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Abstract

Taking the number of tourists as the research object, this paper preliminarily selects 13 factors
that affect the number of tourists, and firstly establishes a grey netural network model based on
genetic algorithm to predict the number of tourists. In order to improve the prediction accuracy of
the model, grey correlation degree method and average influence method were used to screen the
variables of factors, and the factors with high influence degree were selected and substituted into
the model for prediction. By analyzing and comparing the results of the model, it can be concluded
that the model with the influence of the average value has the highest prediction accuracy and
minimum error after selecting the normal variables.
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Figure 1. Regression analysis of GA-GM neural network
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Table 1. Prediction result and error of GA-GM neural network
%2 1. GA-GM #HZMEEBTTNLER RIRE

E GA-GM 12 [o4 25 1 L T & SR S PRTii N2K HIXT R 2 YaxhiR 2
2017 47.8768 50.01 ~4.3% ~2.1332
2018 52.2317 55.39 -5.7% -3.1583
2019 56.4638 60.06 -6.0% ~3.5962
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Table 2. Grey correlation degree of influencing factors
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Figure 2. The regression analysis of the results after the grey relational degree screening variables
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Table 3. The prediction results and errors of the model after the grey relational degree screening variables
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2019 62.3161 60.06 3.8% 2.2561
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Figure 3. The regression analysis of the results after the average influence method screening variables

Bl 3. FHERETGIEEERRELREI ST

Table 5. The prediction results and errors of the model after the average influence method screening variables

5. PHEZEHEEEERETUNEREIRE

40 TR REEIL i e B A R SE bty A 3K HAX 22 YaxtiRzE
2017 51.0399 50.01 2.1% 1.0299
2018 56.6557 55.39 2.3% 1.2657
2019 60.4821 60.06 0.7% 0.4221
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Table 6. Comparative analysis of model prediction effect
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2% iR 2 MAX ~3.5962 2.7493 1.2657
TR REL 0.99844 0.99999 0.99986
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Figure 4. Comparison diagram of predicted value and actual value of each model
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