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[ Abstract] Empty hotel rooms, unsold event tickets and unconsumed goods represent unnecessary costs and unrealized revenues,
and accurate forecasts of travel demand are essential for governments to make informed decisions on issues such as infrastructure
development and accommodation planning. With the rapid development of artificial intelligence, artificial intelligence models such as
neural network and SVR have been successfully applied in the prediction of tourism demand. In this paper, the training process,
application and characteristics of SVR, BP neural network and LSTM tourism demand prediction models are studied, and the
practical difficulties are analyzed, and the application of tourism demand prediction models in real life is summarized and prospected.
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Tab. 1 Comparison of three demand forecasting models
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