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The automated course scheduling problem is a classical NP-complete problem characterized by complex, multi-dimensional
constraints arising from real-world teaching scenarios. (NP problems are those for which a proposed solution can be verified
quickly (in polynomial time), but for which no efficient (polynomial-time) algorithm to find a solution is currently known.)
Traditional enumeration and backtracking algorithms are often inefficient when faced with high constraint densities and complex
scheduling requirements such as parallel courses, biweekly alternations, and fixed or consecutive time slots. Unlike many previous
scheduling systems that overlooked such special requirements, this work uniquely incorporates support for biweekly alternating
courses and parallel courses directly into chromosome adaptation and fitness evaluation, while maintaining extensibility to
accommodate emerging scheduling needs. To address these challenges, this paper proposes an improved genetic algorithm (GA)
tailored for course scheduling in administrative class-based systems. The algorithm incorporates sequence-based chromosome
encoding, a constraint-weighted fitness function, rank-based roulette selection, partially matched crossover (PMX), and an adaptive
mutation strategy. Special handling is designed for parallel courses, fixed-time, blocked-time, and consecutive-period courses
to ensure solution validity. The system is implemented on a Django-based backend with modular architecture, enabling data
configuration, algorithm execution, and result visualization. Experimental validation on real-world high school dataspecifically a
12th-grade cohort including 16 teachers, 18 courses, and 3 classes demonstrates the system’s capability to generate conflict-free
schedules efficiently, achieving complete convergence rapidly within a small number of generations. Compared to traditional GAs,
the enhanced design significantly improves convergence speed and conflict resolution accuracy, particularly in highly constrained
datasets. Results indicate that the proposed GA exhibits strong stability, scalability, and practical applicability, offering a robust
solution for complex educational scheduling tasks.

Key Terms: Course scheduling, genetic algorithm, timetable optimization, constraint satisfaction, administrative classes, educa-
tional scheduling systems.

Introduction ple classes in the same time period; but also needs to consider
the practical operability of the timetable, for example, it needs to
address whether the special scheduling requirements mentioned

above can be reasonably solved, whether a teacher has to teach

Research Background

The automated course scheduling problem is essentially a typ-

ical NP-complete problem, with the scheduling process con-
strained by various factors such as classes, time slots, teach-
ers, classrooms, and so on. Particularly, when considering
the specific teaching plans of schools, there are many special
scheduling requirements, such as parallel courses that are held
at the same time period but attended by different groups of
students, biweekly alternating courses, fixed-schedule or non-
fixed-schedule courses and others. These requirements cause
the complexity of the scheduling problem to grow exponentially.
Mathematically, the course scheduling problem is a combinato-
rial planning problem under multi-dimensional constraints, with
teaching plans and various special requirements as the limiting
factors. Its essence is to resolve conflicts between various factors.
A perfect timetable does not only mean resolving all conflicts,
such as hard conflicts where a teacher is assigned to teach multi-

multiple courses consecutively in one day, or whether the same
course is overly concentrated within a narrow time window, all
of which are refered to as soft conflicts.

Traditional manual scheduling often requires weeks of time,
while automated scheduling can leverage the high-performance
computing power of computers to provide optimized and faster
solutions. Traditional scheduling algorithms typically use enu-
meration or backtracking methods. However, they often struggle
to deliver acceptable computational efficiency, making them in-
adequate for real-world applications. Enumeration algorithms
require traversing all possible combinations of courses (n), time
slots (t), classrooms (r), and teachers (m), which leads to a
complexity of O(n!-#" - r" -m"); Backtracking algorithms, while
capable of pruning optimization, still often involve a significant
amount of ineffective search. For instance, each recursive step
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tries trm possible choices, with a depth of n courses, resulting
in a complexity of 0((t T m)") Both algorithms have expo-
nential complexity, which can easily lead to long computation
times and combinatorial explosion.
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Fig. 1 Algorithm Complexity Growth Diagram

To provide a clearer comparison of algorithmic growth trends,
Figure 1 illustrates the relative complexity of enumeration, back-
tracking, and genetic algorithms as problem size increases. It
should be emphasized that this figure is intended for qualitative
analysis rather than precise quantitative measurement. The vi-
sualization highlights that both enumeration and backtracking
methods grow exponentially, quickly becoming computationally
infeasible, whereas genetic algorithms, despite initial overhead,
exhibit slower growth and maintain better scalability for larger
problem sizes.

