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Abstract: Resource optimization is an essential factor in many areas, such as manufacturing, logistics, cloud computing, wireless 

sensor network and energy systems. Conventional optimization methods can be impractical when utilized in large, nonlinear, or 

dynamic optimization problems. Swarm Intelligence (SI) algorithms are based on collective behavior in nature, which provide 

alternatives, which are decentralized, flexible, and efficient. This paper provides a detailed experimental analysis of three traditional 

swarm algorithms Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Artificial Bee Colony (ABC) to an 

allocation of resources and scheduling. The performance of each algorithm was determined using a benchmark problem, which 

modeled the problem of minimizing costs, resource utilization, convergence behavior, the complexity of computation and 

robustness to dynamic problems. Furthermore, a hybrid PSO-ACO algorithm is suggested with the utilization of the fast 

convergence of PSO and the global search of ACO. The observed experimental results can confirm that the hybrid model is more 

effective in cost optimization and utilization by 12-18 percent than other algorithms. The paper ends by projecting the research 

directions in the future such as adaptive hybridization, multi-objective optimization, and real-world applications. 
Keywords: Swarm Intelligence, Resource Optimization, Particle Swarm Optimization, Ant Colony Optimization, Artificial Bee 

Colony, Hybrid Algorithms, Metaheuristics and Dynamic Resource Allocation. 

 

1. Introduction 

Logistic, energy, computing and manufacturing systems in modern systems are increasingly characterized by 

large numbers of heterogeneous and interdependent resources. The operational efficiency, cost and environmental 

sustainability are directly influenced by the successful allocation and planning of these resources. Resource 

optimization problems tend to have the following characteristics: 

 High dimensionality: Good resources and tasks make it possible to have a combinatorial explosion of the 

possible allocations. 

 These are nonlinearity and nonconvexity: The functions of cost may include nonlinear interactions, 

rendering the conventional gradient-based methods inappropriate. 

 Dynamic environments: The real world systems represent dynamic demand, supply of resources, and 

operational constraints. 

 Multiple conflicting aims: Trade-offs may be amidst cost, time, utilization, and quality. 

Linear Programming (LP), Integer Programming (IP), and Dynamic Programming (DP), are classical methods 

of optimization, and are effective at small-scale or structured problems, but are poorly scaled to dynamic and nonlinear 

problems. Heuristic and metaheuristic algorithms offer useful alternatives to the precise algorithm by compromising 

speed and flexibility [1]. The most common of them are Swarm Intelligence (SI) algorithms, which are inspired by 

real-world collective phenomenon, such as bird flocking, ant foraging, or bee colony dynamics, and have proven to 

be very effective in solving large-scale optimization problems. 
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This paper is an experimental study of three popular SI algorithms: PSO, ACO and ABC and a hybrid PSO-

ACO based approach to optimizing our resources. Compared to most comparative studies which only look at a static 

setting, we consider dynamic settings, sensitivity of algorithm parameters and the benefits of hybridization and hence 

can be generally applicable to real-world applications including the dynamic allocation of cloud resources, smart grid 

energy distribution, and planning of industrial production process. 

2. Literature Review 

Swarm Intelligence is related to the early papers of Particle Swarm Optimization by Kennedy and Eberhart 

(1995) [3], Ant System by Dorigo (1996)[1] and Artificial Bee Colony by Karaboga (2005) [2]. These algorithms have 

been expanded and used in other areas in the last twenty year. PSO is a mathematical optimization algorithm known 

to be simple to use and converge fast, and it has been applied in continuous optimization, such as power load dispatch, 

parameter tuning in neural networks, and scheduling tasks in clouds [4,5]. PSO is however susceptible to premature 

convergence in multimodal search spaces.ACO was created to address discrete optimization, including the Traveling 

Salesman Problem (TSP), ACO is effective in combinatorial optimization, including vehicle routing, job shop 

scheduling, and resource allocation in grid computers. It has a pheromone updating mechanism that allows exploration 

at the cost of increased computation time. ABC algorithm models the behaviour of honeybees during foraging in terms 

of exploration and exploitation via used, observer and scout bees. ABC is especially applicable in dynamic settings 

[5], when the space of solutions changes with time. The use of hybrid swarm intelligence algorithms has become 

popular lately. To overcome the individual limitations, researchers have come up with ACO -PSO hybrids [6], ABC -

PSO hybrids, and hybrid evolutionary methods. Indicatively, PSO-ACO hybrids capitalize on the convergence of PSO 

to perfect the world following ACO venturing into prospective directions. Although these processes have caused 

development, there are few comparative experimental processes under dynamic situations and most of the hybrid 

solutions are domain specific. This paper addresses this gap by analytically examining and integrating PSO and ACO 

towards a generalized resource optimization model. 

3. Theoretical Framework 

Swarm intelligence algorithms share a common framework: A population of agents explores the search space, 

updates positions based on collective rules, and iteratively improves solutions. 

Let the resource optimization problem be defined as: 

min   𝐹(𝐱) = ∑ Urep

𝑅

𝑟=1

∑ u

𝑇

𝑡=1

𝐶𝑟𝑡𝑥𝑟𝑡 − 𝜆𝑈(𝐱)                                                     (1) 

In which xrt denotes variables of resource allocation (binary or continuous), crt are costs related to resource 

allocation, and Urep denotes the utilization of resources. Capacity limits and task satisfaction are imposed by 

constraints[10]. 

