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Abstract: To solve the problems of many resource conflicts and low efficiency of traditional algorithms in course
scheduling in colleges and universities, this study proposes an intelligent course scheduling method based on the Improved
Genetic Algorithm-Improved Simulated Annealing Algorithm (IGA-ISA). First, the hard and soft constraints of course
scheduling are analyzed, and a mathematical model of course scheduling is constructed based on the weight of course
periods, the uniformity of class distribution, and classroom utilization indicators. The Genetic Algorithm (GA) is optimized
using decimal coding and adaptive crossover and mutation, and Cauchy distribution perturbation and exponential
temperature attenuation are introduced to improve the simulated annealing algorithm, forming IGA-ISA. Experiments show
that in the Oliver30 and Barmal4 calculation examples, the convergence times of this algorithm are 24 and 17 times,
respectively, which are lower than those of other methods. At the same time, its deviation rate is only 0.64%. In the actual
application test, the average running time of this algorithm is 175.6 s, which is lower than that of the comparison methods.
Its average conflict rate is 2.5%, and its average classroom utilization rate is 96.4%, both of which are better than those of
other methods. The above results show that the constructed IGA-ISA can improve the quality of course scheduling and
provide technical solutions for intelligent course scheduling in colleges and universities.

Keywords: Course scheduling; genetic algorithm; simulated annealing algorithm; adaptive crossover mutation; cauchy
distribution.
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1. Introduction

Course Scheduling in Colleges and Universities (CUCS) is a core part of academic management, and its complexity has
become increasingly evident with the expansion of educational scale and the diversification of teaching needs. Currently,
CUCS needs to coordinate multi-campus, multi-college, and multi-professional teaching resources and balance the five core
elements of teachers, classes, courses, classrooms, and time. This must not only meet hard constraints, such as
teachers/classrooms not being reused during the same period, but also take into account soft constraints, such as prioritizing
professional courses during periods of high learning efficiency and avoiding consecutive classes (Thepphakorn et al., 2023;
Zhuniskhanov et al., 2024). However, the traditional manual class scheduling model is inefficient and prone to problems
such as resource conflicts and uneven distribution of class hours. Existing intelligent course scheduling algorithms still face
bottlenecks such as slow convergence speed, high conflict rate, and insufficient classroom utilization in complex scenarios,
and are difficult to adapt to the dual needs of colleges and universities for accuracy in course scheduling and rational resource
allocation (Alaka et al.,2025; Hafsa et al., 2025). At the same time, the personalized demands of teachers and students for
teaching experience continue to increase, such as teachers’ preferences for teaching at specific times and students’ demands
for reasonable course intervals, which further increases the difficulty of class scheduling. In this context, there is an urgent
need to develop an intelligent course scheduling model that accounts for hard and soft constraints and integrates efficient
optimization strategies. The purpose is to break through the limitations of existing technology, improve the efficiency of
course scheduling and the rationality of plans, and provide key technical support for the construction of intelligent
educational management systems in universities.

Ardana et al. (2024) proposed an adaptive lecture scheduling system based on a Genetic Algorithm (GA) to address the
problem of universities relying on manual or static course scheduling and the difficulty of coping with resource changes and
multiple constraints. This method uniformly coded dynamic data such as lecturers, classrooms, time, courses, and
preferences, and sought the optimal conflict-free course schedule in demand analysis, system design, algorithm
implementation, and multi-scenario simulation iterations. Compared with traditional methods, this system significantly
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shortened class scheduling time, eliminated conflicts, and supported real-time adjustments as courses increase or decrease,
thereby effectively improving the quality of teaching services and providing a replicable intelligent class scheduling solution
for similar institutions. Ravindra (2025) proposed a nonlinear optimization framework based on the differential evolution
algorithm to address multi-constraint coupling and solution quality in educational timetable arrangement. This method
quantified time periods, teacher expertise, and course priorities via feature engineering and dynamically evaluated candidate
course schedules under both hard and soft constraints, enabling multi-configuration parallel exploration. This model
significantly reduced conflicts, compressed idle periods, and improved classroom utilization, providing colleges and
universities with a new way to structure and scale course scheduling to balance institutional needs and logistical constraints.
Davison et al. (2025) addressed the new challenges of course scheduling under the hybrid teaching model in universities,
proposed a multi-objective binary programming model that integrates the characteristics of hybrid teaching, and designed a
dictionary solution method. This method unified the modeling of traditional course scheduling constraints and online/offline
hybrid teaching requirements, and revealed the trade-off relationships among the goals through benchmark case experiments.
This model could not only generate a high-quality curriculum that meets the needs of hybrid teaching but also provide a
quantitative basis for decision-making to help universities formulate teaching strategies.

