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Abstract
daptive optimization cannot be achieved, which hinders its learning and generalization ability. To solve this problem, we used the grey wolf op-

Xi’ an University of Posts and Telecommunications, Xi’ an, Shaanxi

When predicting least squares support vector machine, most of its parameters are only dependent on artificial experience, and a-

timization algorithm to optimize the parameters of the least squares support vector machine, and took the 1978-2016 national jujube production
data as the research object, and used the optimal parameters of the least squares support vector machine to calculate the red jujube yield data.
In order to avoid over-fitting, the data of 1978—2007 and 2013-2016 were used as the training and prediction data of the model, respectively.
The data of 2008-2012 were used for cross-validation. At the same time, it was combined with ARIMA to test the predictive performance of the
model. The prediction effect of the model was compared and analyzed. The empirical analysis showed that the average relative error of the least
squares support vector machine model based on the grey wolf optimization algorithm was smaller than the average relative error predicted by the
ARIMA model, which could be applied to the prediction of jujube yield, and further indicated that the grey wolf optimization algorithm was ef-
fective to the least square support vector machine parameter optimization.
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Table 1 Comparison of the jujube yields of China from 1978 to 2016
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