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Abstract 

Timetable generation is an extremely complicated problem of combinatorial optimization 

with numerous challenging limitations constraints. As a result, newly introduced requirements 

under the National Education Policy (NEP) 2020 for academic institutions (i.e., credit flexibility, 

multiple options for completion of courses across other disciplines and more dynamic schedules) 

has become complicated to generate a timetable. In this study, the research developed a newly 

adaptive GA (Genetic Algorithm) for the generation of a course schedule in a highly efficient and 

scalable machine-learning-based parameter modifications to implement NEP 2020 credit 

flexibility constraints and to modify both the probability of crossover and mutation dynamically 

based on the predicted velocity of the GA (Genetic Algorithm) to converge as indicated by a 

supervised learning-based model. The work developed the GA (Genetic Algorithm) to operate 

using Python for backend processes, React for user interface development and MySQL for data 

management. The experimental evaluation of a medium-sized dataset (3 departments, 96 courses, 

54 instructors, 24 classrooms and 40 weekly time slots) indicates that the method resulted in better 

training convergence and execution than traditional GA-based solutions. Therefore, the 

methodology has the potential for increased speed of convergence, fewer constraint violations and 

is suitable for today's higher education scheduling environments. 
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 Introduction 

Timetable creation at higher education institutions is a difficult and computationally 

demanding task that has been researched within the fields of combinatorial optimization. 

Timetable creation requires allocating courses, assigning instructors, providing rooms and times 

for those classes so that various institutional constraints are maximizing the resource use [1] [3]. 

Because there are many dependent and independent variables in this process, the number of ways 

to generate a timetable increases exponentially based on how many classes are offered every year 

to students, making the overall difficulty level of creating a timetable NP-hard. Previous methods 

of manual timetable generation have always been time-consuming, inefficient and not adaptable 

enough to respond to the continually evolving academic sector. As a result of this demand for 

automated and smart systems that can manage large volumes of data while also ensuring accuracy 

and consistency in scheduling, researchers are putting more emphasis on these systems [12] [4].  

The introduction of the National Education Policy (NEP) 2020 has fundamentally 

modified the structure of education in large institutions. NEP 2020 promotes more flexible 

learning models that incorporate credit-based courses, each aligned to a particular discipline, 

multiple entry/exit points and elective courses from various disciplines. Although these 

advancements will improve both the quality and accessibility of educational services at these 

institutions [5-8]. This will also include additional levels of complexity among other constraints 

involved in creating a timetable. Educational institutions are facing increasing numbers of 

scheduling constraints due to course overlap, course prerequisites and total credits earned by 

students. Thus, while constructing a schedule without conflicting with other classes, institutions 

must now accommodate the above constraints simultaneously. Advanced optimization techniques 

and methods will be needed to ensure that current scheduling conflicts are resolved and new 

regulatory constraints are addressed [2,16].  

This will include using computational methods such as Genetic Algorithms (GA) to 

produce optimal solutions in the wide area of schedule creation. The use of GA begins with 

encoding scheduling solutions and using evolutionary operations (selection, crossover, mutation) 

to evolve solutions over time. There are, several limitations associated with traditional forms of 

GA such as low convergence rates, premature convergence and sensitivity to GA parameters. A 
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major innovation of this research will be the ability to adaptively change GAs (i.e., GA parameter 

settings) dynamically throughout the execution of the GAs based on convergence behaviur to 

achieve more appropriate searching and avoid being trapped in local optima. Furthermore, this 

approach will feature modelling of NCAPPE 2020 (National Centre for Academic Publishing and 

Publishing Education) regulatory constraints. This ensures the Developed Schedule / Timetable is 

both optimally configured for the Educational Institution and compliant with current regulations. 

When integrating evolutionary optimization techniques with smart parameter adaptation 

techniques, the proposed method provides a scalable, effective and robust solution for automated 

schedule / timetable generation in multi-disciplinary teaching and learning situations. 

 Related Work 

Automated timetable generation has been widely studied as a combinatorial optimization 

problem and several computational techniques have been proposed over the past decades. Early 

approaches based on heuristic and rule-based methods [5], where scheduling decisions were made 

using predefined priority rules. Although computationally inexpensive, these techniques aren’t 

changeable and they struggle with having high volumes of connections between constraints in 

larger organizations. CSP-based models have been studied and utilized extensively [18], [19].  

CSP methods view scheduling as a collection of variables, domains and constraints. The 

use of backtracking and constraint propagation methods to generate solutions for scheduling. 