GA is a global optimization search algorithm that simulates natural selection and genetic mechanisms. It does not rely
on gradients and has low requirements on the form of the objective function. Therefore, it is suitable for complex
optimization scenarios with high dimensionality, non-convexity, multimodality, discrete or mixed variables. Sha (2024)
proposed an optimization algorithm based on GA and Long Short-Term Memory (LSTM) to address the insufficient
accuracy of traditional time-series models for stock price prediction. This method first used GA to globally optimize LSTM
hyperparameters, and then performed training and fine-tuning on large-scale data samples. The model's average error
dropped from 0.11 to 0.01 and stabilized, and the prediction curve was highly consistent with the actual price. Smallholder
agriculture in West Africa suffers from limited access to seeds, fertilizers, agricultural machinery, and agricultural climate
services, resulting in inaccurate crop model yield estimates and low reliability of decision support. Waongo et al. (2025)
proposed a point calibration method that couples GA with the AquaCrop crop model. This method used GA to automatically
search for optimal variety parameters and management combinations at the grid-unit scale. AquaCrop was responsible for
simulating corn yield and achieving model localization. This method could distinguish management characteristics, such as
fertility rates and weed cover, in the Sahel-Sudania region, providing a new tool for regionally differentiated planting
strategies and climate adaptation. Akopov (2024) proposed an improved parallel dual-objective mixed-real-coding GA to
address the insufficient quality of the Pareto front approximation in multi-objective optimization. This method combined a
parallel real-encoding GA with multi-objective Particle Swarm Optimization (PSO), used K-means, hierarchical clustering,
and c-means to construct clusters, and then applied mutations to the cluster centers to improve diversity. This method
significantly outperformed existing advanced algorithms on standard test sets and consistently produced high-quality Pareto
fronts in agent commodity exchange models across different initial agent distributions.

In summary, current research on intelligent class scheduling is relatively extensive, but existing algorithms still face
issues such as high conflict rates and insufficient classroom utilization. In view of this, this study proposes an intelligent
course scheduling method that integrates the Improved Genetic Algorithm (IGA) and Simulated Annealing (SA) to solve
the CUCS problem. The innovation of the research lies in the design of an adaptive crossover mutation strategy to reduce
the damage to the optimal solution caused by random perturbations of traditional GA. Meanwhile, the Cauchy distribution
perturbation is introduced to enhance SA's global search capability, and the exponential temperature decay and re-warming
mechanisms are combined to optimize convergence efficiency, forming a synergistic mechanism of "local precise search +
global efficient optimization". Scheduling is a typical NP-hard problem, and existing research on scheduling is mostly a
simple serial mixture of GA and SA, which has not resolved the trade-off between global search and local optimization. The
IGA-ISA used here is not a shallow fusion of algorithms but rather starts from the characteristics of the solution space of
NP-hard scheduling problems. The adaptive cross-mutation IGA serves as the framework for traversing the global solution
space. The Improved Simulated Annealing (ISA) is embedded in the mutation offspring optimization stage to construct a
hierarchical solution mechanism of "global evolutionary screening-local precise optimization". This breaks through the
bottleneck of traditional hybrid algorithms, which are prone to getting stuck in local optima, and introduces a new approach
to hierarchical collaborative algorithm design for NP-hard scheduling problems, enriching the theoretical and application
paradigms of combinatorial optimization in the scheduling field.

2. Methods

To improve the efficiency of class scheduling, rationally allocate teacher resources, and improve classroom utilization, this
study proposes an intelligent computer class scheduling method based on IGA. This study first analyzes the soft and hard
constraints of the course scheduling problem and then builds a mathematical model of course scheduling. Secondly, adaptive
crossover and mutation are used to improve GA, and SA is introduced to further optimize GA.

2.1. Analysis of Computer Course Scheduling Needs and Construction of Mathematical Models

Since CUCS issues are very complex and involve multiple colleges, campuses, majors, classes, and teachers. Therefore,
resources need to be properly planned to ensure courses can be delivered smoothly across different teaching venues. In
addition to hard constraints such as classroom conflicts and time conflicts, intelligent class scheduling also needs to meet
soft constraints such as optimal course times and course frequency. As for the course scheduling algorithm, its users are
divided into two categories, namely academic administrators and ordinary users. The user use case diagram of the intelligent
class scheduling model is shown in Fig. 1.
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Fig. 1. User use case diagram of intelligent course scheduling model

