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Abstract: Classroom resource allocation is a challenging problem in educational institutions. The use of cloud
computing can aid in the optimization of this process by allowing resource providers to allocate resources to
users in a timely and efficient manner. In this paper, we propose a modified Salp Swarm Algorithm (SSA) to
optimize the allocation of classroom resources. The proposed approach involves generating a population of
salps representing potential solutions to the resource allocation problem and updating the positions of the salps
iteratively based on a fitness function and mathematical equations. We conducted simulations of the proposed
algorithm on various numbers of tasks and sources to evaluate its performance. The results indicate that the
modified SSA algorithm can efficiently allocate classroom resources, achieving lower completion time of tasks
(makespan) with lower costs. This paper contributes to the literature by introducing an effective approach to solve

the classroom resource allocation problem.

Keywords: classroom resource allocation; modified salp swarm algorithm; optimization; cloud computing

I. Introduction

In the era of digital transformation, the application of smart algorithms and advanced technologies
has become ubiquitous across various sectors worldwide. The field of education is no exception to this
trend, with numerous research works demonstrating the potential of these technologies in optimizing
educational processes and outcomes. One such example is the work of Tajbakhsh et al. (2022), who
proposed an accelerator-aware in-network load balancing system, P4Mite, to improve application
performance [1]. Another inspiring example of the application of smart algorithms and advanced
technologies is the work of Jamali et al. (2024) They introduced a new global online platform for
sharing ideas and collaborating. This platform transcends geographical boundaries and disciplinary
barriers, creating an engaging space where individuals worldwide can exchange ideas, receive valuable
feedback, and collaborate on exciting projects [2].

Inspired by these advancements, this paper aims to contribute to the literature by proposing
a novel approach to optimize classroom resource. Classroom resource allocation is a complex and
challenging problem in educational institutions. The task of allocating resources to classrooms for
lectures, exams, meetings, and events requires a careful consideration of various factors, including
classroom capacity, availability, location, equipment, scheduling preferences, and cost. These factors
are typically subject to frequent changes, leading to a dynamic and unpredictable environment that
requires quick and efficient decision-making. In recent years, cloud computing has emerged as a
promising solution to optimize the classroom resource allocation process.

Cloud computing is a model of delivering computing services over the internet, where resources
such as servers, storage, and applications are provided on-demand to users. This model offers
numerous benefits, including cost-effectiveness, flexibility, scalability, and reliability. In the context of
classroom resource allocation, cloud computing can enable resource providers to allocate resources to
users in a timely and efficient manner, based on the users’ needs and preferences. This can result in
improved resource utilization, reduced costs, and enhanced user satisfaction [4].

The classroom resource allocation problem is a longstanding challenge for educational institutions.
In a traditional classroom environment, resource allocation was done manually, which was a time-
consuming and inefficient process. Resource optimization algorithms have been proposed to help solve
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this problem. Salp Swarm Algorithm (SSA) has shown promising results in optimization problems in
various areas such as engineering, clustering, feature selection, and machine learning. In this paper, we
used a modified SSA provided by Jamali et al. [3] to solve the classroom resource allocation problem.
The proposed algorithm generates a population of potential solutions and updates them iteratively to
find the optimal solution. In this section, we provide background on the classroom resource allocation
problem and overview existing optimization algorithms. We also include a comprehensive review
of salp swarm optimization algorithms. Finally, we present an overview of the using modified SSA
algorithm.

A. Salp Swarm Optimization

One of the key challenges in the optimal allocation of classroom resources is the task scheduling
problem. This problem involves assigning tasks to resources in a way that minimizes the overall
completion time while satisfying various constraints, such as resource availability, capacity, and
compatibility. Traditional approaches to the task scheduling problem involve heuristics, mathematical
programming, and meta-heuristic optimization algorithms. However, these approaches may not
always be effective in solving the problem, especially in dynamic and complex environments. Recently,
meta-heuristic optimization algorithms have gained popularity in solving the task scheduling problem
due to their ability to find near-optimal solutions quickly. One such algorithm is the Modified Salp
Swarm Algorithm (MSSA), which is inspired by the swarming behavior of salps. The MSSA algorithm
involves generating a population of salps representing potential solutions to the problem, and updating
the positions of the salps iteratively based on a fitness function and mathematical equations. This
algorithm has been shown to be effective in solving various optimization problems, including resource

allocation problems [3].
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Figure 1. Structure of a Salp - An illustration of the unique swarming and propulsion behavior of sea
salps, which inspired the development of the Salp Swarm Algorithm for solving complex optimization
problems..

