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Abstract

This paper addresses the issue of the basic Particle Swarm Optimization (PSO) algorithm easily fall-
ing into local optima when solving the Traveling Salesman Problem (TSP). It proposes an improved
hybrid PSO algorithm. Building on the rapid search capability of PSO to guide global optimization,
the algorithm introduces crossover and mutation operations from the Genetic Algorithm (GA) to
enhance population diversity and local search ability. Additionally, the K-Means algorithm is utilized
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to refine the hybrid PSO algorithm, thereby increasing the iteration speed of the algorithm. Through
the solution and analysis of instances from TSPLIB, experimental results demonstrate that the im-
proved hybrid PSO algorithm can more effectively solve the TSP problem.
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Figure 1. Training process of the improved hybrid particle swarm optimization algorithm
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Figure 2. Training process of the hybrid particle swarm optimization algorithm
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Table 1. Results of solving burmal4 by using two algorithms
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SEA R e BEMA SEME
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Table 2. Results of solving Oliver30 by using two algorithms
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Figure 3. Training process of the improved hybrid particle swarm optimization algorithm
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Figure 4. Training process of the hybrid particle swarm optimization algorithm
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Table 3. Results of solving bayg29 by using two algorithms
= 3. MMEIEKAR bayg29 £5R
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Figure 5. Training process of the improved hybrid particle swarm optimization algorithm
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Figure 6. Training process of the hybrid particle swarm optimization algorithm
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Table 4. Results of solving ch130 by using two algorithms
4. RMEIEKAR ch130 £5R
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Figure 7. Training process of the improved hybrid particle swarm optimization algorithm
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Figure 8. Training process of the hybrid particle swarm optimization algorithm
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