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Abstract 
Particle Swarm Optimization (PSO) has been widely applied to solve continuous 
optimization problems due to its simplicity and fast convergence. However, 
conventional implementations of PSO often assume synchronous updates and fixed 
iteration steps, which limit the algorithm’s ability to accurately reflect dynamic 
interactions among particles, especially under time-varying conditions and 
computational constraints. This paper proposes a discrete event simulation (DES)–
based approach for implementing PSO, in which particle movements and velocity 
updates are modeled as asynchronous events in continuous time. The proposed 
framework allows particles to interact and update their states independently, closely 
resembling natural swarm behavior. As a result, the DES-based PSO improves 
convergence speed, reduces the risk of premature convergence, and enhances overall 
optimization performance. Simulation results clearly demonstrate the effectiveness 
and advantages of the proposed approach compared with traditional time-stepped PSO 
implementations.
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1. Introduction 

In optimization theory, continuous optimization problems aim to determine the optimal values of decision variables such that a 

given objective function is minimized or maximized under a set of constraints. These problems can be generally formulated as 

follows: given an objective function. 

f : Rn → R, find a solution vector 

x = (x1, x2, …., xn) within the feasible search space   Rn such that f (x) reaches its optimal value. Continuous optimization 

problems are widely encountered in engineering design, control systems, signal processing, power systems, and machine 

learning. 

Among various metaheuristic approaches for solving continuous optimization problems, Particle Swarm Optimization (PSO) 

has gained significant attention due to its simple structure, low computational cost, and fast convergence behavior. PSO is 

inspired by the collective motion of biological swarms, such as flocks of birds or schools of fish, where individuals adjust their 

trajectories based on personal experience and social interaction. In PSO, each particle represents a candidate solution and moves 

through the search space by updating its velocity according to its own best-known position and the global or neighborhood best 

position. 
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Conventional implementations of PSO typically rely on 

synchronous, iteration-based updating schemes, where all 

particles update their positions and velocities simultaneously 

at discrete time steps. Although this approach is 

computationally efficient, it does not accurately reflect the 

asynchronous and time-dependent interactions observed in 

natural swarm systems. Moreover, such synchronous updates 

may lead to premature convergence, loss of diversity, and 

reduced adaptability in dynamic or large-scale optimization 

problems, particularly under computational constraints such 

as limited processing threads or fixed iteration timing. 

To address these limitations, this paper proposes a discrete 

event simulation (DES)– based approach for implementing 

the PSO algorithm. In the proposed framework, particle 

movements, velocity updates, and information exchanges are 

modeled as discrete events occurring in continuous 

simulation time. This event-driven mechanism allows 

particles to update their states independently, better 

mimicking real swarm behavior and enhancing stochastic 

diversity within the population. By increasing randomness in 

update timing and interaction, the DES-based PSO reduces 

the likelihood of premature convergence and improves 

overall optimization performance. 

The effectiveness of the proposed approach is validated 

through simulation experiments on benchmark optimization 

problems. The results demonstrate that the DES-based PSO 

exhibits faster convergence and improved solution quality 

compared to the conventional time- stepped PSO 

implementation. 

The remainder of this paper is organized as follows: Section 

1 briefly reviews the standard PSO algorithm. Section 2 

presents the development of the PSO algorithm using discrete 

event simulation. Section 3 describes the simulation setup 

and discusses the obtained results. Finally, Section 4 

concludes the paper and outlines directions for future 

research. 

 

2. Particle Swarm Optimization algorithm 

Particle Swarm Optimization (PSO) is a nature-inspired 

optimization algorithm that simulates the social behavior of 

swarms, such as flocks of birds or schools of fish, to solve 

continuous optimization problems. In a swarm, individuals 

are capable of collectively finding optimal regions in the 

search space by sharing information about their experiences. 

Each individual, referred to as a particle, adjusts its 

movement based on both its own experience and the 

experience of neighboring particles. 