However, the performance of CSP methods decreases the number of variables and co-

dependencies increases (e.g., in multidisciplinary institutions, multiple schedulers access the same 

resources). Metaheuristic optimization methods have demonstrated that they outperform pure 

heuristic methods and typically require a greater degree of parameter tuning while also being less 

stable when there are changes in dynamic academic policies. For example, simulated annealing 

models have been developed to provide probabilistic means of leaving from local optima that have 

a greater development conflict, ant colony-based models use signal tracks to give guidance in 

making decisions about which regions of the search space to explore [12-15].  

Genetic Algorithms have become one of the most frequently utilized and effective 

approaches to generating timetables, since they have a population-based search advantage, thereby 

providing a more robust approach to solve multi-constraint optimization problems [1], [4], [10]. 

The Genetic Algorithm (GA) may be used as a general method of encoding a schedule as a 

chromosome (i.e., timetable) and subsequently evolve it over time by using the typical GA 
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operators like selection, crossover and mutation. In general, there have been many studies that 

compare the use of GA to other conventional methods of heuristics and constraint satisfaction 

problems (CSP) and all report better solution quality and lower conflict rates across both medium 

and large datasets when GA is used instead of another method of optimisation. Research has also 

indicated that hybrid models may further enhance the performance of GA [11]. For example, 

researchers have started to develop hybrid GAs that combine local search techniques, such as hill 

climbing or memetic algorithms to enhance the refinement of offspring solutions before replacing 

existing members of the original parent population. The use of hybrid GAs provides additional 

exploitation capabilities and refinements of solutions.  

However, most existing systems use fixed crossover and mutation rates that limit their 

ability to adapt based on how many constraints are present (i.e., cluster size and density of 

constraints) within various datasets. By applying fixed parameters, premature convergence or 

excessive exploratory behaviour can occur, resulting in inefficient optimisation of GA. Recent 

attempts by researchers have focused on how the use of machine learning methods can allow for 

the adaptive control of the parameters used in evolutionary algorithms [17]. Some researchers 

have researched to use reinforcement learning and regression to dynamically modify the 

parameters of Genetic Algorithms (GAs) through trends in convergence [8], [9]. These methods 

have not been widely adopted for the scheduling of educational learners and there are few studies 

that have been published in the application of GAs for the generation of timetables that consider 

the various policy-based structural constraints described by the National Education Policy (NEP) 

2020. These include credit flexibility, the selection of interdisciplinary courses and the use of a 

modular academic structure. 

Many researchers have focused their efforts on reducing the conflict and optimizing the 

resource allocation of scheduled learners while not focusing on compliance with government 

regulations or utilizing adaptive learning as a tool for optimizing education. As a result, applying 

the credit flexible constraints of NEP 2020 of an Adaptive Genetic Algorithm that uses machine 

learning as a basis for the generation of educational schedules will satisfy the complexities created 

by government regulation and allow for improvement of algorithmic performance and thus 

represent a significant gap in the existing work. 
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 Problem Formulation 

Assigning various academic activities to limited temporal and spatial resources is 

systematically achieved by creating timetables within educational institutions. In particular, 

timetabling will consist of mapping a specific course to an appropriate classroom and time slot 

while guaranteeing compatibility with the scheduled time and availability of faculty, institutional 

rule(s) regarding scheduling and academic policy requirements. The connection between courses, 

infrastructure that is shared between multiple courses and faculty workload, results in an 

increasing number of potential combinations of timetables as a function of an institution's size 

causing the timetable generation problem to be considered as a computationally complex NP-Hard 

problem [2]. A typical medium-scale academic dataset is used for validation of performance 

measures. For the purpose of this validation, the dataset includes three separate multidisciplinary 

academic departments, all operating from a credit-based academia structure. Across all disciplines, 

there are 96 courses that are provided by a total of 54 faculty members. The institution provides a 

total of 24 classrooms for infrastructure resources and each classroom has a different number of 

seats. There are a total of 40 discrete time slots for every week, spread evenly across each of five 

days, forming a total practice schedule for each department [14].  

