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[Abstract]

Smart farming, through sensing and controlling the growth environment, enables year-round crop cultivation, enhancing
agricultural productivity. This paper introduces a smart farm specializing in year-round cultivation of strawberries, a highly
profitable crop for farmers. It incorporates a deep learning model predicting sensor data for the smart farm's growth environment.
The proposed smart farm facilitates remote environmental control and data collection. Representative deep learning models such
as artificial neural networks, recurrent neural networks, and convolutional neural networks are experimentally compared in terms
of their prediction performance for seasonal growth environments. Results indicate that the LSTM model excels with temperature
and humidity sensors, whereas the TCN model performs best with carbon dioxide sensors. This suggests potential for creating an

ideal strawberry growth environment through the application of deep learning models.
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Fig. 5. Smart farm growth environment data collection
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Table 1. Dataset statistics
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Table 3. Experiment results for each deep learning
prediction model (temperature)
Time ANN LSTM GRU TCN
MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE
6 [0.0191/0.1114|0.0153|0.0917|0.0457|0.1777|0.0366(0.1577
12 |0.0612|0.2072|0.0184/0.1025|0.0273|0.1326|0.0331(0.1436
24 10.0416]0.1725/0.0192(0.1045|0.0238|0.1212|0.0386|0.1578
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Table 4. Experiment results for each deep learning
prediction model (humidity)
Time ANN LSTM GRU TCN
MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE
6 ]0.0152/0.0993|0.0151|0.0991|0.0191|0.1107|0.0173(0.1046
12 |0.0201|0.1154|0.0146{0.0971|0.0162|0.1024|0.0180{0.1061
24 |0.0148|0.0977|0.0145|0.0967|0.0148|0.0980|0.0190{0.1101
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Table 5. Experiment results for each deep learning
prediction model (CO2)

Time ANN LST™M GRU TCN
MSE | MAE | MSE | MAE | MSE | MAE | MSE | MAE
6 [0.0018|0.0345|0.0019]0.0349|0.0018|0.0330|0.0014(0.0307
12 ]0.0021|0.0366|0.0020(0.0353(0.0024{0.0378|0.0020|0.0363
24 |0.0030{0.0430|0.0019(0.0353{0.0026|0.0394|0.0019(0.0350
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