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Genetic Algorithm Combining Opposition—based Learning and
Metropolis Criterion for TSP

YE Zimeng, ZHANG Dabin
(College of Big Data and Computer , Guangdong Baiyun University , Guangzhou 510450, China)

Abstract: When traditional genetic algorithm (GA) is used to solve traveling salesman problem (TSP), the global search scope is limited,
and it is easy to fall into premature phenomenon and slow Rate of convergence due to the lack of population diversity and local search ability in
the later stage. Based on the population inversion genetic algorithm (EROGA ), which combines the idea of reverse learning (OBL) , the Me-
tropolis principle of Simulated annealing algorithm (SA) and the idea of real elite learning, an improved genetic algorithm OBLGSAA is pro-
posed. First, reverse learning is adopted in the process of generating initial population to improve the accuracy and Rate of convergence of the
optimal solution; Then, the Metropolis criterion is used to improve the crossover and mutation operators to enhance the local search ability of
the algorithm; Finally, the concept of real-life elite learning is introduced to further enhance GA's local search ability through a greedy rota-
tion learning mechanism. The simulation results on various traveling salesman datasets show that OBLGSAA can effectively improve the diver-
sity of GA population, making the algorithm less prone to premature convergence, and outperforming the original EROGA in terms of conver-
gence performance and solution accuracy, verifying the effectiveness and superiority of the algorithm.
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Fig.1 One-dimensional binary reverse learning mechanism
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Fig.3 Population reversal operation process
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Fig. 4 Process of population individual greedy elite rotation learning
operation
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Fig. 6 Recurrent learning operation process for updating greedy
elites with multiple individuals in a population
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Fig. 12 Optimization curves of various algorithms in Oliver30 data set
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Fig. 13 Optimization curves of various algorithms in Eil51 data set
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Fig. 14 Optimization curves of various algorithms in Eil76 data set
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Table 1 Statistical analysis of multiple TSP datasets solved by various algorithms
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