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ABSTRACT

The utilization of smart farm environmental and growth data for yield prediction
is increasingly recognized as a pivotal technology in facilitating data-driven
agricultural decision-making. In this study, we aimed to develop a model for
predicting fruiting vegetables yield using smart farm data and implement it as a
service integrated with an information system. To establish a systematic framework
for managing and analyzing smart farm data, we initially developed a data standard
dictionary and designed a data pipeline structure comprising a data lake, data
warehouse, and data mart, thereby creating robust environment for data analysis.
For the development of the vyield prediction model, we constructed an analytical
dataset that integrates smart farm environmental and growth data.

The cucumber yield prediction model employed machine learning algorithms with
input variables such as cultivation week, internal temperature, internal relative
humidity, internal carbon dioxide concentration, and external solar radiation. For the
cherry tomato yield prediction model, a total of 38 analytical variables based on
growth and environmental data were constructed, and key variables selected
through correlation analysis. Upon comparing various machine learning algorithms,
the cucumber model achieved a mean absolute error (MAE) of 0.448 and a
coefficient of determination (R? of 0.714 using the XGBoost algorithm, while the
cherry tomato model achieved a MAE of 8.04 and an R? of 0.88 using the Gradient
Boosting algorithm.

The developed prediction models were integrated with the Gyeonggi-do Smart
Farm Data Utilization Service (GSDUS), automating processes such as environmental
data collection, growth data upload, data preprocessing, and generation of derived
variables. Prediction results are visualized as weekly graphs illustrating trends in
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yield changes throughout the cultivation period. The findings of this study
underscore the potential for developing a data-driven smart agriculture decision
support service that predicts fruiting vegetables yield based on smart farm data for
practical application.

Key words: Smart farm, Big data, Fruiting vegetables, Machine learning, Model
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