Heuristic search algorithms are particularly suitable for solv-
ing problems with complex solution spaces, such as course
scheduling, nurse rostering, and workshop resource allocation.
By introducing heuristic information (e.g., domain-specific ex-
perience or prior knowledge), these algorithms guide the search
process and thus can find approximate solutions close to the
global optimum within limited time and hardware resources.
Representative algorithms of this class include the Greedy Algo-
rithm, Simulated Annealing, Tabu Search, Particle Swarm Opti-
mization, Ant Colony Optimization, and Genetic Algorithms.

Greedy Algorithm. At each step, the system chooses the
currently optimal course arrangement, thereby gradually ap-
proaching the global optimum. Papers'' and“ apply the Greedy
Algorithm to match students, teachers, and classrooms based
on their availability, ensuring that most courses are reasonably
scheduled. Paper? introduces 120 heuristic rules, adopting dif-
ferent course and classroom ordering strategies. However, select-
ing the best heuristic rule still depends on the specific problem.
Essentially, the Greedy Algorithm is based on choosing locally
optimal solutions. Although it is simple to implement and runs
quickly?, in complex solution spaces it may lead the algorithm
to fall into local optima and cannot completely avoid manual

intervention.

Simulated Annealing (SA). This algorithm simulates the an-
nealing process in physics, where the key lies in gradually lower-
ing the system temperature to search for the optimal solution. It
is suitable for large-scale problems, with a relatively high prob-
ability of escaping local optima and converging to the global
optimum®, However, it is sensitive to parameters such as the
initial temperature and cooling rate, which need to be reason-
ably tuned during the algorithm process>. Moreover, due to its
probabilistic nature, simulated annealing may not handle soft
constraints (such as teacher preferences or classroom utiliza-
tion) effectively, requiring further optimization of the fitness
function.

Tabu Search. As a heuristic algorithm based on local search, it
continuously explores the neighborhood of the current solution
to seek the optimum. Its core idea is to maintain a Tabu List that
records previously visited solutions or executed operations, thus
preventing the search from revisiting already explored solutions
and avoiding entrapment in local optima”®. The performance of
Tabu Search largely depends on parameter settings such as the
size of the Tabu List, tabu tenure, neighborhood definition, and
stopping criteria. Although Paper? uses adaptive mechanisms
for parameter tuning, further improvements are still needed to
reduce dependence on specific parameter settings.

Particle Swarm Optimization (PSO) and Ant Colony Opti-
mization (ACO). Both algorithms are inspired by the behavior
of biological systems in nature. PSO simulates the foraging
behavior of bird flocks, where each bird is regarded as a par-
ticle. Particles share information, and each particle adjusts its
position and velocity based on individual and group experi-
ences. Papers'? and! validate PSO using real datasets from
middle schools and universities, achieving strong performance,
though its effectiveness may decline under more complex and
fine-grained constraints. Paper? applies PSO to schedule the-
sis defenses, generating feasible timetables within a reasonable
time, but its suitability for more complex scheduling scenar-
ios remains uncertain. ACO, on the other hand, simulates ants
food-foraging process, where each ant chooses paths based
on pheromone concentrations left by previous ants, while also
depositing pheromones to influence subsequent ants choices. Pa-
per’? applies ACO to university lab scheduling, while Paper4
and!> apply it to exam scheduling. These works achieved good
results and were put into practice, but it is still unclear whether
the method is effective in other more complex scheduling sce-
narios.

