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Abstract. To increase the utilization of the intelligent methodology of smart farm management, estimation modeling
techniques are required to assess prior examination of crops and environment changes in realtime. A mandatory
environmental factor such as CO; is challenging to establish a reliable estimation model in time domain accounted for
indoor agricultural facilities where various correlated variables are highly coupled. Thus, this study was conducted to
develop an artificial neural network for reducing time complexity by using environmental information distributed in
adjacent areas from a time perspective as input and output variables as CO,. The environmental factors in the smart farm
were continuously measured using measuring devices that integrated sensors through experiments. Modeling 1
predicted by the mean data of the experiment period and modeling 2 predicted by the day-to-day data were constructed
to predict the correlation of CO,. Modeling 2 predicted by the previous day's data learning performed better than
Modeling 1 predicted by the 60-day average value. Until 30 days, most of them showed a coefficient of determination
between 0.70 and 0.88, and Model 2 was about 0.05 higher. However, after 30 days, the modeling coefficients of both
models showed low values below 0.50. According to the modeling approach, comparing and analyzing the values of the
determinants showed that data from adjacent time zones were relatively high performance at points requiring prediction
rather than a fixed neural network model.
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Fig. 4. Solve the problem of (t) losing its influence of the brightness of the shadow with LSTM (Long Short Term Memory).
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Fig. 5. The CO, prediction in indoor-greenhouse using artificial intelligence (A: Typical model for modeling; Modeling 1, B: Time series modeling;
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