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TECHNICAL NOTE

71 B EGRRIL DS BhdEe] nAL G

chcel veiorel Ak, Vel ehekaL 4-2 Hlo et

The Effect of Highland Weather and Soil Information on the
Prediction of Chinese Cabbage Weight

Taeyong Kwon, Rae Yong Kim", Sanghoo Yoon"'

Department of Statistics, Daegu University, Gyeongsan 38453, Korea
“Division of Mathematics and big data science, Daegu University, Gyeongsan 38453, Korea

Abstract

Highland farming is agriculture that takes place 400 m above sea level and typically involves both low temperatures and
long sunshine hours. Most highland Chinese cabbages are harvested in the Gangwon province. The Ubiquitous Sensor
Network (USN) has been deployed to observe Chinese cabbages growth because of the lack of installed weather stations in the
highlands. Five representative Chinese cabbage cultivation spots were selected for USN and meteorological data collection
between 2015 and 2017. The purpose of this study is to develop a weight prediction model for Chinese cabbages using the
meteorological and growth data that were collected one week prior. Both a regression and random forest model were
considered for this study, with the regression assumptions being satisfied. The Root Mean Square Error (RMSE) was used to
evaluate the predictive performance of the models. The variables influencing the weight of cabbage were the number of
cabbage leaves, wind speed, precipitation and soil electrical conductivity in the regression model. In the random forest model,
cabbage width, the number of cabbage leaves, soil temperature, precipitation, temperature, soil moisture at a depth of 30 cm,
cabbage leaf width, soil electrical conductivity, humidity, and cabbage leaf length were screened. The RMSE of the random
forest model was 265.478, a value that was relatively lower than that of the regression model (404.493); this is because the
random forest model could explain nonlinearity.
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Table 1. The pearson correlation coefficients between the weight of cabbage and growth variables

The number of

Cabbage leaf length

cabbage leaves

Cabbage leaf width Cabbage width

Cabbage weight 0.333

0.381 0.458
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Fig. 1. The location of ubiquitous sensor network.

TG B2l FHS I AL AN 5
37] SIgE USN-2 Aafe] 7Fgfele] 22} 2]
#]5jo] IekFig. 2). APt W7} o} viete) 9]
FHol Glom, e 7183 R FER A ]



704 HelE- - g -

s

%

Table 2. The pearson correlation coefficient between the weight of cabbage and meteorological variables

1d ago 2d ago 3d ago ai(ei;ige ai(ei;zge 7d average
Soil moisture 30 cm 0.410 0.340 0.313 0.415 0.409 0.513
Soil moisture 60 cm 0.295 0.164 0.137 0.262 0.261 0.406
Soil moisture 90 cm 0.317 0.181 0.230 0.245 0.277 0.404
Soil temperature -0.506 -0.542 -0.497 -0.493 -0.504 -0.475
Insolagtion -0.033 0.225 -0.156 0.100 -0.022 0.102
Humidity -0.153 -0.104 0.074 -0.233 -0.184 -0.255
Temperature -0.349 -0.556 -0.436 -0.416 -0.437 -0.308
Wind speed 0.032 0.139 0.155 0.119 0.094 -0.085
Precipitation -0.422 -0.374 -0.130 -0.454 -0.449 -0.512
Soil electrical conductivity -0.152 -0.221 -0.193 -0.163 -0.175 -0.116
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Fig. 2. The ubiquitous sensor networks established
for chinese cabbage.
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Table 3. The result of the regression model for the weight of cabbage
Estimate S.E. Stand. Est. t Pr(>t|) VIF

(Intercept) 7315.663 3037.321 2.409 0.025™"
The number of cabbage leaves 29.061 8.693 0.667 3.343 0.003"" 3.514
Cabbage leaf width -83.998 79.480 -0.209 -1.057 0.303 3.440
Soil moisture 30 cm -5.666 7.706 -0.180 -0.735 0.470 5272
Soil moisture 60 cm 6.206 5.449 0.204 1.139 0.268 2.837
Soil temperature -101.175 96.736 -0.219 -1.046 0.308 3.861
Insolagtion -152.566 1289.612 -0.014 -0.118 0.907 1.303
Humidity -23.335 19.674 -0.182 -1.186 0.249 2.079
Temperature -45.464 57.449 -0.168 -0.791 0.438 3.988
Wind speed 413.782 187.170 0.297 2211 0.038" 1.591
Precipitation -2805.035 1121.137 -0.450 -2.502 0.021" 2.854
Soil electrical conductivity -81.493 33.210 -0.333 -2.454 0.023" 1.625

F=6.106, p-value<0.001, 2*=0.762, adj R*>=0.637

"p<0.05, "p<0.01, ""p<0.001
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Fig. 4. Comparison of a linear regression model and a random forest.

Table 4. The comparison of the importance of variables

Variable importance

Linear regression model

Random forest

1 The number of cabbage leaves Cabbage width

2 Precipitation The number of cabbage leaves

3 Soil electrical conductivity Soil temperature

4 Wind speed Precipitation

5 Soil temperature Temperature

6 Cabbage leaf width Soil moisture 30 cm

7 Soil moisture 60 cm Cabbage leaf width

8 Humidity Soil electrical conductivity

9 Soil moisture 30 cm Humidity

10 Temperature Cabbage leaf length

11 Insolation Wind speed

12 Insolation

13 Soil moisture 90 cm

14 Soil moisture 60 cm
RMSE 404.493 265.478
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