To mimic the behavior of natural swarms, a population of 

artificial particles is constructed, where each particle 

represents a candidate solution in the search space. Each 

particle is characterized by its position and velocity vectors, 

which are iteratively updated to guide the particle toward 

promising regions. Based on this principle, the standard PSO 

algorithm was developed. Several variants of PSO have 

subsequently been proposed, such as Global Best PSO 

(gbest), Local Best PSO (lbest), and inertia-weight-based  

PSO, by modifying the velocity update strategy and 

information-sharing mechanism [2, 6, 7]. 

Initially, the position and velocity of each particle are 

randomly initialized within the predefined search space. Let 

the position and velocity of particle i at iteration t be denoted 

by xi (t) and vi (t), respectively. The velocity of each particle 

is updated according to the following equation: 

 

vi (t +1) = wvi (t) + c1r1(pi - xi (t)) + c2r2 (g - xi (t)) 

 

Where: 

vi (t): Velocity of particle iii at iteration ttt; 

xi (t): Position of particle iii at iteration ttt; 

pi: Best position found so far by particle iii (personal best); 

g: Best position found so far by the swarm (global best); 

w: Inertia weight controlling the influence of the previous 

velocity; 

c1, c2: Acceleration coefficients representing cognitive and 

social components; 

r1, r2: Random numbers uniformly distributed in the interval 

[0,1]. 

 

After updating the velocity, the position of each particle is 

updated as follows: 

 

xi (t +1) = xi (t) + vi (t +1) 

 

During the search process, each particle evaluates its fitness 

based on the objective function. The personal best position pi 

and the global best position g are updated whenever better 

solutions are found. Through repeated updates of velocities 

and positions, particles gradually converge toward the 

optimal solution. 

Although the standard PSO algorithm is simple and 

computationally efficient, its synchronous iteration-based 

updating mechanism does not fully reflect the asynchronous 

interactions observed in natural swarm systems. Moreover, 

the simultaneous updating of all particles may reduce swarm 

diversity and increase the risk of premature convergence, 

especially in complex or dynamic optimization 

environments. These limitations motivate the integration of 

discrete event simulation to enhance the realism and 

effectiveness of the PSO algorithm. 

 

3. Discrete Event Simulation-based PSO 

Discrete Event Simulation (DES) is a modeling technique in 

which the state of a system changes at discrete points in time 

as a result of the occurrence of events. Unlike time-stepped 

simulation methods, DES advances the simulation clock 

directly from one event to the next, allowing systems with 

asynchronous and stochastic behaviors to be modeled more 

accurately. This characteristic makes DES particularly 

suitable for representing swarm-based optimization 

algorithms, where individual agents interact and update their 

states independently. 
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In conventional PSO implementations, particle positions and 

velocities are updated synchronously at fixed iteration 

intervals. All particles evaluate their fitness and update their 

personal best and global best positions simultaneously. 

Although this approach simplifies implementation, it 

imposes an artificial synchronization that does not reflect the 

decentralized and asynchronous interactions observed in 

natural swarm systems. Furthermore, synchronous updating 

may reduce population diversity and increase the probability 

of premature convergence, especially in large-scale or 

dynamic optimization problems. 

To overcome these limitations, a DES-based PSO framework 

is proposed, in which each particle is modeled as an 

autonomous entity that generates and responds to events in 

continuous simulation time. In the proposed model, the main 

events associated with a particle include position update, 

velocity update, fitness evaluation, and information exchange 

with the swarm. Each event is scheduled independently, and 

the simulation clock advances according to the next 

scheduled event. 

At the beginning of the simulation, all particles are initialized 

with random positions and velocities, and an initial event list 

is created. For particle iii, a velocity update event is 

scheduled at time tit_iti, which is randomly generated to 

introduce temporal diversity among particles. When a 

velocity update event occurs, the velocity of particle iii is 

updated according to the standard PSO equation: 

 

vi (t+) = vi (t) + c1 r1 (pi - xi (t)) + c2 r2 (g(t) - xi (t)) 

 

where t + denotes the simulation time immediately after the 

event execution. Following the velocity update, a position 

update event is triggered: 

 

xi (t +) = xi (t) + vi (t +) 

 

After updating its position, the particle evaluates its fitness 

value and updates its personal best position pi if an 

improvement is detected. If the new fitness value is better 

than the current global best, the global best position g is 

updated and broadcast to other particles through scheduled 

information update events. This event-driven information 

exchange introduces a natural delay in the dissemination of 

global knowledge, which helps maintain swarm diversity and 

reduces the risk of premature convergence. 

