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A Daily Sales Forecasting Method Based on LSTM Model

WU Juan—juan,REN Shuai,ZHANG Wei-gang, WU lJing,LI Xiang—yun
(School of Information Engineering,Chang’ an University,Xi’ an 710064 ,China)

Abstract; Accurate sales forecasting has great guiding significance for business operations. It can guide the operational back-office to
allocate reasonable resource in advance and help managers to set reasonable goals. The retail store daily sales forecast refers to the change
rule of the sales summarized from the data of existing daily sales of stores and the dynamic prediction of daily sales in a period of time in
the future. The forecasting is to improve the production model and make profits by increasing the production volume of the company. At
present, the accuracy of the existing forecasting methods on the sales of goods is not high,less than 85% . Therefore,we propose a retail

store daily sales forecasting method based on LSTM model of TensorFlow, which can improve the precision of daily sales forecasting for
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the next week. The experiment shows that the prediction accuracy reaches 90% . At the same time,the MAPE of the LSTM model is

0. 031 932,and the MAE is 168.320 7, which is significantly higher than the prediction results of the existing models.
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