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Abstract

With the overall improvement of China’s comprehensive national strength, China's tourism in-
dustry has entered a stage of rapid development. The number of inbound tourists is increasing.
It is of great significance to accurately predict the scale of inbound tourists in China. This paper
uses LSTM (Long Short-Term Memory) model and ARIMA (Autoregressive Integrated Moving
Average Model) model to predict and compare the number of inbound tourists in China, and
takes the number of inbound tourists from January 2014 to December 2016 as an example to
conduct empirical research. The results show that LSTM neural network is more suitable than
ARIMA for predicting the scale of inbound tourists in China, and the prediction accuracy of LSTM
model is 22.981% higher than ARIMA. Predicting the number of inbound tourists based on LSTM
model has certain guiding significance for relevant departments to optimize the allocation of
tourism resources.
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Figure 1. 2014~2016 China inbound number curve
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Figure 2. Autocorrelation and partial autocorrelation graphs
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Figure 3. ARIMA residual graph
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Figure 4. 2014~2016 ARIMA prediction curve
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