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Abstract

With the development of the Internet and e-commerce platforms, China has become the world’s
largest online sales market in recent years. Online shopping, a consumption mode, has gradually
become an indispensable way of life in the daily life of Chinese people. As an important application
problem, sales forecast can provide more accurate sales target for merchants and avoid product
overstocking. Manage product inventory reasonably and arrange production schedule; Timely prod-
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uct supplement, to avoid the phenomenon of short supply. Compared with the traditional offline
store sales, e-commerce has the advantages of simple data collection, rapid data processing and
huge data volume. We can make use of these advantages to forecast the sales volume of goods more
quickly, so as to provide e-commerce with inventory, marketing strategy and other adjustment
strategies. This paper uses the historical sales data of an e-commerce shop to build a three-layer
LSTM network model under the framework of Keras. The calculation results of CNN model, tradi-
tional LSTM model, ARMA-SVR combined model and WaveNet-LSTM model are compared and ana-
lyzed, and the prediction accuracy, training efficiency and so on of the new model obtained have
greater superiority.
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Figure 1. Expanded structure of RNN neural network
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Figure 2. LSTM network structure diagram
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Figure 3. Magnified neuronal structure diagram
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Figure 4. Experimental flow chart
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Figure 5. Model structure diagram
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Figure 6. Ablation comparison
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Figure 7. Comparing results of CNN models
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Figure 8. Comparison results of traditional LSTM
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Figure 9. Comparison results of ARMA_SVR models
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Figure 10. Comparison results of WaveNet-LSTM model
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