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Method for Agricultural Machinery Spare Parts Demand Forecasting
Based on Time Series Efficient Convolutional Neural Networks

ZHANG Zhigang'® ZHANG Jiarui' ZHANG Wenyu'? HE Weisheng' PAN Jiankun' WU Sijin'

(1. Key Laboratory of Key Technology on Agricultural Machine and Equipment, Ministry of Education
South China Agricultural University, Guangzhou 510642, China
2. Guangdong Provincial Key Laboratory of Agricultural Artificial Intelligence, Guangzhou 510642, China)

Abstract; Agricultural machinery spare parts are the foundation for the repair of agricultural machinery
and are essential for timely maintenance of machinery failures and the normal operation of agricultural
production. Therefore, accurate forecasting of the demand for agricultural machinery spare parts is
crucial. However, the demand for agricultural machinery spare parts is characterized by non-stationarity,
non-linearity, multiple zero values, and large fluctuations, making the prediction task challenging.
A time series efficient convolution network ( TECNet) was proposed based on convolutional neural
networks for predicting the demand of agricultural machinery spare parts. The model firstly extracted the
periodicity of the original one-dimensional sequence by using fast Fourier transform, then a two-
dimensional time series convolution module for feature extraction was constructed based on the
periodicity, and finally the two-dimensional features back was reshaped to one-dimensional features and
the predicted values were obtained by linear transformation. The sales data of four different spare part
types from an agricultural machinery spare part supplier were used to evaluate and validate the model,
and the root mean square scaling error was introduced as a measure to unify the prediction effect among

different sequences. The findings from the experiment indicated that the predictive performance of the
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new model surpassed that of other comparative models. The root mean square errors for the projections of

the four distinct spare parts’ demand were 0.775,

1.349, 0.822, and 0.205, respectively,

demonstrating a high degree of accuracy in predicting. The model was capable of analyzing the time-

dependent relationships within time series data, effectively identifying nonlinear patterns. It performed

well in predicting the demand for various agricultural machinery spare parts, offering valuable insights for

the demand of predicting agricultural machinery spare parts.

Key words: agricultural machinery spare parts; demand prediction; time series prediction; efficient

convolutional neural network
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Tab.5 Optimal hyperparameters of benchmark model
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Fig.7  Prediction results of each model on spare parts dataset
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Tab.7 Comparison of prediction results of each
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Fig.8 2D representation of spare parts A series for spare parts dataset
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Fig. 10  Test on lag time of different agricultural products
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