table X.  Timetable generated by GA for the elective subject ML in [22] for classroom TW3TF3 

                                                                      

                                                                  

Table XI.  Timetable generated by SA for the elective subject CFCC in [22] for classroom TW2GF2 

 

                                                    

Table XII.  Timetable generated by SA for the elective subject CFCC in [22] for classroom TW1TF3 

 

 

                         Table XIII.  Timetable generated by SA for the elective subject ML in [22] for classroom TW3TF3 

We propose to further explore more complex teacher and 

student preferences for testing the efficiency of our constraint 

model. This forms the future scope of our work.  

V. Conclusions 

In this paper, we have investigated genetic algorithm, 

simulated annealing and particle swarm optimization 

algorithms for the task of automatically creating an entire 

timetable (electives + core courses + laboratory sessions) for 

two separate batches of undergraduate students in a 

recognized university. We have proposed a novel set of hard 

constraints and soft constraints suited to the task that 

incorporate teacher’s preferences for slots, and minimizes 

student movement between classes and the gaps between 

classes. The three optimization algorithms are compared on the 

basis of execution time of each generation/iteration with 

respect to generation/iteration number which decreases most in 

Simulated Annealing. We also compared the algorithms on the 

basis of number of penalties vs generations/iterations. With 

respect to the minimized penalties, the algorithms can be 

ranked as SA < PSO < GA. Simulated annealing minimizes 

penalties to the greatest extent and obtains an optimal solution 

in the least number of iterations. 
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