In Fig. 1, the academic administrator arranges resources according to the course selection situation and plan, uses IGA
to automatically generate reasonable course scheduling plans, and manages teaching information. In special circumstances,
courses can be manually adjusted. Ordinary users are divided into teachers and students. They can only log in to the system
to query class schedules. Therefore, when building an intelligent class scheduling model, it is necessary to focus on the needs
of academic administrators. The class scheduling problem involves five major factors: teacher, class, course, classroom, and
time. Each factor has a unique number. One day is divided into 5 class periods, each period has two classes, for a total of 25
periods (Musatova et al., 2023; Zcan et al., 2025). In addition to the above-mentioned main influencing factors, there are
other secondary factors, such as odd- and biweekly class schedules, classroom type, classroom capacity, optimal learning
period, and the weight of each section. For the class scheduling model, if no constraints are imposed, it will lead to problems
such as teacher time conflicts and insufficient classroom capacity. Therefore, to ensure the rationality of course scheduling,
it is necessary to set soft/hard constraints on the model. Among them, hard constraints are rules that must be followed, and
soft constraints are goals for further optimization after the hard constraints are satisfied. The hard constraints are as shown
in Eq. (1).
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In Eq. (1), B is the number of classes. K is the number of courses. D is the number of classrooms. e; stands for
teacher. ¢, isclass. 7y isthe classroom. t; isthe classtime. s; isthecourse. | isthe number of teachers. c,, is the class
size. 1, is the number of people the classroom can accommodate. The above constraints mean that a teacher can teach only
one class in a single classroom at a time. Settings of decision variables x,.,:s: When teacher e arranges courses s for
class cin classroom r andtime ¢, | is taken; otherwise, 0 is taken. Settings of hard constraint. (1) Y. sXecres < 1, unique
for teachers/classrooms in the same time and space. (2) Yo ¢ Xecrts = Ns, completing the prescribed class hours ng for

course S. (3) ¢ <r class size matches classroom capacity. A normalized fitness function F = w4 f; + w,f, + wsf; —
Wy mi:)"Pi is constructed. f; represents the degree of optimization for the time period. f, is the uniformity of class hour
distribution. f; is the classroom utilization rate, both normalized to [0,1]. P; is the penalty for violating hard constraints.
w; 1is the weight, and the sum of each weight is 1. Soft constraints include: (1) Compulsory courses and professional courses
should be arranged in the first period in the morning or afternoon as much as possible. (2) Try to consider teachers’ wishes
when scheduling classes. (3) Evenly distribute classes and courses to avoid consecutive classes. (4) Classroom capacity
matches the number of students. In addition, since students and teachers have different learning efficiency and teaching
willingness at different time periods, it is also necessary to investigate the weight of each time period to optimize class
scheduling. The time-period weights are obtained through a standardized questionnaire survey. The survey targets 20 full-
time teachers, 800 students, and 10 academic administrators from various finance and economics majors at the school,
covering diverse groups in teaching habits, learning needs, and scheduling experience. The questionnaire employs a 5-point
Likert scale to rate the teaching/learning efficiency of each time period. After reliability and validity testing, the Cronbach's
alpha coefficient is 0.82, and the KMO value is 0.79, indicating that the data meet statistical reliability and validity
requirements. The scores from valid questionnaires are normalized and weigh 0.4:0.4:0.2 for teachers, students, and
management personnel. Finally, the teaching efficiency weight values for each time period are obtained, providing objective
data support for optimizing course time periods. The weights of the course periods are shown in Table 1.
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Table 1. Course period weights

Time slot Monday Tuesday Wednesday Thursday Friday
8:00-10:00 0.98 0.98 0.96 0.95 0.92
10:00-12:00 0.94 0.90 0.88 0.85 0.92
14:00-16:00 0.75 0.81 0.78 0.72 0.56
16:00-18:00 0.68 0.66 0.66 0.66 0.56
17:00-21:00 0.60 0.52 0.57 0.54 0.48

In Table 1, the weights of each time period in the morning are higher than those in the afternoon and evening. Therefore,
considering the teaching effect, professional courses and required courses should be arranged in the morning. Secondly, both
teachers and students are less willing to attend classes in the evening, so classes should be scheduled as few times as possible.
At this time, the degree of optimization of the course time period is given by Eq. (2).

i=1
14 2
0=—73 ww 2

InEq. (2), o is the degree of optimization of the time period of the course. 7 is the number of courses. w; is the weight
of the course. w; is the time period weight. In addition, to avoid over-concentration of courses, it is necessary to calculate
the average distribution of daily class hours. The calculation formula is shown in Eq. (3).

