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ABSTRACT -

As a type of evolutionary optimization techniques, genetic algorithms have the advantage of being probabilistic and not requiring any auxiliary knowledge as
compared to traditional search strategies like enumerative, random, and calculus-based approaches. This work describes a university timetable scheduling system
based on genetic algorithms that satisfies restrictions to prevent conflicts with faculty, class times, etc. In contrast to the stagnant solution setup associated with
the roulette selection scheme, the study makes use of the rank-based selection strategy to guarantee that the time table schedule generated is the feasible global
optima. The suggested technique makes use of an application-specific encoding structure, rank-based time-table schedule selection, and single point crossover to
investigate novel and more appropriate schedules. The proposed guided mutation operator helps in convergence as a result of the increased constraint satisfaction
rates and hence better fitness values.
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I. INTRODUCTION :

The process of assigning, arranging, or distributing certain items in a time or space pattern while adhering to particular restrictions is known as
scheduling [1]. Such an arrangement can have the goal of allocating resources as efficiently as possible to minimize time or expense. Alternatively, as
all possible solutions in some scheduling problems have identical costs and are optimal, the goal of a scheduling problem may simply be to find a
feasible solution based on the constraints. This is true for the timetabling issue that this work addresses.

Genetic algorithms form part of a larger category of algorithms called Evolutionary Algorithms (EA), which apply techniques inspired by natural
evolution- such as mutation, selection, and crossover, and use them to generate solutions to optimization problems. Workers, cars, machines, and other
items can all be objects in a scheduling problem. The rules that control the scheduling process are called constraints (e.g., time limits, resource
availability). Some constraints are unbreakable for the task at hand, while others take the shape of principles that ought to be followed but aren't always
necessary. Darwinian evolutionary theory serves as the foundation for a Genetic technique (GA), a parallel search technique [2]. It is employed to
explore a broad solution space that might be nonlinear or discontinuous, as well as situations where expert knowledge is hard to come by or difficult to
encode.

Fittest: by giving fitter chromosomes many copies in the ensuing generations and giving unfit chromosomes none or very few copies. As a result, the
gene pool is generally more fitter. When two randomly selected partners engage in crossover, their genetic material is exchanged, leading to the
production of one or more offspring that may differ genetically from their parents. Mutation is the process by which allele values randomly vary within
a chromosome to produce genetic variation. Since the Time Table Scheduling Problem is NP-hard, it is particularly challenging to solve using standard
techniques [3].

There are various uses for timetable difficulties, including transportation, educational institutions, and hospital nurse rosters. This essay examines a
schedule for education, with a focus on universities. The primary task involved in this type of scheduling problem is assigning each lecture to a specific
room during a designated time slot for a specific student group (i.e., students in the same department and year), while taking into account all time
constraints, faculty availability, and other auxiliary resources. When it comes to a university timetable scheduling challenge, the following restrictions
would not be broken:

Il. RELATED WORK

The process of assigning, arranging, or distributing certain items in a time or space pattern while adhering to particular restrictions is known as
scheduling [1]. Such an arrangement can have the goal of allocating resources as efficiently as possible to minimize time or expense. Alternatively, as
all possible solutions in some scheduling problems have identical costs and are optimal, the goal of a scheduling problem may simply be to find a
feasible solution based on the constraints. This is true for the timetabling issue that this work addresses. Since Timetable scheduling 978-1-4244-5967-
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4/10/$26.00 ©2010 IEEE is an important problem that has been dealt with in the past, a large number of diverse methods have already been proposed in
the literature for solving such problems, as well as several variations of the same.

The process of assigning, arranging, or distributing certain items in a time or space pattern while adhering to particular restrictions is known as
scheduling [1]. Such an arrangement can have the goal of allocating resources as efficiently as possible to minimize time or expense. Alternatively, as
all possible solutions in some scheduling problems have identical costs and are optimal, the goal of a scheduling problem may simply be to find a
feasible solution based on the constraints. This is true for the timetabling issue that this work addresses.

111. SIMULATION RESULTS

After running the simulations, it was discovered that a number of factors, such as the number of subjects each student group is considering and the
number of hours each subject is taught each week, significantly influence how quickly the algorithm converges. As a result, four distinct cases—each
with a variable number of subjects and/or contact hours per week for each subject—were used to evaluate the algorithm. For each of the four scenarios
under discussion, the graphs in Figures 2-5 show how the suggested approach and the traditional mutation operator-based technique compare. In all
graphs, the x-axis is a logarithmic (base 10) scale.

We simulate the algorithm over ten thousand generations. It is deduced from the simulation results and graphs that, for the first few generations, the
fitness values for the algorithm using conventional mutation and the method utilizing guided mutation are not significantly different. In fact,
chromosomes with somewhat superior fitness values may even be produced by the method employing traditional mutation. But eventually, new
generations with constant fitness values similar to the preceding generation start to emerge from the process employing classical mutation. Fitness gains
become rare when genetic variety diminishes. When the method uses directed mutation, though, this does not happen. Every generation's fitnevalues

V1. CONCLUSIONS

We simulate the algorithm over ten thousand generations. It is deduced from the simulation results and graphs that, for the first few generations, the
fitness values for the algorithm using conventional mutation and the method utilizing guided mutation are not significantly different. In fact,
chromosomes with somewhat superior fitness values may even be produced by the method employing traditional mutation. But eventually, new
generations with constant fitness values similar to the preceding generation start to emerge from the process employing classical mutation. Fitness gains
become rare when genetic variety diminishes. When the method uses directed mutation, though, this does not happen. Every generation's fitness values
are constantly changing, and this genetic variation that
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