Genetic Algorithm (GA) is a heuristic optimization algorithm
that simulates the natural selection mechanism in biological
evolution. It is particularly suitable for solving NP-complete
combinatorial optimization problems like course scheduling.
Compared to traditional enumeration or backtracking algorithms,
it has the following significant advantages in scheduling: it per-
forms directed searches in high-dimensional solution spaces,
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utilizes fitness functions to handle various constraints, and, and
obtains the optimal solution within a limited timeframe by eval-
uating either the fitness threshold or the number of evolutionary
iterations. However, traditional genetic algorithms, when deal-
ing with real-world scenarios that have high constraint densities,
face two major challenges: they tend to converge slowly and are
prone to being trapped in local optima, while also being difficult
to meet special teaching requirements, such as teachers prefer-
ences and special teaching requirements'®1Z, Therefore, this
paper proposes an improved genetic algorithm to better adapt
to complex scheduling requirements in complicated scenarios.
This algorithm is suitable for scheduling courses based on ad-
ministrative classes, but not for individualized or elective-based
models (e.g., modular or flexible grouping). Hence, classroom
resources are not considered a constraint in this scheduling sys-
tem, as classrooms for most administrative classes are fixed.

Definition of Terms

The following are explanations for some special scheduling
constraints in the teaching scenario:

(1) Parallel Courses: Different students within the same class
take different courses during the same time slot.

@)

Biweek alternating Courses: For the same class and time
slot, two courses alternate between odd and even weeks.

Fixed/Blocked Time Slot Courses: Courses need to be
scheduled during a specified time slot, or they cannot be
scheduled during a specified time slot.

3

“

Consecutive Period Courses: According to the teaching
plan, certain courses need to be scheduled consecutively.
For example, Course A is taught 6 times a week, but re-
quires two consecutive periods, which will be completed
in three sessions.

Methods

Algorithm Workflow
ey
@)

Obtain course configuration data;

Based on the course configuration, randomly generate mul-
tiple timetable chromosomes to form the initial population;

Evaluate the fitness of each timetable chromosome by cal-
culating the weighted sum of conflicts;

3

“

Use a rank-based roulette wheel selection to select high-
quality chromosomes;

&)

Perform crossover and mutation operations on the selected
high-quality chromosomes;

(6) Repeat steps 35 until the fitness meets the required thresh-
old or the maximum number of generations is reached.

Chromosome Encoding

In genetic algorithms, chromosome encoding determines the
feasibility and convergence speed of the algorithm. Common
encoding methods include sequence encoding, binary encod-
ing, and real-number encoding. Considering that scheduling
resources (such as courses, teachers, classes, etc.) are limited
discrete values and mutually exclusive with an inherent order,
this system adopts sequence encoding for the chromosome to
ensure the legality of the timetable.

It is worth noting that in the first step of the algorithmob-
taining the course configurationthe mapping between teachers,
classes and courses is manually specified. This means that
teacher teaches which course to which class is predetermined
based on the school’s teaching plan. The same teacher can teach
different classes or different courses, and the same course in
different classes can be taught by different teachers.

In chromosome encoding, each possible timetable is repre-
sented as a chromosome, where each gene corresponds to a
course instance. It should be noted that a “course instance” here
refers to a specific course uniquely determined by the combina-
tion of a class and a teacher. For example, Teacher A teaching
Course C to Class 1 and Teacher B teaching Course C to Class
2 are different genes in the chromosome, even though they both
teach Course C, because the teacher and class differ. If a course
instance has n periods in a week, then this course instance will
appear n times in the chromosome. Therefore, a gene can be
represented by the expression:

it

where i,j,k, represent j-th time period on the i-th school day of
the week for class k; m represents the m-th course in the course
set; and n represents the n-th occurrence of course m for class k
in that week.

The chromosome is a one-dimensional array, with each gene
arranged in the order of “day - period - class”. Suppose that
the school days are Monday to Fridayi € I(1 —5), with seven
periods per day (j € J(1 —7)), and three classes for one grade
(kK(1-3)), courses m are randomly selected from the course set
and filled into the array following the order (i,j,k). Meanwhile, n
keeps track of how many times course m has been scheduled for
class k during the week. This results in a chromosome similar
to:

11 21 31 42 32
(Cl,l,lv"'acl,lﬁa it Ci73: G s

where C 11 11‘1 represents Class 1 is assgined the first occurrence
of Course 1 in the first period on Monday, and C‘I‘% 3 Tepresents
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Class 3 is assigned the second occurrence of Course 4 in the
seventh period on Monday, the same structure applies to the rest
of the timetable.