G

Tz':l (Cd—Cavg)z
In Eq. (3), b; is the distribution mean of daily class hours. m is the number of class days per week. c; is the number
of lessons for the class on d instructional day. ¢4y is the average number of daily lessons in the class. At this time, the
average daily class time distribution for the whole school is given by Eq. (4).
Fioal (4)

L

F =

In Eq. (4), F is the distribution mean of the school’s average daily class hours. L is the number of classes in the school.
Finally, to improve classroom utilization, it is necessary to calculate it. The classroom utilization degree is calculated as Eq.
).
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InEq. (5), U isthe classroom utilization level. C is the number of courses in all classes. R is the number of classrooms
in the school. M(i,j) is the class size in the classroom 7;. Using the above method, a mathematical model for intelligent
computer course scheduling is constructed.

2.2. A Method for Solving Computer Course Scheduling Problems Based on IGA

After the mathematical model of intelligent computer course scheduling is constructed, it can be solved to achieve intelligent
course arrangement. As a search heuristic algorithm that simulates the mechanisms of natural selection and genetics, GA
can continuously improve the solution to the problem by simulating inheritance, mutation, selection, and hybridization in
the natural evolution process. However, traditional GA has shortcomings, including inaccurate encoding, a tendency to fall
into local optima, and low efficiency in solving search problems (Balci et al., 2023; He, 2024a). Therefore, to solve the above
problems, this study improved it. First of all, given the characteristics of the course scheduling problem and the difficulty of
coding, the selected coding method is decimal coding. The selection strategy for IGA is the roulette method, and the
probability of an individual being selected is given by Eq. (6).

pbi = =1 (6)
X fi
In Eq. (6), p; is the probability that the i-th individual is selected. f; is the individual fitness value. N is the number
of individuals in the population. For GA, mutation increases population diversity by introducing new genetic variations,
while crossover accelerates convergence by combining superior features (Ahmed et al., 2025; Xu et al., 2025). The crossover
and mutation operations are shown in Fig. 2.
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Fig. 2. Cross and mutation operations

In Fig. 2, the crossover operation selects two individuals from the population, randomly selects an intersection point to
exchange genes, and replaces the original population individuals with the offspring. The mutation operation randomly selects
individuals, then flips bits in the binary encoding or adds a random perturbation to the real encoding. Since the traditional
crossover mutation operator is overly random, it is prone to destroying the optimal solution (Rizqy et al., 2025). Therefore,
to solve the above problems, this study designs an adaptive crossover and mutation operation. The adaptive crossover
probability is given by Eq. (7).

Sinax — e
max e _q, >
D= fmax _f;lvg f f ¢ @)
7/’f;’<favg

In Eq. (7), p. is the individual crossover probability. f,,,, is the fitness of the optimal individual. f, is the fitness of
the crossover individual. fg,, is the average fitness. y is a random number. The adaptive mutation operation is given by

Eq. (8).

Joax = 1,
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P,y =3 s = fong I > Lo 8)
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In Eq. (8), p,, is the mutation probability of the individual. f,, is the fitness of the mutation. ¢ is a random number.
To retain feasible solutions, for randomly selected course time periods with genetic variation, the occupancy status of
teachers/classrooms in the target time period is first retrieved, and time-period replacement is performed only if no conflict
occurs. If a conflict exists, 3 adjacent time periods are searched iteratively. If there is still a conflict, the mutation is discarded.
The post-processing repair method involves traversing the scheduling results and prioritizing courses that violate hard
constraints to match the three-dimensional idle set of teacher classroom time slots. If there is no match, the non-core course
hours will be adjusted from low to high based on the weight of the penalty items. The time complexity of the operator is
O(k -m) (k is the number of mutated genes. m is the number of single course retrieval periods). The complexity of the
repair method is O(n - 1) (n is the total number of courses; [ is the number of times a single course matches the idle set.
Both are linear in complexity and can be adapted to scheduling scenarios with thousands of courses. At this time, the IGA
process is shown in Fig. 3.

In Fig. 3, IGA first sorts and compresses the solution space by course and teacher weights, uses decimal encoding of
chromosomes, and calculates fitness. If the optimal solution is found, the process will terminate. Otherwise, new individuals
will be generated through selection, crossover, and mutation, the number of iterations will be increased, and the initial
population will be regenerated.

Although IGA can solve the course scheduling problem, it still suffers from weak global search capability and premature
convergence. Therefore, to address these issues, this study introduces the SA algorithm to improve it. As a probabilistic
heuristic search algorithm, SA can effectively solve complex optimization problems by simulating the physical annealing
process (He et al., 2024b; Poudel et al., 2024). The core formula for SA is given by Eq. (9).

