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ABSTRACT

Purpose: The purpose of this study is the time series analysis for predicting the yield of crops applicable
to each farm using environmental variables measured by smart farms cultivating tomato. In addition, it is
intended to confirm the influence of environmental variables using a deep learning model that can be explained
to some extent.

Methods: A time series analysis was performed to predict production using environmental variables measured
at 75 smart farms cultivating tomato in two periods. An LSTM-based encoder—decoder model was used for
cases of several farms with similar length. In particular, Dual Attention Mechanism was applied to use environ-
mental variables as exogenous variables and to confirm their influence.

Results: As a result of the analysis, Dual Attention LSTM with a window size of 12 weeks showed the best
predictive power. It was verified that the environmental variables has a similar effect on prediction through
wieghtss extracted from the prediction model, and it was also verified that the previous time point has a
greater effect than the time point close to the prediction point.

Conclusion: It is expected that it will be possible to attempt various crops as a model that can be explained
by supplementing the shortcomings of general deep learning model.
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2.1 LSTM(Long—Short Term Memory)
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Figure 1. Structure of LSTM
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Figure 2. Structure of Attention Mechanism

2.3 Dual Attention LSTM
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Table 1. Environment Variables

Environment Variables Unit Names of Variables in Experiment
Minimum inside temperature °C in.temp_min
Mean inside temperature °C in.temp_mean
Maximum inside temperature °C in.temp_max
Minimum outside temperature °C out.temp_min
Mean outside temperature °C out.temp_mean
Maximum outside temperature °C out.temp_max
Minimum humidity % hum_min
Mean humidity % hum_mean
Maximum humidity % hum_max
Minimum CO2 level ppm COZ2_min
Mean COZ level ppm COZ2_mean
Maximum COZ level ppm CO2Z2_max
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Figure 6. Input Attention Weights(Left) and Temporal Attention Weights(Right)
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7 input attention¥& #-8-¢ ®HE Input Attention LSTMS 1274¢] W& Zo] T9 gt= =L WFE A4
ako] LSTMell 183k dojr}, 5 dol thalo] Dual Attention LSTM3} & WhAl o2 A 3lali), A wdle
d&ge MSEE 7o & nlasiglon Ax= 1 37 gk LSTM| MSEv= 1.22& 7P¢ 3 WeRdal Input
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Table 2. Comparison Between Models

Measurement LSTM Input Attention Dual Attention

MSE 1.220 0.798 0.678

Table 3. Input Weights(Left) and Temporal Weights(Right)

Environmental Variables Weights Time Steps Weights
Minimum inside temperature 0.083 11 weeks ago 0.069
Mean inside temperature 0.083 10 weeks ago 0.088
Maximum inside temperature 0.084 9 weeks ago 0.128
Minimum outside temperature 0.083 8 weeks ago 0.110
Mean outside temperature 0.083 7 weeks ago 0.076
Maximum outside temperature 0.083 6 weeks ago 0.061
Minimum humidity 0.082 5 weeks ago 0.070
Mean humidity 0.082 4 weeks ago 0.093
Maximum humidity 0.082 3 weeks ago 0.092
Minimum COZ2 level 0.085 2 weeks ago 0.076
mean CO2 level 0.085 1 week ago 0.065
Maximum COZ2 level 0.085 0 week ago 0.073
5.4 &
AT 2] S NE ETlelA AR o] RS dSehiA oSl Tk ddwaret Aol Higk ARE
A FA ko] ANHAQ Held A gl oS gk Ano] Thed AE o] ALk ¢S RS ARkt A
091 A TS o @ e Ayt gl 2 wbae A5E NS $HRE o8t o3
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