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[Abstract]

In this paper, we propose a deep-learning-based price prediction model by detecting and handling outliers for agricultural
products. Outliers caused by biased data can lead to performance deterioration issues during the learning and prediction processes
of a deep learning model. To overcome this issue, we present a method that divides the data into monthly intervals and utilizes
the interquartile range to detect outliers, followed by transforming the time series data into a stationary form using the moving
average method. In our experiments, the conventional long short-term memory deep learning model showed mean absolute
percentage error (MAPE) values of 5.41, 4.15, and 5.55 for cabbage, radish, and onion, respectively, while the proposed method
showed MAPE values of 4.15, 3.19, and 4.92, respectively. These results highlight the effectiveness of outlier detection and

handling in enhancing the performance of deep-learning-based prediction models.
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Fig. 1. Price fluctuation graph (Napa Cabbage)
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Product Prediction Model RMSE MAPE
ARIMA 92.11 6.20
LSTM 76.75 5.41
Napa
cabbage Prophet 80.22 6.30
Proposed 76.57 415
ARIMA 60.23 5.93
LSTM 49.78 4.15
Radish
Prophet 52.75 4.51
Proposed 42.88 3.19
ARIMA 70.05 6.28
LSTM 62.22 5.55
Onion
Prophet 55.28 5.27
Proposed 50.89 4.92
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Table 5. Price prediction experiment results by data period

Data Model RMSE MAPE
ARIMA 92.11 6.2
Train:2006- 2016 Prophet 80.22 6.3
Dev.: 2017
Test:2018 LSTM 76.75 5.41
Proposed 76.57 415
ARIMA 113.03 8.2
Train:2007- 2017 Prophet 100.52 6.92
Dev.: 2018
Test:2019 LST™M 90.42 6.39
Proposed 71.56 4.47
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