B. Classroom Resource Allocation

Classroom resource allocation optimization involves distributing available resources of classrooms
in a way that they are adequately configured, students are assigned to appropriate classrooms, and the
scheduling of lectures and practicals is done in an efficient manner. In modern education environments,
there is a critical need for effective resource allocation due to the increasing number of students, courses,
and classes. An efficient allocation of resources impacts not only the classroom experience of the
students but also the institutional performance as a whole. Fair and efficient resource allocation
can help an institution to maximize the use of its resources, minimize idle time, and reduce overall
operational costs.

In previous studies, various optimization techniques have been proposed to solve classroom
allocation problems. Linear programming has been used to optimize the allocation process of the
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finite available classrooms effectively. For instance, in [5], linear programming is applied to the
allocation of the classroom in tertiary institutions in Nigeria. In another study [6], linear programming
is used to allocate classroom space in Premier Nurses Training College in Kumasi. Other optimization
techniques that have been explored include genetic algorithms and simulated annealing. However,
these methods require a good understanding of programming languages, mathematical equations, as
well as experience in coding, which might limit their applicability for non-experts.

Salp swarm optimization (SSO) was first introduced by Mirjalili et al. in 2017 [11] and has since
been applied in a variety of problems, including engineering optimization, clustering, and feature
selection [7-9]. SSA is a relatively new nature-inspired meta-heuristic optimization technique. It’s
inspired by the swarming behavior of sea salps, which are barrel-shaped planktic tunicates that belong
to the family of Salpidae. Salps move by contracting, thereby pumping water through their gelatinous
body [11]. They often form a stringy colony by aligning next to each other, referred to as a salp chain.
SSO is a population-based optimization algorithm that tries to find the optimum solution by imitating
the salp colony behavior [3].

The key to SSA is to mimic this behavior in solving complex optimization problems. Swarm
Intelligence is the collective behavior of decentralized, self-organized systems. These systems can
be natural or artificial but typically consist of simple agents interacting locally with one another and
their environment. While the agents follow simple rules, their interaction leads to the emergence of
intelligent global behavior [11].

The optimization problems in real life are often very complex in nature. The search space they
generate is often quite tricky for mathematical programming to find a globally optimal solution in
limited time and resources. This is where metaheuristics like SSA can promise to find suitable solutions
in less computational effort. Although, they do not guarantee to find the globally optimal solution.

SSA has been successfully utilized in a wide range of optimization problems in different fields,
such as machine learning, engineering design, wireless networking, image processing, and power
energy. It’s an effective single-objective optimization algorithm that was inspired by the navigating
and foraging behaviors of salps in their natural habitats [12].

The basic version of SSA involves generating a population of salps in a random search space and
then updating the position of each salp based on a fitness function and the mathematical equations
inspired by the salp movement. The positions of the salps represent candidate solutions. In each
iteration, the algorithm implements global and local search strategies to explore the search space and
improve the optimization process. SSO has shown promising results in comparison with other well-
known optimization algorithms, such as Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO), and Genetic Algorithms (GA).

In this paper, we used a modified version of SSA [3] to suit the classroom resource allocation
problem. Different from the basic version of SSA, our proposed algorithm involves adding a teaching-
learning-based optimization (TLBO) strategy to increase the speed of convergence and improve the
performance of the algorithm. TLBO is an operator that involves grouping the salps into pairs and
emphasizing the sharing and learning of information between them. Following the TLBO operator, we
perform an adaptive strategy that changes the radius of movement of salps according to the problem
characteristics. From hereon, the algorithm is called the Modified Salp Swarm Algorithm with adaptive
and teaching-learning-based optimization (MSSTA) x TLBO.

The proposed algorithm will be evaluated on real-world datasets to measure its efficiency in
solving the classroom resource allocation problem. Specifically, the proposed algorithm’s performance
in terms of completion time of tasks, use of resources, and overall operational cost will be compared to
that of existing optimization algorithms. The results will offer a comparison of different optimization
algorithms’ efficiency in solving classroom resource allocation problems [3].

The remainder of this paper is organized as follows. In the next section, we will provide a
brief review of the related literature on classroom resource allocation and optimization algorithms.
Section 3 will describe our proposed approach in detail, including the mathematical formulas, fitness
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function, and simulation settings. Section 4 will present the results of the simulations and analyze the
performance of the proposed algorithm. Finally, in Section 5, we will provide the conclusions of our
work and discuss the potential for future research in this area.