The total length of the chromosome is given by the product of
the number of school days (I), the number of class periods per
day (J), and the number of classes (K), that is, I x J x K. This
reflects the total number of time slots that need to be assigned
across all classes within a week.

When generating the timetable chromosome, in order to speed
up convergence, avoid unnecessary conflicts, and improve the
quality of feasible solutions, constraints must be applied when
inserting genes into the chromosome based on special teach-
ing requirements. The strategies that can be considered are as
follows:

1) For Parallel courses, considering that different students in
the same class are attending two or more courses at the
same time, these courses actually occupy only a single gene
position in the chromosome. Therefore, they are recorded
as a gene combination, like:

1

which indicates that the first occurrence of Course 1 and
Course 2 for Class 1 are scheduled in the first period on
Monday. Biweek alternating courses can also be repre-
sented as a gene combination that occupies only a single
gene position. Regardless of whether it is the odd or even
week, the same position in the chromosome must be as-
signed a course that is conflict-free with respect to other
scheduled courses. In practice, these types of courses are
stored in a sequence data structure, where multiple courses
are treated as a single element. During fitness evaluation,
the algorithm iterates each course through the array to com-
pute conflicts and penalties accordingly.

2) For Fixed/Blocked time slot courses, these courses can be
sequentially arranged into specified time slots based on
settings, or they can be avoided and inserted into other
available time slots in the chromosome.

3) For consecutive period courses, they can be assigned to
adjacent gene positions based on the number of consecutive
sessions specified in the course configuration. However,
care must be taken to avoid situations where consecutive
courses cannot be scheduled due to the time slots being too
late in the morning or afternoon.

4) To ensure the feasibility of the timetable, course instances
inserted into the chromosome need to be randomly selected
with a uniform probability to achieve a balanced distribu-
tion. However, perfect balance is not necessary, as the

fitness function incorporates a penalty for uneven course
distribution, allowing the evolutionary process to iteratively
refine the timetable toward a more optimal configuration.

Fitness Calculation

In genetic algorithms, fitness and the evolutionary process have
a “two-way driving” relationship. The fitness function guides
the evolution direction of the genetic algorithm, while the evo-
lutionary process continuously optimizes the fitness function
through population evolution and iteration. The fitness func-
tion in this algorithm aims to evaluate the degree to which each
chromosome (i.e., timetable) satisfies the constraint conditions.
The fitness function is calculated as the cumulative penalty for
constraint violations, considering both the frequency and the
severity of violations. The fitness function is as follows:

n n
R, = ZReqk: ZW"XT}‘
k=0 k=0

Where,

* R; represents the fitness of the i-th chromosome;

* Regqy represents the fitness of the k-th constraint;

* n represents the total number of constraints to be checked;

» W, represents the penalty weight for the k-th constraint;

* T represents the number of times the k-th conflict occurs.
The constraints are divided into two levels:

 Primary constraints (also called hard constraints) are the es-
sential ones that must be satisfied. If any primary constraint
is violated, the chromosome (timetable) is considered in-
valid.

» Secondary constraints (also called soft constraints) are ap-
plied after the primary constraints are satisfied, aiming to
adjust the timetable to make it more practically feasible.
The weight for primary constraints is typically larger than
that for secondary constraints.

The penalty weights are deliberately set with different magni-
tudes to distinguish between hard and soft constraints. Higher
weights (typically between 812, such as 10 for Constraint 1) are
assigned to hard constraints that must be satisfied, ensuring they
are prioritized during early convergence. Lower weights (rang-
ing from 0.11, such as 0.1 for Constraint 4) are used for soft
constraints, which allows the algorithm to fine-tune solutions in
later iterations without overwhelming the search process. This
scale differentiation accelerates convergence by strongly penal-
izing infeasible schedules first, and then gradually optimizing
toward more balanced and practical timetables.
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Based on the teaching requirements, this system defines five
constraints, each with its definition and penalty calculation
method as follows:

Constraint 1: Teacher Schedule Conflicts
A teacher cannot teach different classes at the same time period.
This constraint also applies to parallel courses and biweek al-
ternating courses. The penalty weight for each conflict is 10.
Constraint 2: Teachers with Special Time Slot Requirements
Teachers with specific time slot requirements cannot be sched-
uled on certain school days or during specified time slots. The
penalty weight for each conflict is 1. Constraint 3: Maximum
Period Number of a Course per Day for a Class
A class cannot have more than three periods of the same course
on the same day, unless the user explicitly configures the course
to require consecutive periods exceeding three, in which case no
penalty is applied. The penalty weight for each conflict is 0.3.
Constraint 4: Teacher’s Consecutive Periods on the Same Day
A teacher cannot teach too many consecutive peroids on the
same day, e.g., no more than four consecutive periods, even if
they are different courses . The penalty weight for each conflict
is 0.1. Constraint 5: Course Distribution Balance for Each
Class
The courses for each class should be evenly distributed through-
out the week. The balance coefficient for each course instance
is calculated using the following formula:

(MaxDay — ActualDay)

B, =
g (MaxDay — 1)

Where

* By, represents the balance coefficient for the k-th course
instance.

* MaxDay represents the number of days required for the
most balanced distribution. If the number of periods for
the course instance exceeds the number of school days
in the week, MaxDay equals the number of school days;
otherwise, it equals the number of periods. ActualDay
represents the actual number of school days occupied by
the course instance in the chromosome.

* The value 1 in the denominator represents the number
of days occupied under the most unbalanced distribution,
where the course instances are all scheduled on the same
day.

* W is the weight coefficient, set to 0.1.

Example: Suppose a course has 3 periods per week and
the school week has 5 days. In the most balanced case,
the 3 periods should be spread across 3 separate days, so
MaxDay=3. If in a given schedule these 3 periods are only
arranged across 2 days, then ActualDay =2. Substituting
into the formula gives:

3-2)

) (3_1)><0 0.05

This reflects a partial imbalance, since the course is not
fully spread across the available days.

The sum of the balance coefficients for all course instances
is:

M
Reqs = SumB = Z By
k=1

Where M is the total number of course instances. From
the fitness function perspective, the smaller the fitness value,
the fewer the conflicts or the lighter their severity. Primary
constraints must be fully satisfied (e.g., Constraints 1 and 2);
otherwise, the chromosome will be considered a poor gene and
will gradually be eliminated. Soft conflicts should be minimized
as much as possible. If the fitness is less than or equal to the
specified minimum fitness, the chromosome is considered a
high-quality gene, potentially even the optimal solution.

Population Iteration

In genetic algorithms, common population models include the
Steady-State Model and the Generational Model'®. The Gen-
erational Model refers to replacing the entire parent population
with offspring during each generation. This approach may result
in the loss of high-fitness chromosomes from the parent genera-
tion, or in the offspring having worse fitness than their parents,
leading to oscillations during the evolutionary process.

In this system, the Steady-State Model is adopted for popula-
tion iteration. Specifically, a new generation of offspring with
the same population size as the parent generation is generated.
Then, all individuals (both parents and offspring) are sorted
based on their fitness. To maintain a fixed population size, the
top-performing chromosomes are retained to form the new pop-
ulation, while the bottom half of the lower-quality chromosomes
are eliminated. In the course scheduling context, retaining high-
quality individuals is particularly important because feasible
timetables that satisfy hard constraints (e.g., avoiding teacher
or classroom conflicts) may be rare, and once such solutions
appear, losing them could significantly delay or even prevent
convergence to a valid schedule. This ensures a continuous
optimization trend for the entire population and avoids falling
into local optima.

Crossover Operation

The crossover of chromosomes ensures that the genetic algo-

rithm can continuously generate new offspring individuals.
First, it is essential to select suitable parent chromosomes to

produce offspring. Common selection methods include roulette
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wheel selection, rank-based roulette selection, elitist selection,
and tournament selection!®. Since the fitness differences be-
tween chromosomes can be significant, traditional roulette wheel
selection tends to overemphasize a few individuals with the best
fitness, which can reduce population diversity and ultimately
affect the quality of evolution. To address this, the system adopts
the rank-based roulette selection strategy:

Chromosomes are first ranked based on their fitness values,
and then selection probabilities are assigned proportionally
based on their ranks, which enhances both the stability and
diversity of the selection process.