Both algorithms use their own mechanism of updating solutions: 

PSO: Simulation of social learning is done by velocity-position updates. 

ACO: Searching by trails of probabilistic pheromones and by heuristic visibility. 

ABC: The fitness (quality of food sources) regulates the behaviors of bees to forage and exploit. 

Hybridization is a synthesis of the path exploration of ACO and convergence of PSO which is velocity-driven 

and results in a balance of the global and local search. 

4. Methodology 

4.1 Algorithms Implemented 

PSO: using inertia weight w=0.7, cognitive/social c1=c2=1.5 and population size = 40. 

ACO: 50 ants with pheromone evaporation rate ρ=0.1, and α =1, 2, and heuristic visibility that is applied to 

task-resource mapping. 

ABC: There are 50 bees, 50 people around, and the limit parameter of scout activation = 100. 
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Hybrid PSOACO: ACO gets pheromone matrix as the starting point of proposal of solutions: initial solutions 

are constructed; best solutions are inoculated as seeds of the particles of PSO to be refined through iteration. 

4.2 Experimental Setup 

Resources (R): 50, Tasks (T): 100. 

Dynamic conditions: task demand varies in every 10 iteration with the variations of ±10-20. 

Evaluation Metrics: 

 Cost minimization 

 Resource utilization (%) 

 Convergence iterations 

 Computation time 

 Perturbative stability Stability to dynamic perturbations. 

Tests were performed with Python 3.11 in Intel i7, 16 GB of memory. The number of runs in each experiment 

averaged 30 to guarantee the reliability of a statistical experiment. 

4.3. Experimental Dataset and Implementation 

To ensure reproducibility and transparency of the experiments, a synthetic dataset was generated to simulate 

realistic resource optimization scenarios. 

Dataset: 

 50 resources with capacities ranging between 60 and 160 units. 

 100 tasks with random demand (1–8 units) and priority weights between 0.5 and 1.5. 

 A 50 × 100 resource–task cost matrix with costs uniformly sampled between 1.0 and 10.0. 

The dataset is provided in three CSV files: 

 resources.csv – resource IDs and capacities 

 tasks.csv – task IDs, demands, and priorities 

 cost_matrix.csv – cost values for each resource–task pair 

4.4Implementation All algorithms were implemented in Python 3.11. The baseline greedy algorithm was used 

to establish initial performance levels. Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), 

Artificial Bee Colony (ABC), and a PSO–ACO Hybrid algorithm were then applied to the dataset.Algorithm 

parameter settings are stored in algorithm_params.json. The main experiment script si_resource_opt_code.py loads 

the dataset, runs the algorithms, generates convergence plots, and produces summarized performance tables. 

Availability: The entire experimental package is provided in the supplementary file 

swarm_resource_opt_package.zip, which contains all datasets, parameter files, Python code, figures, and result 

summaries to enable full replication. 

5. Discussion and Results of the Experiments 

5.1 Convergence Analysis 

PSO improved with an average of 45 iterations and sometimes stagnated. ACO was less aggressive (in terms 

of its exploration) but converged more gradually (~95 iterations). The convergence rate of ABC was moderate (around 

70 iterations). The hybrid PSO-ACO converged after 60 iterations and cost was lower. 

5.2 Static and Dynamic Environments 
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In stagnant environments, the cost was cheapest with ACO, whereas PSO was quicker.ABC was more adaptable 

in dynamic situations, as a result of scouts. The hybrid ensured almost optimal performance during varying demands. 

5.3 Parameter Sensitivity 

Optimizing ACO by increasing its β parameter improved exploitation at the expense of convergence. The 

weight of PSO when it comes to exploration was a major influence. The hybrid had less sensitivity to tuning of the 

parameters implying strength. 

5.4 Scalability 

When R=200 and T=500, hybrid PSOACO scaled linearly and was still able to optimize, but ACO was 

computationally costly and PSO had poor quality. 

5.5 Algorithmic Complexity 

 PSO: O(NP×D) 

 ACO: O(Nants×D^2) 

 ABC: O(Nbees×D) 

 Hybrid: ACO init + PSO exploit ⋄  O(D 2 + NPxD) but gives better results. 

6. Conclusion  

The article was a comparative experiment on PSO, ACO, and ABC and a hybrid between PSO and ACO on the 

aspect of resource optimization in both the dynamic and the non-dynamic environment. Key findings includes that 

PSO is effective to the continuous problems which can be easily converged within the shortest time; but it is vulnerable 

to local minimum.ACO can be applied in discrete optimization where the quality of solution is of high standard.ABC 

is a better product in the aspects of dynamism due to exploration strategies. The hybrid PSO-ACO was the best one 

in the aspect of finding a balance between exploration and exploitation and better cost and utilization of 12-18 percent. 

In future, the work can be extended on Phase reinforcement learning using ACO/PSO Phase hybridization. Further, 

Multi-objective optimization can be done in term of the inclusion of the sustainability, energy usage or latency in the 

cost. Furthermore, Parallel, distributed large-scale cloud/IoT implementations and Smart grids, cloud data centers and 

supply chain networks on real-life testing can be done using optimization algorithms. 
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