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-+ Abstract -

The purpose of this study is to predict the demand for Auto repair parts in Automotive
A/S Centers based on Recurrent Neural Network (RNN). The parts demand data set
extracted Parts Inventory Management System and classified the demand pattern with
demand time-series data of repair parts depending on the Average demand interval(ADI)
and coefficient of variation (CV?). Most of Auto repair parts has the intermittent demand
patten which is irregularly and high demand in a specific period and it’s difficult to predict
using the traditional demand prediction model like ARIMA. This study is implemented and
evaluated the performance about the demand prediction model using the daily time-series
data set of Auto repair parts based on RNN models which are SimpleRNN, LSTM, GRU
and evaluated the model performance by Loss Function such as MAPE(%), RMSE, RMSLE
that can measure the loss between prediction value and actual value. As the result, LSTM
Model had the lowest loss value, followed by SimpleRNN and GRU Model but the
difference of loss value is very low therefore, this study suggested the possibility to predict
the Auto repair parts demand based on RNN models and it will be useful and expects the
cost saving effect to Parts inventory mangers at Automotive A/S Service Centers.

Key Words : Auto parts demand, ADI, CV? RNN, LSTM, GRU, Intermittent patten.
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