Since course chromosomes use sequential encoding,
crossover operations must ensure that the resulting chromo-
somes do not lose or duplicate any genes. This requires relatively
complex calculations. The system adopts the Partially Matched
Crossover (PMX) approach?. PMX is particularly suitable
here because it is designed for sequence-based representations,
ensuring that the sequential structure of timetable chromosomes
is preserved while maintaining gene validity. PMX works by
randomly selecting two crossover points to define a crossover
region. A mapping relationship is then established within this
region between the chromosomes of each parent to correct for
any repeated genes and ensure gene validity. The detailed pro-
cess is illustrated in Figure 2: As shown in Figure 2, Step 1

Chromosome A=AJC|DEG|HFB
Stepl

Chromosome B=EBD|CAF|GH]

Chromosome A'=AJ]| |CAF|HEB
Step2

Chromosome B =EBD|DEG|GH]

Chromosome A" =EJD|CAF|HGB
Step3

Chromosome B" =ABC|DEG|FH]

Fig. 2 PMX Example Diagram

selects two crossover points and swaps the corresponding seg-
ments; Step 2 establishes the mapping relationship and corrects
duplicate genes; Step 3 produces the final valid offspring chro-
mosomes. This ensures that each gene appears exactly once
while maintaining the sequential structure of the chromosome.
Special handling is required for special types of courses during
crossover:

* Fixed time-slot courses retain their fixed positions during
crossover and do not participate in crossover operations to
maintain chromosome validity.

* Blocked time slot course must be carefully checked after

crossover to ensure their assigned positions do not fall
within any forbidden time slots.

» Consecutive period courses must be treated as a whole dur-
ing crossover to maintain continuity and prevent scheduling
across non-consecutive time slots.

Mutation Operation

In this system, the mutation probability is determined by an
adaptive probability based on individual fitness2!. The specific
fitness-based function is as follows:

(Pmax — Pmin) % (fi = foest)
(favg - fbest) ’

Prnin+ fi<favg

P, =

Prax, otherwise

Where:
* P, is the mutation probability of the current gene;
e Pyin is the minimum mutation probability, set to 0.1;
* Pjax is the maximum mutation probability, set to 0.5;
e f;is the fitness of the i-th chromosome;
* f,vg is the average fitness of the population;
* fpest is the best fitness in the population.

This formula indicates that for low-quality individuals (i.e., those
with fitness worse than the population average), the mutation
should be carried out with the maximum probability to enhance
exploration ability and avoid falling into local optima. For
high-quality individuals (i.e., those with fitness better than the
population average), the mutation probability should be reduced
to preserve advantageous genes.

The value P, = 0.1 and P4, = 0.5 are set empirically. A
maximum of 0.5 provides sufficient exploration without exces-
sively disrupting chromosome structures, while a minimum of
0.1 maintains a baseline of randomness to prevent premature
convergence.

The mutation operation is performed by randomly selecting
two courses within a chromosome marked for mutation and
swapping their positions. To ensure the validity of the result
chromosome, special handling is applied for special courses.
During mutation, courses scheduled in fixed time slots are ex-
cluded their positions remain unchanged throughout the evolu-
tion and do not participate in the swap operation. Blocked time
slot courses must not be swapped into these restricted periods.
Consecutive period courses should be treated as indivisible units
during mutation to prevent their continuity from being disrupted.
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System Architecture

The backend of this system is developed using the Django frame-
work, and its overall architecture is composed of four functional
applications (Apps), each responsible for a different subsystem
task:

Presets (Preset Processing App): Responsible for parsing
scheduling data imported by users (such as teacher informa-
tion, course information, etc.), performing legality checks, and
converting the data into structured formats.

Projects (Project Management App): Enables users to cre-
ate and manage scheduling projects, including managing basic
project information (such as classes, grades, etc.), maintaining
project status, and performing project edits.

Scheduler (Scheduling Execution App): Handles the invoca-
tion of the scheduling algorithm and manages each scheduling
task and its results.

Users (User Management App): Provides user registration,
login, and permission management functionalities, supporting
concurrent access by multiple users.

