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A Study on Prediction of Tomato Production Using BI-LSTM for
Smart Farm Utilization
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ABSTRACT

The existing agricultural sector is facing labor shortages due to low birth rates and aging population along
with recent rapid climate changes. Accordingly, the application of ICT, which is converging and expanding in
various fields, has become increasingly required in the agricultural field as well. Among various agricultural
technologies based on ICT, smart farms that are recently spreading have high initial cost of deployment and

are simply monitoring the status of growth, so it is necessary to find and prepare a plan for practical use.
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Therefore, a methodological study was conducted to predict the production of tomato crops for the introduction

of smart farm artificial intelligence technology. The tomato production prediction analysis model was

constructed through the process of preprocessing the collected data and selecting variables. Among several
algorithms, the BI-LSTM algorithm, which performs LSTM in both directions with a low RMSE value, was

applied to the prediction model. In addition, it was intended to provide services for actual use of smart farms,

and it was implemented as a web service so that users such as farmers on a smart farm could input and

process data and see the results at a glance. In the future, farmers or related researchers will be provided with

improved services under consideration of user accessibility. Then, it can be widely utilized to various studies

related to not only for data prediction model but also smart-farm.
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Regression Evalua.tlon Value
models Metrics
Linear RMSE 1.952
Regression MAPE 0.082
Decision Tree RMSE 2.282
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RMSE 2.098
RandomForest
MAPE 0.091
RMSE 2.379
LGBM
MAPE 0.106
RMSE 1.963
XGBoost
MAPE 0.084
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Environment Specifications
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Fig. 7. Flow Chart of data analysis model for tomato
production prediction
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