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Abstract In this study, a predictive model for energy consumption, which accounts for a large portion
of smart farm management costs, was established. The analysis can be summarized as follows. First, the
vector autoregressive (VAR) model which is a traditional time series analysis model, and the recurrent
neural network (RNN), long short-term memory (LSTM), and gated recurrent unit (GRU) models which
are deep learning models, were used to build a model with excellent predictive power. Second, a
comparison of the four models showed their predictive power to be in the order of
GRU)LSTM)RNN)VAR. The following implications can be drawn from the results of the analysis: First,
if prediction accuracy is not a factor that affects energy consumption, it is appropriate to use a deep
learning model. Second, since the predictive power of each deep learning model is different, it would
be effective to select an optimal model after fitting the data to various models. To build a better deep

learning model, it is necessary to set the appropriate hyperparameters.
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Fig. 1. Clustering Map for Energy Consumption

Related Variables
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Fig. 2. Variables in Energy Prediction Model Utilization
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Table 1. VAR model estimation result

Variables Coef. SE T value P value
const. 19.363 3.292 5.882 0.001
L1.E.T. -0.427 0.265 -1.612 0.107
L1.Ins. -0.031 0.004 -7.656 <0.001
L1.T, -1.394 0.245 -5.682 <0.001
L1.H.S. 0.645 0.023 28.115 <0.001
L2.E.T. 0.330 0.480 0.688 0.492
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ADF test statistic E.T.: -4.633 p-value: 0.000
ADF test statistic Ins.: -5.436, p-value: 0.000
ADF test statistic T.: -5.452, p-value: 0.000

ADF test statistic H.S.: -6.953, p-value: 0.000
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Table 2. Result of RNN model fitting

Type Output Shape Params
Simple RNN (None, 50) 2,750
Dense (None, 1) 51
Total params: 2,801
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Table 3. Result of LSTM model fitting I|

Type Output Shape Params AR I'\._‘.

LSTM (None, 50) 11,000 and 1\\\
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Fig. 4. LSTM model improvement trend
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Fig. 5. GRU model improvement trend
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Fig. 6. Heat supply prediction result using VAR model
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Fig. 10. GRU model hyperparameter tuning result

4712 ndl A &Ho| gt B|w Ay} RMSE BAFS
283 A9 AT &3 B Aol E HuE o
=3 A4lo] QlojA B& GRU Zdo| 74 2531 Ao
2 Yyehtowy, tr2o7 [STM, RNN, VAR &£02 1}
Egtth. GRU 2 79, Test setof gt dl=2x} 4
A dlolE] Haol 98.9% AL kAl ojZo] Table
59} Zo] A et

Table 5. Deep Learning Model Prediction Accuracy Level

i Accuracy
Type Mean RMSE (1-1A-B)
Raw(A) 20.961 - 1
RNN 20.302 3.606 0.968
Predicted(B) | LSTM 21.792 2.432 0.962
GRU 21.186 2.089 0.989
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