The system uses a modular design to achieve logical sep-
aration and functional independence, which facilitates future
maintenance and scalability. Additionally, Django’s built-in
ORM (Object-Relational Mapping) mechanism is employed to
manage data models, eliminating the need to manually write
SQL statements and reducing redundancy. The data models of
each functional module are defined using Python classes and au-
tomatically mapped to relational database tables via ORM. This
results in tight integration between business logic and database
operations. In practice, the use of ORM allows the project
to manage data models through object structure editing, thus
saving development time.

| l l

ProjectApp \Pp
Dependency

UserApp P
Dependency

Invocation Invocation Invocation

Dependency

Invocation

User Api Preset Api Project Api Schedular Api

Fig. 3 Backend System Architecture Diagram

Figure 3 illustrates the invocation relationships among the
application modules of the system. The arrows in the diagram
represent the dependency and invocation relationships between
modules. For example, the ProjectApp depends on user data
from the UserApp and preset information from the PresetApp
to complete user binding and preset loading when creating a
scheduling project. Similarly, the SchedulerApp calls data from
the ProjectApp to execute specific scheduling tasks.

The system’s operational workflow follows a three-tier logic
structure of “Data Configuration Algorithm Execution Result
Visualization” (as shown in Figure 4).

Set information through web server

3. Assign
courses to the C:ﬁ:;i;ﬁ" .
class <
2. Verify login 3. Data verification
— —

1. Setup
course
infomation

2. Setup
associated
courses

1. Login, 4. Save schedule
LLoam, bl
AcademicAfaIs | | \yepgerver || Create Schedule RunAlgorithm || Database
Officer Project
— «— — —
8. Display schedule 7. Parsing data 6. Send timetable 5. Stop scheduler

Fig. 4 System Business Flow Diagram

In the data configuration phase, academic staff complete
multi-step setups across several pages, including course-to-class
associations, class allocations, and the marking of unavailable
time slots for teachers. After validation by the Presets module,
the data is passed to the Scheduler module, which invokes the
improved genetic algorithm to generate a conflict-free timetable.
The final results are then distributed based on user role per-
missions for example, students can only view their own class
schedule, and teachers can only view their own teaching assign-
ments.

The system defines four user roles to meet the operational
needs and permission levels of different user types:

1. Super Administrator: Holds the highest level of system
privileges, responsible for overall platform management,
including system-level operations such as the creation and
modification of academic staff accounts.

2. Academic Staff (Schedulers): Have full control over
scheduling functions. They can create and edit timeta-
bles, run scheduling tasks, and publish results. They are
also responsible for creating and managing teacher and
student accounts.

3. Teachers: Have restricted access and can only view sched-
ule information related to their own courses.

4. Students: Can view their own class timetables to check
their personal course arrangements.

The hierarchical permission structure significantly enhances sys-
tem maintainability and scalability, especially as the number of
users or the complexity of scheduling grows. Super administra-
tors focus only on top-level configurations and global academic
account management, rather than being burdened with man-
aging every user directly. Instead, lower-level administrators
and academic staff are empowered to handle routine scheduling
tasks, user account operations, and day-to-day adjustments. By
restricting teachers and students to only the information and
functions relevant to them, the design avoids permission clutter,
preserves clarity, and maintains both operational efficiency and
a positive user experience.
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Result and discussion

This system selects a 12th-grade cohort from the Senior High
School Division of a typical urban high school as the test case.
The selected division includes 16 teachers, 18 different courses,
and 3 classes.

Experimental Results

Figure 5 shows the class timetable generated by the system. Fig-

Class Schedule - Class 1
=

Fig. 5 Class Timetable

ure 6 shows the relationship between the number of evolutionary
generations and the fitness value. It can be observed that the
fitness value decreases as the number of generations increases.
Around the 417th generation, the fitness value reaches 0, indi-
cating that all hard constraintssuch as no course conflicts and
no violations of special scheduling requirementsare satisfied.
At the same time, soft constraints like continuous teaching for
teachers and unbalanced course distribution are also resolved.
The total execution time of the program on a standard notebook
environment (Intel i7-10875H CPU, 16 GB RAM) is 19.8699
seconds. To further evaluate the efficiency of the algorithm, Fig-
ure 9 shows the distribution of runtime across 30 independent
runs. The average runtime is 18.29 + 8.87 seconds, indicating
that most runs complete within a practical time budget, with
only a few outliers.