Achieving a balance between usage (underutilized classrooms may have inadequate 

infrastructure; over-utilized may have excessive infrastructure). Successful schedules will not only 

optimize the hard constraints involved but will also create a schedule with the highest capacity 

score representing the overall fulfillment of soft constraints. There are also computational 

constraints that the university can hold to receive an executed schedule requiring this optimization 

problem to be solved as a multi-objective optimization problem with feasibility, allocation quality 

and execution time simultaneously 

 Proposed Methodology 

4.2 NEP 2020 Credit-Flexible Constraint Modelling 

Through the National Education Policy (NEP) 2020, a new model has been proposed to 

allow for modifications to course structures as a result of these changes. The new course selection 

procedures will allow for more interdepartmental flexibility of course scope and availability will 

provide additional options for students when selecting their courses. The inclusion of 

interdisciplinary courses provides options not only to students from multiple departments within 

a school. This provide students with the opportunity to select from skill-based learning will 
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enhance their educational experience. This new model will provide for better developed laboratory 

infrastructure for the instruction of skill-based courses and provide an opportunity to award credit 

hours according to governmental standards established by the Ministry of Education. 

As part of this module, a constraint validation component was added into the schedulers 

that will verify constraints for executing chromosome evaluations. The constraint validation 

component of the modified system will include an analysis that monitors the availability of 

unfulfilled elective course time slots, tracking the availability of cross-disciplinary electives to 

ensure they will suitable on time for students' schedules. The modified system will also monitor 

the timing of commonly paired electives to ensure that at least one-time slot is available to 

students. 

In addition to ensuring that all credits are allocated according to the NEP, each course must 

include the same number of lecture, tutorial and laboratory hours as defined by the academic 

structure. The scheduling engine checks to see if every course has maintained the same amount of 

total credit hours during a weekly period based on the approved structure (Figure 1). 

 

Figure 1. Flowchart for Proposed Methodology 

In addition, semester-wise credit accumulation should be evenly distributed and 

manageable so they can work well with a multi-entry exit system. The balance of the semester can 

be maintained by distributing credits evenly not to overload the students and keep them all with 

the same academic load. The integration of these validations into an optimizing loop ensures that 
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all timetables produced by the system are conflict free and comply with the state. The NEP aware 

modelling provides a different dimension of timetable generation than has been done in the past. 

4.2 Adaptive Genetic Algorithm with ML- Driven Parameter Tuning 

Algorithm 1. Adaptive Genetic Algorithm 

1. Initialize population /% 

2. Evaluate fitness f(x) for all chromosomes 

3. For each generation t=1 to G: 

a) Compute convergence indicators 

b) Adapt parameters p_c (t) and p_m (t) 

c) Perform selection 

d) Apply crossover and mutation 

e) Evaluate offspring 

f) Update population 

4. Return best solution 

Using an efficient search method such as a Genetic Algorithm (Algorithm 1), the timetable 

optimization algorithm searches a large combinatorial area of possible timetable combinations in 

a structured manner. Each possible timetable will be encoded as a chromosome with structured 

mappings of the courses to be taught, faculty to teach the courses, classrooms to conduct the 

courses and the time slots during which to conduct the courses. Each 'gene' on a chromosome 

corresponds to a valid scheduling unit and may therefore be efficiently evaluated or modified as 

part of the evolution operation. 

4.3 Chromosome Representation 

Each chromosome encodes: 

𝑥 = { course, faculty, room, timeslot }    (1) 

The initial population of potential solutions in this work was created using a controlled 

random creation method that conforms to the fundamental constraints of creating valid solutions 

within a given problem domain. This is done to increase the quality of the initial generations but 

still keeping the diversity of the population. In traditional GA implementations the crossover and 

mutation probabilities are determined before the initialization of GA and remain constant 
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throughout the rest of the evolutionary cycle. However, a fixed parameter setting may result in 

premature convergence of the population to the optimal solution or exhibit excessive randomness 

during the continuation phase of the GA process. When an instance has different densities of 

constraint and objective functions associated with it. The proposed system will incorporate a 

supervised machine learning algorithm for the adaptive tuning of parameters within the GA. 

The machine learning component of this work uses a number of features to monitor the 

optimization process and will be able to track the optimization process is performing based on 

how the optimization process behaves relative to the features (i.e. generation number, diversity of 

solutions or individuals in the population, variance of fitness values, and convergence rate). 

Population diversity is measured by the structural diversity of the population in addition to the 

variance of the fitness values calculated for the solutions to the problem generated at that 

generation. These two metrics represent the degree to which exploration and exploitation of the 

search space is being balanced by the GA. 

The machine learning component of this system will be based on a relatively simple 

regression-based learning algorithm that has been trained using historical data collected from 

multiple previous execution of the GA using different parameter settings [8], [9]. The learning 

process will develop the connections that exist between the various optimization states, the 

corresponding effective crossover and mutation parameters for that particular optimization state. 