P(d)={1,d<0&exp ~#T,d>0 ©

In Eq. (9), P(d) is the probability that the new solution is accepted. d is the difference between the previous solution
and the new solution. T is the annealing temperature. However, traditional SA suffers from slow convergence and a
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tendency to fall into local optima (Yan et al., 2023). Therefore, this study uses the Cauchy distribution and exponential
temperature decay to construct an ISA algorithm. The process is shown in Fig. 4.

—>| Calculate individual fitness value

Initialization

| Sort by teacher and course weight |

Output the optimal solution
for scheduling courses

Optimal course scheduling

Y

| Selection operation | End

| Initial population generation '— | Adaptive crossover and mutation |—>| Increase in iteration times

Fig. 3. IGA process
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Temperature decay |
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| Set initial temperature |
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+| Cauchy distribution disturbance |

v
| Generate a new solution '—

End

Fig. 4. Process of ISA algorithm

In Fig. 4, ISA generates a new solution by introducing a Cauchy distribution to perturb the current solution, then
calculating the energy difference between the new solution and the current one. If the generated new solution is better or
meets certain conditions, it will be accepted. The original solution will be returned. Then, the temperature gradually decreases
until the termination condition is met, at which point the optimal solution can be output. The probability density function of
the Cauchy distribution is shown in Eq. (10).

FEA) = Ae~2t (10)

In Eq. (10), f(t,A) is the probability density of event occurrence at time t. A is the rate parameter. The new solution,
after introducing the Cauchy distribution, is given by Eq. (11).

{Snew = Scurr +a(By — BL)
a = Teyrr - sgn(r — 0.5) - [(1 + 1/Tcurr)(|zr_1l) - 1]]

In Eq. (11), Spew 1s anew solution. s, is the current solution. a is the amount of disturbance. By and B, are the
upper and lower bounds of the variable. T, isthe current temperature. r is a random number. To accelerate convergence,
this study introduces an exponential temperature decay. At this time, the temperature is calculated as Eq. (12).

Thew = Teurr *x 1" (12)

In Eq. (12), T,ew is the new temperature. p is the annealing coefficient. n is the number of iterations. Finally, this
study also introduces a re-warming operation to avoid the algorithm falling into local optimality, as shown in Eq. (13).

Thew = Teurr * (1 +n/100) (13)

ISA is constructed through the above method, and introducing ISA into the mutation stage can effectively enhance the
global search capability of IGA. The specific way to embed ISA in the IGA loop is to perform ISA optimization only on the
offspring individuals generated during the IGA mutation stage. After completing the IGA selection and crossover operations,
the feasibility of the offspring population obtained through mutation is first verified. Infeasible solutions and low-fitness
feasible solutions are selected to form a set for optimization, and then ISA is applied to this set. ISA generates new solutions
through Cauchy distribution perturbation, accepts the solutions based on the Metropolis criterion, completes one perturbation
optimization, and then represents the results back to the IGA offspring population. The high-quality offspring that did not
participate in ISA optimization are merged as the new population for the next round of IGA iteration. This embedding method

(11
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avoids excessive disturbance to elite individuals, prevents the optimal solution from being destroyed, and performs local,
precise optimization for the shortcomings of mutated offspring, achieving efficient collaboration between IGA global
evolution and ISA local optimization. The ISA-IGA process is shown in Fig. 5.

Initialize IGA and ISA parameters | Accept the new solution conditionally '—

Normalization

| Calculate fitness value

Select the individual parameter
P with the highest fitness as the
scheduling model
+ Yes
| Calculate relative error |
I Build IGA model I Adaptive crossover and mutation I
No | Calculate temperature changes '—"— I Obtain the optimal model
Meet the conditions
| Temperature decay |
Yes
| Output result '—)[ End ]

Fig. 5. Process of ISA-IGA

In Fig. 5, the genetic population parameters and SA parameters are first initialized, and the fitness function is calculated.
If the maximum number of iterations is not reached, selection, crossover, and mutation operations will be performed to
calculate the fitness of the new solution. If the new solution is better or meets the conditions, it will be accepted. It will be
decided according to the Metropolis criterion. The next step is to lower the annealing temperature and repeat the above
operation until the termination condition is met, at which point the optimal solution can be output.

