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Abstract : With the development of intelligent transportation and tourism planning, many people have long been
eager to find a good travel route and maximise the enjoyment of flowers in a short amount of time
and money. To solve the problem of city visits and route planning for holiday flower viewing tourism,
this paper puts forward an intelligent route planning method (GNN-MOPSO) based on graph neural
networks (GNN) and multi-objective particle swarm optimisation (MOPSO). A GNN is employed to
obtain the structure information of the urban network, and then MOPSO is applied for simultaneous
multi-objective optimisation of various objectives, that is to say maximisation of flower—viewing
value and minimisation of travel cost. According to experiments, GNN-MOPSO is better than the
previous optimisation methods PSO and NSGA-II in terms of the quality of solutions and the diversity
of solutions for all cases, especially in large—scale urban networks. GNN-MOPSO can also be used
to address the problem of multiple constraints in the optimisation of smart transportation and tourism
paths. Therefore, based on the reasons mentioned above, the direction of future research in this paper
will be to apply reinforcement learning and the scalability of algorithms to large—scale urban networks.

Keywords : graph neural network; multi-objective particle swarm optimization; path planning; flower
viewing; smart tourism
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