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(A Study on Time Series Models for Predicting Cucumber Shipment Using Smart Farm Data)
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Abstract

This study utilizes data collected by the Rural Development Administration from smart farm sites
to identify key variables affecting cucumber shipment and proposes the most accurate prediction
model through comparative analysis of various forecasting models. The dataset includes daily
weather conditions, cultivation environments, and management activities from 36 different crop
seasons. The predictive models used in this study include Multiple Regression, ARIMA(Auto
Regressive  Integrated Moving Average), LSTM(Long Short-Term Memory), and
SARIMA(Seasonal Auto Regressive Integrated Moving Average). Model performance was
evaluated using RMSE and MAE, with SARIMA demonstrating the best results. By optimizing the
hyperparameters, SARIMA's prediction accuracy improved significantly, effectively capturing the
strong seasonality in cucumber shipments.
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Table 1, Data of Smart Farm

Data Name Provided information Unit
5 | Environmental Internal/External time
= Information Information
= .
=] Growth Growth Information by
[} . . day
9= information Item
s Cultivation . 9
&{’ information Planting area m
=. Production
) . . 7
@ information Sales rate L
- Identity Item and Loction _
§ information Information
o Cultivation Matching Farmh D
o | Period Details atching Farmhouse day
2. | Environmental Facility gardening .
3 . Environmental time
Information Information
@ . inside mean P
E‘F mean temp_in temperature C
S 2. . Effective cumulative q
=t A
(BD & GDD temp_in inside temperature C
= hum_in Average inside humidity| %
Ye
x 5@’ temp_out outside temperature (¢
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Fig 3. Predicted and actual values for shipments (multiple
regression)
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Table 2. Comparison of shipment forecast model

performance
Classification | T53]# | ARIMA LSTM |SARIMA
RMSE 331.64 176.23 531.69 136.60
MAE 205.17 90.31 369.99 83.86
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