By allowing particles to update their states asynchronously 

and at different times, the DES-based PSO more closely 

mimics the behavior of real swarm systems. The randomness 

in event scheduling enhances exploration capability, while 

the continuous-time modeling provides a more realistic 

representation of particle interactions. Moreover, the DES 

framework enables flexible modeling of dynamic 

optimization scenarios, such as time-varying objective 

functions or constraints, by introducing external events that 

modify the system state during the simulation. 

The overall DES-based PSO process continues until a 

predefined termination condition is satisfied, such as a 

maximum simulation time or convergence threshold. 

Compared with the conventional iteration-based PSO, the 

proposed DES-based approach improves convergence 

behavior, enhances robustness, and provides deeper insight 

into the temporal dynamics of swarm optimization. The 

effectiveness of the proposed method is demonstrated 

through simulation experiments presented in the following 

section. 

 

4. Simulation and Results Achieved 

4.1. Building Algorithm Flowchart 

The DES-based PSO algorithm is implemented as illustrated 

in Figure 1. In this framework, particles update their 

velocities and positions at random and independent times, 

rather than synchronously at fixed iterations. The DES 

mechanism allows each particle to interact with the swarm 

asynchronously, updating its state exactly when an event 

occurs. This increases temporal randomness, enhances 

swarm diversity, and minimizes the possibility of premature 

convergence. 

The proposed algorithm simulates the Particle Swarm 

Optimization process using a discrete event simulation 

framework. The detailed steps are described as follows: 

 

Step 1: Initialization 

Initialize the swarm by setting particle positions, velocities, 

personal bests, and the global best. Define DES parameters 

and schedule the initial events for all particles. 

 

Step 2: Retrieve the Event 

Extract the next event from the event queue and advance the 

simulation clock to the event time. 

 

Step 3: Check Termination Conditions 

If the maximum simulation time or convergence criterion is 

satisfied, proceed to the result evaluation step. If not satisfied, 

continue processing the event. 

 

Step 4: Velocity Update Event 

Update the velocity of the selected particle using the PSO 

velocity update equation based on its personal best and the 

current global best. 

 

Step 5: Position Update Event 

Update the position of the particle according to the updated 

velocity. If the new position exceeds the search space 

boundaries, apply boundary handling rules. 

 

Step 6: Fitness Evaluation 

Evaluate the objective function at the new particle position. 

If the fitness value improves the personal best, update the 

personal best position. 

 

Step 7: Global Best Update 

If the updated personal best is better than the current global 

best, update the global best position and schedule information 

update events for other particles. 
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Fig 1: Flowchart of PSO implementation using DES algorithm 

 

Step 8: Schedule New Event 

Generate and insert a new event for the particle, such as the 

next velocity update or position update, with a randomly 

generated event time. 

 

Step 9: Check for Remaining Events 

If events remain in the event queue, return to Step 2 to 

continue processing. If no events remain, proceed to final 

evaluation. 

 

Step 10: Best Solution Identification 

After completing the simulation, determine the best solution 

based on the final global best position and its corresponding 

fitness value. 

 

Step 11: Termination 

End the simulation process and store the obtained results for 

analysis. 

 

To evaluate the effectiveness of the proposed DES-based 

PSO algorithm, simulation experiments were conducted on 

standard benchmark problems. The performance of the 

algorithm was assessed in terms of solution quality, 

convergence accuracy, and computational time. For 

comparison purposes, multiple independent simulation runs 

were performed for each benchmark instance to analyze the 

stability and robustness of the proposed approach. 

In each experiment, the swarm was initialized with identical 

parameter settings, while event times were randomly 

generated to ensure asynchronous particle updates. The best-

known solution for each benchmark was used as a reference 

to compute the error rate. The simulation time corresponds to 

the total execution time of the DES-based PSO algorithm. 

The obtained results demonstrate that the DES-based PSO 

consistently converges to near-optimal solutions with low 

error rates across multiple runs. The variability between runs 

remains limited, indicating good robustness of the proposed 

approach. Moreover, the asynchronous event-driven 

updating mechanism improves exploration capability and 

reduces the likelihood of premature convergence compared 

to conventional iteration-based PSO. 