The learning algorithm will n make use of the trained model to estimate the appropriate parameter 

settings for each subsequent generation of the current execution of the GA. When diversity 

decreases significantly, mutation probability is increased to promote exploration. When 

convergence stabilizes, crossover probability is modified to enhance refinement of high-quality 

solutions. 

The fitness function combines hard and soft constraints: 

𝑓(𝑥) = −𝛼𝐻(𝑥) + 𝛽𝑆(𝑥)    (2) 

where: 

 𝐻(𝑥) = hard constraint violations 

 𝑆(𝑥) = soft constraint satisfaction 

 𝛼 ≫ 𝛽 
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4.4 Adaptive Parameter Tuning 

A. Population Diversity 

𝐷𝑡 =
1

𝑁
∑  𝑁
𝑖=1 dist(𝑥𝑖, 𝑥‾)     (3) 

B. Fitness Variance 

𝜎𝑡
2 =

1

𝑁
∑  𝑁
𝑖=1 (𝑓(𝑥𝑖) − 𝑓‾)

2
    (4) 

C. Convergence Rate 

𝑟𝑡 =
|𝑓hest(𝑙)−𝑓hest(𝑙−1)|

𝑓hest(𝑙−1)
     (5) 

D. Adaptive Crossover Probability 

𝑝𝑐(𝑡) = 𝑝𝑐
min + (𝑝𝑐

max − 𝑝𝑐
min) ⋅

𝜎𝑡
2

𝜎𝑡
2+𝑘1

   (6) 

E. Adaptive Mutation Probability 

𝑝𝑚(𝑡) = 𝑝𝑚
min + (𝑝𝑚

max − 𝑝𝑚
min) ⋅ (1 −

𝐷𝑡

𝐷max
)   (7) 

F. ML-Based Parameter Prediction 

(𝑝𝑐(𝑡), 𝑝𝑚(𝑡)) = 𝑔0(𝐷𝑡, 𝜎𝑡
2, 𝑟𝑡)    (8) 

where 𝑔0 is a trained regression model. 

The method of evaluating score combines costs associated with hard constraints with 

scores (weighted) associated with soft constraints. Specifically, violations of hard constraints 

experience large costs so that only feasible solutions are rated higher than all other solutions. In 

addition, soft constraints will be rated according to their importance in providing an improved 

quality schedule. This approach is designed to balance secure compliance to regulatory 

requirements while not sacrificing the quality of the scheduled solution. Also, the inclusion of 

adaptive parameter tuning helps the algorithm converge, minimizes the risk of local optimum and 

increases the overall efficiency. Therefore, the genetic algorithm (GA) proposed within this 

research will converge rapidly than traditional GAs that utilize fixed parameters and produce more 

reliable solutions. 
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 Implementation Details 

The proposed approach for generating timetable automatically has been developed using a 

modular, three-tiered architecture which separates the various components of optimization (i.e., 

optimizing, managing data, and interacting with users). The three-tiered architecture provides the 

scalability, maintainability and efficiency needed to operate effectively in institutional settings. 

The primary optimization engine is implemented within Python as it has been shown to have 

significant support for both scientific computing and machine learning libraries. The Genetic 

Algorithm framework which includes modules for the initialization of population, selection of 

individuals for reproduction, the crossover and mutation of offspring individuals and the 

evaluation of fitness (i.e., a measure of how well an individual satisfies predefined constraints) 

has been implemented in part on the Python backend [15].  

The adaptive parameter tuning capability based on machine learning has been embedded 

into the same environment as the other components, to facilitate simple interaction between the 

evolutionary operations that are occurring within the optimization engine and the predictive 

modifications to parameters that are being generated by machine learning techniques. The adaptive 

parameter tuning capability has also been implemented using a lightweight regression analysis 

type of model which minimizes computational overhead while avoiding excessive use of memory 

during run-time. All of the academic-related data needed to construct timetables (e.g., courses, 

instructors, classrooms, credits, constraints, and so forth) are stored within a MySQL relational 

database. The DBMS schema has been designed to represent the connections between the various 

elements associated with departments, courses, instructor assignments and physical resources in a 

normalized format. Constraint parameters (e.g., the number of credits required for each course to 

graduate, the availability of instructors, room capacity, etc.) are dynamically retrieved from the 

relational database by the optimization engine at run-time.  