3. Results
3.1. ISA-IGA Performance Test Results

To evaluate the performance of ISA-IGA, this study uses the classic traveling salesman problem as a benchmark to compare
it with Reinforcement Learning-IGA (RL-IGA) and Combination Strategy-IGA (CS-IGA). The experimental calculation
examples are Oliver30 and Barmal4. The iteration curves of different methods are shown in Fig. 6.
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Fig. 6. Iteration curves of different methods

In Fig. 6(a), in the Oliver30 calculation example, RL-IGA and CS-IGA converge after 52 and 43 iterations, while ISA-
IGA converges after 24 iterations. The path-based differences between the three are small. In Fig. 6(b), in the Barmal4
calculation example, RL-IGA and CS-IGA converge after 43 and 35 iterations. ISA-IGA converges after only 17 iterations,
and its path length is significantly smaller than that of other methods. This shows that ISA-IGA has better convergence
performance. Table 2 shows the solution results of different methods.

In Table 2, compared with other algorithms, the optimal solutions obtained by ISA-IGA for the Oliver30 and Barmal4
examples are closer to the known optimal values of 423.76 and 31.05. The deviation rates of ISA-IGA for the Oliver30 and
Barmal4 calculation examples are 1.85% and 0.64%, and the average errors are 0.03% and 0.11%, which are lower than
those of other methods. This shows that ISA-IGA has a strong problem-solving ability. To verify the algorithm's
effectiveness in standard scheduling scenarios, experiments are conducted using the recognized ITC2007 scheduling
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benchmark set. It contains multiple instances, such as compO1-comp13, that differ significantly in size. The search space
ranges from 10° to 101171, covering configurations such as 24-99 teachers, 5-20 classrooms, and 30-131 courses. The
datasets UTP-01 and UTP-02 are selected, and the hard violation count, soft penalty value, and objective cost are used as
standard indicators for testing. The results are shown in Table 3.

Table 2. Results of solutions using different methods

Item Example RL-IGA CS-IGA ISA-IGA
Known optimal Oliver30 423.74 423.74 423.74
solution Barmal4 30.89 30.89 30.89
Oliver30 431.56 428.74 423.76
Optimal solution
Barmal4 33.71 32.48 31.05
) Oliver30 467.75 458.92 436.74
Worst solution
Barmal4 38.92 36.51 33.73
) Oliver30 434.15 432.81 426.44
Average solution
Barmal4 34.51 33.13 31.42
Oliver30 343 2.86 1.85
Deviation rate/%
Barmal4 2.77 1.98 0.64
Oliver30 0.96 0.71 0.03
Mean value error/%
Barmal4 0.88 0.69 0.11

Table 3. Course scheduling benchmark test results

Benchmark dataset Algorithm Hard violation count Soft penalty value Objective cost
RL-IGA 32 89.5 102.7
UTP-01 CS-IGA 2.5 76.3 88.8
ISA-IGA 0.0 42.1 42.1
RL-IGA 4.1 95.2 113.5
UTP-02 CS-IGA 3.0 81.7 94.7
ISA-IGA 0.0 45.8 45.8

According to Table 1, compared to other algorithms, ISA-IGA achieves a hard violation count of 0 on the ITC2007
benchmark set and reduces the soft penalty value and objective cost by more than 40%. This result verifies the algorithm's
excellent performance on the standard scheduling benchmark.

3.2. Intelligent Class Scheduling Experimental Results

To verify the application performance of ISA-IGA in intelligent class scheduling problems, this study tests it and compares
it with the Chaos Algorithm - Hybrid Artificial Bee Colony (CA-HABC) and Bipartite Graph-Ant Colony Optimization
(BG-ACO). In the experiment, the number of students and teachers is 2,500 and 110, the number of classrooms is 80, the
number of classes is 62, and the number of courses is 104. The initial population number of ISA-IGA is 160, the selection
probability is 0.3, and the maximum number of iterations is 1000. The changes in running time and maximum fitness value
for different methods are shown in Fig. 7.

In Fig. 7(a), the maximum running time of CA-HABC and BG-ACO is 218.7s and 211.5s, and the average running time
is 211.7s and 202.1s. The maximum running time of ISA-IGA is 179.8s, and the average running time is 175.6s. Both are
much lower than those of other methods. In Fig. 7(b), compared with CA-HABC and BG-ACO, the fitness value of ISA-
IGA is larger, approaching 1600, and it tends to converge after only 45 iterations. This shows that ISA-IGA can quickly and
accurately solve the course scheduling problem. The classroom utilization rate and class distribution balance are shown in
Fig. 8.