Genetic Algorithm Fitness Over Generations (Log Scale)

— Fitness

Fitness (Iog scale)

o 100 200 300 400
Generation

Fig. 6 Fitness Trend in a Single Run

Average Fitness Over 10 Runs (Log Scale)

Generation

Fig. 7 Average Fitness Trend Across Multiple Runs
Distribution of Runtime Across Runs
45
8
40
35 4 o
@ 30
H
¥
2 25
£
H
204
15 4
101
1
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Fig. 9 Average Number of Generation Over 30 Runs

Analysis

From Figure 6, it can be seen that the fitness value of the ge-
netic algorithm decreases most significantly within the first 100
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generations. This indicates that the algorithm exhibits strong
global search capabilities in the early stages, quickly identify-
ing and preserving high-quality individuals. In particular, the
fitness drops sharply in a step-like pattern during the first 50
generations, suggesting that high-quality solutions are rapidly
optimized at the beginning, and most hard conflicts with higher
weights are effectively resolved early on.

As the number of generations increases, the rate of fitness
improvement gradually slows down. After around the 150th
generation, the algorithm enters a convergence phase, with the
fitness changes stabilizing. This reflects the algorithms shift
from global search to localized fine-tuning. At this stage, pop-
ulation diversity decreases, and mutation and selection oper-
ations mainly focus on slight improvements around existing
high-quality individuals. The emphasis shifts to resolving soft
constraints, resulting in a slower convergence pace. This fast-
then-slow convergence pattern can also serve a practical role: in
the early stage, the algorithm provides users with a preliminary
acceptable solution range and an expectation of the final out-
come. If the expected solution fails to resolve primary conflict
(hard conflict), the system can prompt users to review and adjust
their data settings.

Overall, the genetic algorithm implemented in this system
achieves effective convergence within approximately 400 gen-
erations. The final fitness value reaches 0, confirming the ef-
fectiveness of the designed selection, crossover, and mutation
strategies for this specific problem.

Figure 7 shows the average fitness decline trend over multiple
independent runs. Despite differences in the initial populations
and search paths of each run, the overall trend remains highly
consistent. The average curve also shows a clear “fast-then-slow”
convergence pattern. While not every run reaches a fitness value
of 0, all hard constraints are successfully resolved (as each hard
conflict carries a penalty weight of 1 or greater). In some runs,
the final fitness falls between 0.015 and 0.025, indicating that a
small number of courses are slightly unbalanced in distribution,
but still yield acceptable and usable schedules.

Figure 8 presents the distribution of the total number of gen-
erations required for convergence across 30 runs. On average,
convergence is achieved within 414.27 &+ 217.15 generations,
with the majority of runs stabilizing before the 500th generation.

Under a fixed computational budget, the algorithm achieves
an average final fitness of 0.0016, with a success rate of 93.3%
in reaching a fitness value of 0. These results demonstrate that
the algorithm has strong stability and robustness.

Repeated runs consistently optimize the solution space ef-
fectively, further verifying the reliability and practicality of the
algorithm in solving the scheduling problem.

Conclusion

In summary, this system is designed and implemented to address
complex course scheduling scenarios using an improved genetic
algorithm. By incorporating a rank-based roulette wheel selec-
tion strategy, partially matched crossover mechanism, constraint-
driven fitness function, and an adaptive mutation method, the
system demonstrates strong convergence and practical applica-
bility when tested on real teaching data.

Experimental results show that the system can quickly gener-
ate conflict-free schedules that satisfy various special schedul-
ing requirements. In real-world educational administration, this
significantly improves the efficiency of scheduling tasks and
provides greater flexibility in handling special constraints and
personalized teaching requirements. Since this study focuses on
class-based scheduling, each administrative class is assumed to
have a fixed classroom. There is limited demand for additional
classrooms. Thus the system does not address additional class-
room allocation for elective or cross-class courses. In future
work, the system could be extended to support elective course
models, where student satisfaction rates are incorporated into
the genetic fitness function as an additional evaluation factor.
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