The ability of data to be accessed dynamically allows for real-time updates to the timetable 

generation process at an institution without the need for any changes to the algorithms that are 

used to generate those timetables. A front-end resource that is written in React creates an 

interactive and responsive method for administrators to enter academic data and set up restrictions 

on the schedules that create timetable, and. The back-end is supported by RESTful APIs to 

separate the front-end from the back-end providing secure and efficient data transfer between both 

parts of the system. The back-end will include an optimization engine that will communicate with 

a MySQL database to execute command structures and retrieve data from the database's 
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scheduling data tables to complete the optimization cycle for the newly created timetables. Upon 

completing the timetabling process, the newly created timetables will be stored in the MySQL 

database and be available for future reporting, creating additional timetables and recording the 

effectiveness of each newly developed timetable used in this system during multiple iterations 

(Figure.2). 

 

Figure 2. Workflow of the Smart Timetable Scheduling System 

Figure 2 illustrating the process from user input through backend processing, genetic 

algorithm optimization with adaptive parameter tuning and final timetable generation and display. 

Flexibility at all levels for future growth is developed into the system. Each department can define 

its own course types, create professor assignments with its preferred methods including its own 

credit structure while sharing one common system resource. Additionally, because of its modular 

design, the system can accommodate an increase in data over time without requiring substantial 

modifications to the system architecture. With the addition of an Adaptive Genetic Algorithm 

(GA) framework to the scheduling software solution, the system should be able to continue to 

perform at a high level, that many new and more complex constraints are created. The result of 

this approach is an integrated scheduling solution for medium-sized (>10K FTE students) colleges 

and universities that is optimized, compliant with all regulatory agencies has incorporated smart 

optimization throughout the scheduling process. 
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 Results 

This proposed system developed a timetable generation application based on an Adaptive 

Genetic Algorithm (AGA). This application used the following technical aspects like Python 

programming language for the optimization engine, MySQL database for constraint and academic 

data storage and React for the user interface. A medium-sized dataset was used to evaluate the 

performance of the application (approximately 150 courses, 45 faculty members, 28 classrooms, 

and multiple academic years that comply with NEP 2020 credit flexibility). Once completed, the 

final generated timetables were made available through an administrative web portal. 

 

Figure 3. Admin Dashboard 

According to the Admin Dashboard shown in figure 3, the administrator's dashboard is the 

central point for administrating all aspects of academics. It contains the newly created timetable(s) 

for multiple years, the real-time status of room requests and faculty-requested class schedule 

changes. The multiple number of active schedules for each year 1-4 shows that the optimization 

engine has been able to develop and keep the scheduling of multiple semesters at the same time 

(in real-time). The room request module provides real-time validation of room conflicts identified 

using constraint-handling methods to manage them properly. it provides better real-time validation 

of conflicts identified using constraint-handling methods for room requests. The faculty requests 

have considered other soft constraints (such as preferences for when they would like to teach) or 

changes to their own personal schedules when developing. It was not violated due to hard 

constraints, demonstrating the value of using soft and hard constraint recognition to satisfy both 

needs. 
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Figure 4. Faculty Dashboard 

The Faculty Dashboard screen (Figure 4) shows the user's personalized daily teaching 

schedule. This shows the current day with all class locations and room allocations, along with the 

entire teaching week’s workload (30 hours/week). This confirms that the generated schedule meets 

the workload balancing criteria for the user. The constraints option allows faculty to submit 

requests for revisions, confirming that the system is dynamically flexible. The real-time display 

of the faculty schedule confirms that properly displays the connection between the solutions 

generated by GA and the front-end visualization layer. 

 

Figure 5. Timetable Generation Interface 

Figure 5 (Timetable Generation Interface) represents a timetable divided over all four years 

of the academic program, for each of the semesters program. All of the semesters will have a total 

of 30 slots to confirm to the standardized model of time slots used in the optimization framework. 
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The “Generate Semester” capability provides for validation of whether or not the back-end engine 

will be able to re-generate a new schedule on-demand. The ability to view and delete the schedule 

of an individual semester validates that the architecture supports modular regeneration as 

compared to re-computing possible schedules for the system. 

Performance evaluations were performed based upon the following metrics: 

 Better fitness score 

 Average fitness over all generations 

 Execution time 

 Failure rate due to constraint violations 

The adaptive GA achieved stable convergence of solutions based upon data sets taken from 

medium scale experiments of 80-120 generations. The average timetable generation time was 

obtained from running on a standard set of hardware, Intel i5 with 8Gb of RAM produced a 

generation time of about 12-18 seconds. The final set of solutions contained no hard constraint 

violations which satisfies the soft constraints was better than generated fixed parameter GA 

implementations. 