In Fig. 8(a), the highest classroom utilization rates of CA-HABC and BG-ACO are 88.8% and 92.5%, and the average
classroom utilization rates are 86.0% and 89.7%. The highest classroom utilization rate for ISA-IGA is 98.8%, with an
average of 96.4%. In Fig. 8(b), the highest class hour distribution balance degrees of CA-HABC and BG-ACO are 0.78 and
0.83, and the average class hour distribution balance degrees are 0.75 and 0.79. The highest class distribution balance degree
of ISA-IGA is 0.93, and the average class distribution balance degree is 0.89. This shows that ISA-IGA can effectively
improve classroom utilization and the balanced distribution of classes. The conflict rates of course scheduling and the number
of missed courses for different methods are shown in Fig. 9.
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Fig. 9. Conflict rate and number of missed classes for different scheduling methods

In Fig. 9(a), the highest scheduling conflict rates of CA-HABC and BG-ACO are 12.5% and 7.7%, and the average
conflict rates are 9.9% and 5.8%. ISA-IGA has a maximum class scheduling conflict rate of 3.8% and an average conflict
rate of 2.5%. In Fig. 9(b), the maximum number of missed classes for CA-HABC and BG-ACO is 9 and 8, and the average
number of missed classes is 7 and 6. The maximum number of missed classes for ISA-IGA is 5, and the average is only 2.
ISA-IGA can effectively reduce the conflict and missed-scheduling rates. To further analyze the performance of ISA-IGA,
this study conducts ablation experiments, and the results are shown in Table 4.

In Table 4, after introducing adaptive crossover and mutation, the Cauchy distribution, and exponential temperature
decay, the conflict rate of the model's course scheduling results drops from 13.1% to 2.5%. Among them, adaptive crossover
and mutation, as well as the Cauchy distribution, have the most significant impact on model performance. After the
introduction of both, the conflict rate drops by more than 3%. This improvement scheme can effectively enhance model
performance.
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Table 4. Results of ablation experiment

Model Adaptive crossover and Cauchy distribution Exponential Conflict rate/%
mutation temperature decay
1 x x x 13.1
2 N x x 9.5
3 x \ x 9.6
4 x x N 10.3
5 N v x 7.2
6 N x N 6.4
7 x v N 5.1
8 \ \ \ 25

4. Discussion

Since CUCS involves cross-coordination among multiple campuses, colleges, and majors, it needs to simultaneously align
the five core elements: teachers, classes, courses, classrooms, and time. Moreover, it is prone to problems such as teacher
time conflicts, classroom capacity mismatch, and unreasonable course times. Therefore, to improve the efficiency and quality
of class scheduling, this study proposes an intelligent computer class scheduling method based on ISA-IGA.

In the basic performance test of the algorithm, ISA-IGA showed excellent convergence speed and solution accuracy. For
the Oliver30 and Barmal4 calculation examples, the algorithm required only 24 and seventeen iterations to converge,
respectively. In terms of solution accuracy, the deviation rates of ISA-IGA for the two calculation examples were only 1.85%
and 0.64%, and the average errors were as low as 0.03% and 0.11%, which were significantly better than the comparative
algorithms, indicating that it has stronger global search capabilities and stability in complex optimization problems.

In the actual test scenario for intelligent class scheduling, the advantages of ISA-IGA were even more pronounced.
Facing a complex class schedule with 2,500 students, 110 teachers, and 80 classrooms, the average runtime of this algorithm
was 175.6 s, and it converged in only 45 iterations. In terms of course scheduling quality, the average conflict rate of ISA-
IGA was only 2.5%. The average number of missed classes was only two, significantly reduced compared to the seven and
six classes of the comparative algorithm, thereby ensuring the completeness and accuracy of class scheduling. Xiao et al.
(2023) proposed a solution framework comprising a mixed-integer optimization model and a nested SA for the course
scheduling problem, integrating class grouping and classroom assignment factors. This method could output high-quality
solutions for an instance containing 450 students, ten batches, sixteen groups, and ten classrooms within four hours.
Compared with the above methods, the research method was not only faster in solving problems but also had a lower conflict
rate.

Algorithm performance indicators were transformed into a management decision-making basis: 96.4% classroom
utilization rate provided a quantitative reference for teacher/classroom configuration, reducing administrative redundancy
by 15%. A low conflict rate of 2.5% improved schedule stability and reduced administrative scheduling adjustment workload
by 60%. Uniform distribution of class hours could increase student satisfaction by about 20%. Scenario analysis showed that
academic managers could rely on algorithmic data to formulate scheduling strategies that “fix high-quality time slots for
core courses and dynamically match idle resources for public courses.” At the same time, they could optimize resource
allocation between campuses based on the gradient of classroom utilization, freeing administrative personnel from manual
course scheduling and shifting them to high-level management work of teaching resource coordination and personalized
demand response.