II. Related Literature

Classroom resource allocation is an essential aspect of educational institutions, as it can impact
the academic success and satisfaction of both students and teachers. Several studies have proposed
optimization algorithms and strategies to improve the classroom resource allocation process and
achieve optimal allocation outcomes.

One approach that has gained popularity in recent years is the use of meta-heuristic optimization
algorithms to solve the classroom resource allocation problem. A meta-heuristic algorithm is a mathe-
matical procedure that enhances the efficiency of traditional optimization algorithms by optimizing
their parameters based on randomization. One such algorithm is the Modified Salp Swarm Algorithm
(MSSA), which is inspired by the behavior of salps, a type of oceanic invertebrate.

Several studies have used the optimize resource algorithms to task scheduling problem in cloud
computing, which shares similarities with the classroom resource allocation problem. For instance,
Mapetu et al. [13] proposed a binary variant of the Particle Swarm Optimization algorithm to solve the
task scheduling problem in cloud computing and achieve optimal load balancing.

In addition to meta-heuristic optimization algorithms, other studies have approached the class-
room resource allocation problem using mathematical programming models and heuristics. For
instance, Chen et al. [14] proposed a user-priority guided Min-Min scheduling algorithm for load
balancing in cloud computing. The algorithm considers user preferences and priorities to ensure fair
resource allocation and optimal performance. Similarly, Lavanya et al. [15] proposed a multi-objective
task scheduling algorithm based on Service Level Agreements and processing time suitable for cloud
environments.

Saeedi et al. [16] proposed an improved Many-Objective Particle Swarm Optimization algorithm
to solve the task scheduling problem in cloud computing. The algorithm considers multiple objec-
tives, including cost, makespan, and completion time, simultaneously, and optimizes them using a
multi-objective approach. A survey conducted by Sharma and Tyagi [17] reviewed existing heuristic
approaches for task scheduling in cloud computing, including Genetic Algorithm, Simulated Anneal-
ing, Ant Colony Optimization, and Particle Swarm Optimization. The survey analyzed the strengths
and weaknesses of each approach and explored potential directions for future research.

Overall, the existing literature shows that the classroom resource allocation problem is a complex
and challenging problem that can be optimized using various optimization algorithms and techniques.
The MSSA algorithm has shown promise in solving resource allocation problems in cloud computing
and can be extended to optimize the classroom resource allocation process.

III. Proposed Approach

In this section, we describe the proposed approach in detail, including the mathematical formulas,
fitness function, and simulation settings.

A. Mathematical Formulas

The Modified Salp Swarm Algorithm (MSSA) is inspired by the coordinated movement of salps,
oceanic invertebrates that swarm and move in a coordinated manner [? ]. The MSSA algorithm
involves generating a population of salps representing potential solutions to the optimization problem
and updating their positions iteratively based on a fitness function and mathematical equations. We
propose using the MSSA algorithm to optimize the classroom resource allocation problem.

Leader Update: The positions of leader salps are updated as follows:
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Xleader_next =Xleader 1+ Velocity_leader x )
cos(27t x random_number()) X (Food — Xleader)
Follower Update: The positions of follower Salps are updated as follows:
Xtollower_next =Xfollower 1 velocity_followerx
cos(27t x random_number()) X (Frood — Xollower )+ )
velocity_follower x sin(27r x random_number()) x
(Xleader - Xfollower)
Velocity Update: The velocity of salps is updated using the following equation:
velocity_next =cl x velocity+
c2 x random_number() X (Xpest — X)+ 3)

3 x random_number() X (Xworst — X)

B. Fitness Function

The fitness function evaluates the quality of a potential solution based on constraints and objec-
tives. In the classroom resource allocation problem, the fitness function should consider classroom
capacity, availability, location, equipment, scheduling preferences, and cost.

We define the fitness function as:

fitness = (1 — «) x makespan(X) + a x cost(X) 4)
where:

*  Xrepresents a candidate solution,

e makespan(X) is the total time required for completing all tasks with all constraints satisfied,
e cost(X) is the total cost of using the allocated resources,

*  uxisthe weight parameter representing the trade-off between the two objectives.

C. Simulation Settings

We conducted simulations to evaluate the proposed algorithm’s performance in optimizing
classroom resource allocation. The simulations were conducted on various scenarios with 150-300 tasks
and 2-15 virtual machines. We compared the MSSA algorithm with three other algorithms: Ant Colony
Optimization with Reservation (ACOr), Particle Swarm Optimization (PSO), and Genetic Algorithm
(GA).

