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Outside Temperature Prediction Based on Artificial Neural Network for
Estimating the Heating Load in Greenhouse

Kim Sang Yeob' -

ABSTRACT

Park Kyoung Sub™ -

+

Ryu Keun Ho'

Recently, the artificial neural network (ANN) model is a promising technique in the prediction, numerical control, robot control and
pattern recognition. We predicted the outside temperature of greenhouse using ANN and utilized the model in greenhouse control. The
performance of ANN model was evaluated and compared with multiple regression model(MRM) and support vector machine (SVM) model.
The 10-fold cross validation was used as the evaluation method. In order to improve the prediction performance, the data reduction was
performed by correlation analysis and new factor were extracted from measured data to improve the reliability of training data. The
backpropagation algorithm was used for constructing ANN, multiple regression model was constructed by M5 method. And SVM model
was constructed by epsilon-SVM method. As the result showed that the RMSE (Root Mean Squared Error) value of ANN, MRM and
SVM were 0.9256, 1.8503 and 7.5521 respectively. In addition, by applying the prediction model to greenhouse heating load calculation, it
can increase the income by reducing the energy cost in the greenhouse. The heating load of the experimented greenhouse was
3326.4kcal/h and the fuel consumption was estimated to be 453.8L as the total heating time is 10000°C/h. Therefore, data mining
technology of ANN can be applied to various agricultural fields such as precise greenhouse control, cultivation techniques, and harvest
prediction, thereby contributing to the development of smart agriculture.
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o 928 edolA AFe FaeAT. L4 u-ge] AA SIFW_Max(W/m) Meimun Solar Hadiation
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VD = SV - AH

SV =0.6219 x SVP / (1013.25 - SVP) x 1000

VD: Vapor Deficit

SV: Saturated Vapor
AH: Absolute Humidity
RH: Relative Humidity

AH = 0.6219 x VP / (1013.25 - VP) x 1000

VP = SVP x RH

VP: Vapor Pressure
SVP: Saturated Vapor

SVP = 61078 x 10°(7.5 x T)/(237.3 + T)) Pressure

T: Temperature
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Table 2. Training Data Set for Prediction Model
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Table 3. Comparison of RMSE for ANN structures

Structure of ANN RMSE
8-9-1 0.869
18-18-1 0.727
18-36-1 0.643
18 -37-1 0.629
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Attribute of Data(Unit) Contents
AirTemp(C) Internal Temperature Table 4. Comparison of ANN based on Input Features
TgtAirTemp(C) Target Temperature
VD(g/kg) Vapor Deficit Proposed ANN | ANN with all input
HeatPumpAccLength(Sec) O ting Ti f Heat Pumy ) i
eatPumpAccLength(Sec perating Time o ea. ! D Longlgtlon 0.9950 09968
VD_aws(g/kg) External Vapor Deficit coefficient
CO2_aws(ppm) External CO2 MAE 0.7009 06112
sum_10m(min.) Radiation Index over 120W/m’ RMSE 0.9256 0.8337
SIrW(W/m’) Solar Radiation
- ’I‘ot?l number of 4393 52716
WS(nv/s) Wind Speed instances
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Intensity of Radiation

bar_pressure_kpa(kpa)

Air Pressure
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soilheat_10, 30, 50cm(W/m*)
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10, 30, 50cm

MAE: Mean Absolute Error
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Heating Load Equation (2)
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