Table 1. Performance Comparison 

Metric Traditional GA Adaptive GA (Proposed) 

Best Fitness Score 0.82 0.94 

Average Fitness 0.75 0.91 

Execution Time (seconds) 22.5 14.2 

Generations to Converge 180 95 

Hard Constraint Violations 2–5 0 

Soft Constraint Satisfaction 0.78 0.92 

In Table 1, a comparison is made between results produced by using the standard Genetic 

Algorithm and Adaptive Genetic Algorithm were executed using identical parameters and the 

outcomes of the Adaptive Genetic Algorithm performed better than the standard Genetic 

Algorithm for all of these measures. Adaptive Genetic Algorithms also produce better schedules 

with fewer hard constraints than traditional Genetic Algorithms. 
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Table 2. Convergence Analysis 

Generation 

Range Best Fitness 

Average 

Fitness 

1 – 20 0.45 0.32 

21 – 40 0.68 0.55 

41 – 60 0.82 0.71 

61 – 80 0.91 0.85 

81 – 100 0.94 0.91 

The data in this Table 2 show that the algorithm consistently converged to provide 

improved fitness values across the generations. In the evolution process of the execution, the 

performance of the algorithm stabilized at an optimum level within 80–100 generations. 

Table 3. Constraint Satisfaction 

Constraint Type 

Before 

Optimization 

After 

Optimization 

Faculty Conflict 12 0 

Room Conflict 9 0 

Credit Violations 6 0 

Core Subject 

Overlap 5 0 

Soft Constraint 

Violations 18 4 

This table 3 shows the optimization process worked to fix violations of constraints. All 

hard constraint violations are removed once the optimization has been applied, while the number 

of soft constraint violations has been significantly reduced, which shows a better quality and 

feasibility of the timetable. 

Through the conduct of experiments, the evidence suggests that using ML for parameter 

adjustments has an overall positive effect on performance when solving complex scheduling 

problems. In addition, utilizing an ML-based approach makes genetic algorithms (GA) more 

robust by providing a mechanism for dynamically re-balancing exploration and exploitation 

during high-dimensional search space optimization, such as timetabling. 

The probabilities of crossover and mutation that are fixed in traditional approaches to GAs 

are not ensure to yield the better solution for every stage of evolution. When the evolutionary 

process states that a considerable quantity of diversity must be present to investigate all possible 
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solutions. In addition, the adaptive model dynamically modifies the crossover/mutation 

probabilities based on the characteristics of the convergence of solutions being produced, thus 

avoiding sudden inactivation and continually improving upon the quality of the solutions being 

generated. 

The explicit modelling of NEP 2020 flexible credit constraints as an in addition to 

enhancing the algorithm increases the practical value of the approach. Because the size of the 

dataset develops, the adaptive parameter tuning mechanism will adjust the evolutionary behavior 

of the GA and allow for expanding the viability of the model to meet the needs of larger 

educational institutions, while making the structural change to minimum. These two findings 

confirm the hybrid GA-ML approach to be theoretically valid and effectively validated for use in 

real-world applications in higher education. 

 Conclusion  

This study proposed a genetic algorithm with adaptive mutation and crossover rates 

implemented through machine learning for tuning parameters to follow the national educational 

policy's (NEP) requirement for an automated timetable. The proposed approach resolves two of 

the largest challenges to modern academic scheduling: The complications involved with 

scheduling due to regulatory requirements, specifically increasing resistance to credit hour 

changes since multi-disciplinary courses are being created, the limitations and inadequacies 

associated with the development of static parameter evolutionary algorithms for academic 

scheduling.  Additionally, the proposed system for all course types (core, elective, 

interdisciplinary and skills-based) with a structured model that follows to NEP 2020 requirements. 

As new data is provided, the adaptive genetic algorithm will also modify its crossover and 

mutation rates based on the degree of convergence, making the system more efficient in optimizing 

and providing a solution for the user. Experimental tests conducted using medium size databases 

demonstrated that the proposed system produced a more optimized solution with fewer constraint 

violations than traditional genetic algorithms and significantly decreased execution time. The 

findings of the tests indicate that adaptive parameter controls enable the stability of evolutionary 

searches while maintaining compliance with regulations. The system developed can also be used 

by institutions of higher education as they implement more flexible educational policies. Future 

research will continue to enhance this framework of optimization through the addition of 

institutional metrics, the ability to regenerate timetables in real-time based on factors that may 
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affect a timetable's achievement and the integration of predictive enrolment analytics to improve 

their ability to create a schedule. 
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