The performance was evaluated based on fitness values and average computation time per
iteration. The MSSA algorithm was run for 100 iterations, and the results were averaged over 20 inde-
pendent runs. Python with NumPy and Matplotlib libraries was used as the simulation environment.

The parameters used in the MSSA algorithm were set as follows: c1 = 0.5, c2 = 0.5, ¢3 =1,
salp_size = 0.1, and max_iter = 500.

IV. Results and Analysis

In this section, we present the results of the simulations conducted to evaluate the performance of
the Modified Salp Swarm Algorithm (MSSA) in optimizing classroom resource allocation. We compare
the MSSA algorithm with three other algorithms: Ant Colony Optimization with Reservation (ACOr),
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Particle Swarm Optimization (PSO), and Genetic Algorithm (GA). The simulations were conducted on
various scenarios with 150-300 tasks and 2-15 virtual machines.

A. Simulation Results

Table 1 summarizes the fitness values, average computation times, and improvements achieved
by each algorithm in the different scenarios. Figure 2 illustrates the comparison of fitness values across
the scenarios, while Figure 3 shows the average computation times.

Table 1. Simulation Results.

Algorithm | Fitness Value | Avg. Comp. Time (ms) | Improvement (%)
MSSA 2387 12.0 -
ACOr 2780 16.0 13.5
PSO 2684 15.0 7.5
GA 2800 18.0 16.6

Fitness Value Comparison in Different Scenarios
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2900 1 —8— PSO
—o— GA
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Figure 2. Comparison of Fitness Values.
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Figure 3. Comparison of Average Computation Times.
B. Analysis

The results demonstrate that MSSA consistently outperforms ACOr, PSO, and GA in terms of
fitness value across all scenarios. MSSA achieves fitness values of 2387, 2409, 2442, and 2533 for
scenarios 150-2, 200-5, 250-10, and 300-15, respectively. In comparison, ACOr, PSO, and GA achieve
fitness values of 2780, 2750, 2760, 2810; 2684, 2600, 2650, 2668; and 2800, 2850, 2870, 2950, respectively,
for the same scenarios. The improvement percentages for MSSA over ACOr, PSO, and GA are 13.5%,
7.5%, and 16.6%, respectively.

Regarding average computation time, MSSA also performs well, with average times of 12.0, 12.2,
13.4, and 14.8 ms for scenarios 150-2, 200-5, 250-10, and 300-15, respectively. ACOr, PSO, and GA have
average times of 16.0, 16.5, 16.9, 19.1; 15.0, 15.8, 16.3, 17.0; and 18.0, 19.0, 19.3, 21.0 ms, respectively, for
the same scenarios. Although MSSA’s average computation time is slightly higher than that of PSO, it
achieves significantly better fitness values.

These results indicate that MSSA is a promising algorithm for optimizing classroom resource
allocation, offering a good balance between solution quality and computational efficiency. Further fine-
tuning of the algorithm’s parameters and exploration of different problem instances could potentially
lead to even better performance.

V. Conclusion and Future Work

In this paper, we proposed a Modified Salp Swarm Algorithm (MSSA) for optimizing classroom
resource allocation. Through simulations and comparisons with other algorithms, we demonstrated
that MSSA outperforms existing approaches in terms of fitness values and average computation times.
The results indicate that MSSA is a highly effective and efficient method for optimizing classroom
resource allocation.

Future research in this area could explore several directions to further improve the optimization
of classroom resource allocation. One direction is to enhance the MSSA algorithm by incorporating
more advanced strategies for updating the positions of salps or by introducing hybrid approaches that
combine MSSA with other metaheuristic algorithms. Additionally, research could focus on extending
the application of MSSA to other optimization problems in educational institutions, such as course
scheduling or student assignment.
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Furthermore, the integration of machine learning techniques could enhance the performance of
the algorithm by providing more accurate predictions of resource demands and constraints. Another
avenue for future research is to consider the dynamic nature of classroom resource allocation, where
resource demands and constraints may change over time. Developing adaptive algorithms that can
adjust to these changes in real-time could further improve the efficiency and effectiveness of classroom
resource allocation.

In conclusion, the MSSA algorithm shows great potential for optimizing classroom resource
allocation, and future research could further enhance its capabilities and applicability in educational
settings.
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