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[Abstract]

In this study, we developed a prediction model for greenhouse control using machine learning technique. The prediction model
was developed using measured data (2016) on greenhouse in the Protected Horticulture Research Institute. In order to improve the
predictive performance of model and to ensure the reliability of data, the dimension of the data was reduced by correlation
analysis. The dataset were divided into spring, summer, autumn, and winter considering the seasonal characteristics. An artificial
neural network, recurrent neural network, and multiple regression model were constructed as a machine leaning based prediction
model and evaluated by comparative analysis with real dataset. As a result, ANN showed good performance in selected dataset,

while MRM showed good performance in full dataset.
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Table 1. Collected data of internal/external greenhouse

Attribute of Data(Unit)

Contents

AirTemp (C)

RH (%)
TgtAirTemp (C)
SurfTempHigher (C)
SurfTempLower (C)
HeatPumpAccLength (sec)
AirTemp_AWS (C)
RH_AWS (%)

sum_10m (min)
wet_10m (min)
SIrW (W/m')
SIrW_Max (W/m*)
WS (m/s)
WD (°)
ws_gust (m/s)

wd_gust (°)
PAR Flux_Density (umol/m*)
bar_pressure_kpa (kPa)

Rain_mm (mm)

Under 10, 30, 50cm, 1, 1.5m (C)

soilheat 10, 30, 50cm (W/m")

CO,_AWS (ppm)

Temperature in Greenhouse
Relative Humidity in Greenhouse
Target Temperature
Temperature of Intro Heating Pipe
Temperature of Outro Heating Pipe
Operating Time of Heat Pump
External Temperature
External Relative Humidity
Radiation Value over 120W/m*

Condensation Value under
150Kohm

Solar Radiation

Maximum Solar Radiation(AVG.
10min)

Wind Speed
Wind Direction

Maximum Wind Speed
(AVG. 10min)

Direction of Maximum Wind Speed
Intensity of Radiation
Air Pressure
Rainfall

Subsurface Temperature - 10, 30,
50cm, 1, 1.5m

Subsurface Thermal Flux - 10, 30,
50cm

External CO,
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Table 2. Selection variables by correlation analysis, 11

variables
Attribute of Data(Unit) Contents
RH (%) Relative Humidity in Greenhouse
SurfTempLower (C) Temperature of Outro Heating Pipe

AirTemp AWS (C) External Temperature

RH_AWS (%) External Relative Humidity
WS (m/s) Wind Speed

SIrW (W/m?) Solar Radiation

PAR_Flux (umol/m") Intensity of Radiation

sun_10m (min) Radiation Value over 120W/m*
wet_10m (min) Condensation Value under 150Kohm

soilheat 10cm (W/m*) Subsurface Thermal Flux - 10cm

CO,_AWS (ppm) External CO,

2) Feature &

Ak R F AEEE 99 e EA wel EA
A A oL} 24 Alojol] wol AREEA| gFeth wEkA £F
7] 3ExKVapor Deficit)E 7-5}] A ¢ Feature = &-8-3}5 T}
T57| IAE ALbskE 48 v 2T 1]

VD=S8V—AH (1)

SV=10.6219 x SVP/(1013.25— SVP) x 1000 (2)
AH=0.6219 x VP/(1013.25— VP) x 1000 (3)
VP=SVP X RH (4)

SVP=6.1078 x 10" ((7.5x 7)/(237.4+ 1)) (5)

o17]4 VD= Vapor Deficits 2|7|3}3l, SVi= Saturated
Vapor, AHT Absolute Humidity, RH+ Relative Humidity, VP
+ Vapor Pressure, SVP+= Saturated Vapor Pressure, T+ =2

ewg g,
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Training dataset®] A4S SAHUSTE 5T tﬂ'oﬂ
dataset?} Ho|E] FA4E Gt Selected dataset .= (11
Variables)3}I T}, Full Dataset SJA] $bA F&3H Vapor Deficit
S X351, = 30 Variables= 14151t} 7} Dataset-= A&
HRZ E(3-59), 95(6-89), 7H(9-11¥Y) 283 A-E(12-29)

2 UFdom, 742} 13,249 Samples, 13,248 Samples, 13,103
Samples, 12,975 Samples = % 52,575 Samples ©]t}. & 32 71
2] & 38l 74J 3t Selected data= LEFHAT,

3t Full
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Table 3. Selected training dataset for prediction model

Attribute of Data(Unit) Contents
VD (g/kg) Vapor Deficit
SurfTempLower ('C) Temperature of Outside Heating

Pipe

AirTemp AWS (C) External Temperature

VD_AWS (g/kg) External Vapor Deficit
WS (m/s) Wind Speed
SIrW (W/m?) Solar Radiation

PAR_Flux (umol/m*) Intensity of Radiation

sum_10m (min) Radiation Index over 120W/m*
wet_10m (min) Condensation Value under
- 150Kohm

soilheat 10cm (W/m") Subsurface Thermal Flux - 10cm

CO,_AWS (ppm) External CO,
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Table 4. Comparison of RMSE for prediction model
structures by selected dataset

Season Strueture | 1y 5 | pp-11-1 ] 11-22-1| 11-23-1
Spring 0.842 0.747 0.676 0.662
Summer 0345 0292 0276 0267
Autumn 0.828 0.711 0.599 0.583
Winter 1.020 0.792 0.780 0.744
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Table 5. Comparison of RMSE for prediction model
structures by full dataset

Seasonsm‘cmre 30-15-1(30-30-1|30-60-1| 30-61-1
Spring 0467 | 0382 | 0307 | 0319
Summer 0367 | 039 | 0221 0277
Auturn 0099 | 0246 | 0070 | 0254
Winter 0.033 | 0377 | 0098 | 0326

X 6. Full datasetol| o[st AHE ANN 22 H|w
Table 6. Comparison of seasonal ANN model by full

dataset
NL:EE:; o Structure of model Pe(rff:ﬁggce
ANNF-M1 44 0.277
ANNF-M2 104 30-60-1 0.202
ANNEF-M3 30 (Backpropagation) 0.281
ANNF-M4 49 0.294

M1: spring, M2: Summer, M3: Autumn, M4: Winter

X 7. Full datasetol| 2[sF H&EE RNN ZE d|Wl
Table 7. Comparison of seasonal RNN model by full

dataset
Nuel;(t::; & Structure of model Pe(récl)v[ng;r;ce
RNNF-M1 19 0.426
RNNF-M2 59 30-60-1 0.264
RNNF-M3 85 (Layer Recurrent) 0.212
RNNF-M4 36 0.334

M1: spring, M2: Summer, M3: Autumn, M4: Winter
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Table 8. Comparison of seasonal RMSE of prediction
models by selected dataset

2of RMSE

Season SE of Models ANN MRM RNN
Spring 2.311 1.105 2.286

Summer 1.723 1.834 1.971

Autumn 1.590 1.594 1.859

Winter 2.154 2.627 2.041

Z 9. Full datasetol| 2|t HEE ofEZHe| RMSE H|1
Table 9. Comparison of seasonal RMSE of prediction
models by full dataset

Season SE of Models ANN MRM RNN
Spring 1.337 1.795 0.978

Summer 1.540 1.056 1.298

Autumn 1.326 2.362 1.045

Winter 6.751 1.140 3.474
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