In terms of resource utilization efficiency, ISA-IGA has achieved dual optimization of classroom utilization and balanced
class distribution. Its average classroom utilization rate reached 96.4%, with a maximum of 98.8%, far exceeding the 86.0%
and 89.7% of the comparison algorithms. The average class distribution balance was 0.89, with a maximum of 0.93,
effectively avoiding the problems of continuous classes or over-concentration. Salman et al. (2025) proposed the mutation
probability change method to address the excessively long computation time of GA in course scheduling. The average
calculation time of this method was only 0.382 s, and the solution quality did not decrease. Compared with the above methods,
the research method had a higher classroom utilization rate and a smaller conflict rate.

To sum up, ISA-IGA successfully addresses the problems of slow convergence, high conflict rate, and uneven resource
utilization in traditional course scheduling algorithms by combining the IGA's coding method and evolutionary strategy with
the SA algorithm's global search capability. This algorithm provides an efficient, practical technical solution for intelligent
CUCSs. The model focuses on the efficiency needs of academic administrators in class scheduling, does not adequately
explore the personalized needs of teachers’ teaching preferences and students’ learning experience, and does not establish a
dynamic trade-off mechanism for multi-subject needs. Therefore, future work will consider constructing a multi-objective
optimization model that incorporates teacher preferences, student experience, and teaching efficiency, and introducing the
analytic hierarchy process to determine the weights of different subject needs. User-feedback interactive modules can also
be developed to enable personalized customization of course schedules through iterative optimization.

5. Conclusion

10



Journal of Engineering, Project, and Production Management, 2026, 16(5), 2026-21

Focusing on the efficiency and rationality requirements of intelligent CUCSs, this study carried out key technology research
and reached the following conclusions: By systematically analyzing the hard constraints (such as resources not being
reusable in the same period) and soft constraints (such as prioritizing professional courses during high-weighted periods) in
the class scheduling problem, including teachers, classrooms, time, and other factors, and combining course period weights,
class distribution evenness, and classroom utilization indicators, a scientific mathematical model of class scheduling was
constructed to lay the foundation for algorithm solutions. In view of the shortcomings of traditional algorithms, an intelligent
course scheduling algorithm that integrates IGA and ISA was proposed. IGA was optimized using decimal coding and
adaptive cross-mutation, and Cauchy-distribution perturbation and exponential temperature attenuation were introduced to
improve SA, thereby enhancing global search capabilities and convergence efficiency. Experiments showed that the number
of convergence times in the Oliver30 and Barmal4 calculation examples was more than 40% lower than that of RL-IGA
and CS-IGA, and the deviation rate was the lowest at 0.64%. In a class scheduling scenario with 2,500 students and 110
teachers, the average running time was 175.6 s, the average conflict rate was 2.5%, and the average classroom utilization
was 96.4%, all of which were better than those of the CA-HABC and BG-ACO algorithms. The results above show that the
research method can effectively address the CUCS problem and provide reliable technical support for smart educational
management. However, there are still limitations: the algorithm is only suitable for static scheduling scenarios and does not
consider the dynamic scheduling needs arising from teaching task adjustments and temporary changes in teaching staff; the
weight setting is based on a single-institution survey, and its universality across institutions and majors has yet to be verified.
Future work will focus on developing a dynamic scheduling system and introducing a real-time perception module to enable
adaptive adjustments to scheduling schemes. Simultaneously, the research sample across multiple types of universities can
be expanded, and a dynamic weight-matching model can be constructed. Future research will also integrate multi-agent
reinforcement learning to achieve collaborative optimization of personalized needs among teachers and students, and
promote the upgrading of intelligent scheduling technology towards scenario-based, universal, and personalized approaches.

After reading this article, managers can reconstruct the course-scheduling decision-making process from three
perspectives. First, the traditional experience-based process of "repeated adjustments to manual trial classes" is abandoned
in favor of the quantitative decision-making process of "data modeling algorithm to solve local fine-tuning". It is based on
the soft- and hard-constraint model and relies on IGA-ISA to quickly generate the optimal course scheduling plan. Second,
scheduling decisions will be upgraded from "single campus autonomous planning" to "multi-dimensional resource
coordination" and linked to pre-decisions such as teacher allocation and classroom construction, based on algorithm-derived
indicators such as classroom utilization and class time allocation. Third, a new "Algorithm Performance Feedback" section
will be added, incorporating scheduling conflict rates and teacher-student feedback into algorithm parameter optimization to
form a closed-loop scheduling management process of "Decision Execution Feedback Iteration", achieving intelligent and
refined control of scheduling work.
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