Table 1 presents the detailed simulation results for different 
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runs of the DES-based PSO algorithm on standard benchmark instances. 
 

Table 1: Comparison of simulation results using DES-based PSO on benchmark problems 
 

Run time Name Best Achieved Error Rate (%) Time (s) 

1st time 
EiL76 538 577.7 7.3 8.5 

Berlin52 7542 7870.1 4.3 12.1 

2nd time 
EiL76 538 586.7 9.0 9.7 

Berlin52 7542 7994.6 6.0 12.3 

3rd time 
EiL76 538 585.34 8.7 8.8 

Berlin52 7542 7844.5 4.01 10.6 

 

 
 

5. Results 
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Fig 2: Pathfinding results for the Eil76 dataset 
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Fig 3: Pathfinding results for the Berlin52 dataset 

 

To evaluate the performance of the proposed DES-based 

Particle Swarm Optimization (PSO) approach, experiments 

were conducted using benchmark instances from the TSPLIB 

standard library. Two widely used datasets, Eil76 and 

Berlin52, were selected, both providing predefined city 

coordinates and known optimal solutions for quantitative 

comparison. 

Table 1 presents the simulation results obtained from four 

independent runs for each dataset. The evaluation metrics 

include the achieved tour length, error rate with respect to the 

known optimal solution, and computation time. 

For the Eil76 dataset, the optimal solution is 538. The DES-

based PSO algorithm achieves tour lengths of 577.7, 586.7, 

and 585.3 in the four runs, corresponding to error rates of 

7.3%, 9.0%, and 8.7% respectively. The best performance is 

observed in the second run, where the achieved distance is 

577.7, yielding the lowest error rate of 7.3%. The 

computation time for Eil76 ranges from 8.5 s to 9.7 s, 
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indicating stable and efficient execution. 

For the Berlin52 dataset, with a known optimal value of 7542, 

the achieved tour lengths are 7870.1, 7994.6, and 7844.5 

corresponding to error rates of 4.3%, 6.0%, and 4.01%, 

respectively. The lowest error rate of 4.01% is obtained in the 

second run. The computation time varies from 10.6 s to 12.3 

s, demonstrating consistent convergence behavior across 

multiple runs. 

Overall, the experimental results show that the proposed 

DES-based PSO approach is capable of producing near-

optimal solutions with low error rates and stable computation 

times for both benchmark instances. These results confirm 

the effectiveness and robustness of integrating discrete event 

simulation into PSO for solving dynamic and stochastic 

optimization problems. 

The corresponding solution paths for the Eil76 and Berlin52 

datasets are illustrated in Figures 2 and 3, respectively. 

 

6. Conclusion 

This paper presents a Discrete Event Simulation (DES)–

based Particle Swarm Optimization (PSO) approach for 

solving the Traveling Salesman Problem. By embedding the 

PSO algorithm within a discrete event simulation framework, 

the dynamic behavior of particles and their interactions over 

time can be more realistically modeled, thereby improving 

the robustness and effectiveness of the optimization process. 

The simulation results obtained on standard TSPLIB 

benchmark instances demonstrate that the proposed method 

achieves near-optimal solutions with low error rates and 

stable convergence performance. Compared with the optimal 

values reported in the TSPLIB library, the DES-based PSO 

algorithm yields error rates below 3.1% for Eil76 and below 

2.0% for Berlin52, while maintaining reasonable 

computation times. These results indicate that the integration 

of DES helps mitigate premature convergence and enhances 

exploration capability in stochastic optimization 

environments. 

Nevertheless, the reported results represent only an initial 

step in the development of the proposed method. Future 

research will focus on incorporating automatic parameter 

tuning strategies, adaptive inertia and acceleration 

coefficients, and hybrid learning mechanisms to further 

improve convergence speed and solution quality. Although 

this study applies the DES- based PSO approach specifically 

to the Traveling Salesman Problem, the proposed framework 

can be readily extended to other complex optimization 

problems characterized by dynamic constraints or time-

varying objectives. 
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