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Abstract

As an alternative to address the structural crisis in agriculture caused by climate change and labor shortag
es, smartfarm that integrate Fourth Industrial Revolution technologies are rapidly expanding. However, in rea
lity, the high costs of IoT-based equipment installation and the complexity of maintenance and management
pose significant barriers to practical adoption by farmers. This study selected 10 key environmental data vari
ables for tomato yield prediction based on commonly deployed facilities and equipment in domestic smartfar
m greenhouses. Three models—RandomForest, Long Short-Term Memory (LSTM), and Gated Recurrent Unit
(GRU)—were applied to compare and analyze the impact of each variable. Model performance was evaluated
using Root Mean Square Error (RMSE) and the coefficient of determination (R?). The analysis revealed that
the RandomForest model achieved the highest performance when trained with four variables. Overall, models
showed improved predictive power when using 3 to 6 variables as inputs. Key variables highly correlated
with yield prediction included internal CO, concentration, external temperature, internal temperature, supply
EC, and cumulative solar radiation. The findings of this study are expected to serve as scientific evidence
for decision-making regarding facility and equipment adoption in advancing smart farm implementation in agri
cultural settings.
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