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Wholesale Price Prediction Model of Highland Cabbage at the
Time of Shipment using Weather Information from the Main
Production Area by Growth Season
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2 e AGAE A FEAT T1EAEAY Ads Tot #Pd A
(2022-MOIS63-001(RS-2022-ND641011)) 2] W]-8&-& 7|ko 2 =gl

N

& AR A R He o] A7kt A&
&S TaAA wFA o AHAL TS :
A7), TR Yo Tuizbdd mxe 9 B4
Forest, Gradient Boosting #FEd-g 7|¥ o2 1PAuj5 2d Y tiH] =vj7bd WsEs A3t 3
o] 23} M4E AXSAT. 1@AMF Sufirbd o Ad, Agert 7P w3 BEE A giad
EF Random ForestfiTh. A5 A7l & @A Fo] 7P & T F£ AZle AS7)oH HEe

%0,
r-?lf r[,E
re
-
2
X
rr
=
o
N
=
D
fo
oZ,
fo
>
N
it
=)
ofN
N

Abstract

Drought can directly impact highland cabbage yields by reducing soil moisture due to abnormally prolonged low
rainfall. Hence, this study examines the significance of climate factors on cabbage wholesale price yearly changes and
presents prediction models based on SVM, Random Forest, and Gradient Boosting classification. While the training
performance of the highland cabbage wholesale price yearly price change prediction model showed high accuracy for
Gradient Boosting, the best test performance among the three models was observed in Random Forest. Additionally, it
was confirmed that using around 10 highly significant input variables in both regions could prevent overfitting and
enable effective predictions.
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Table 1. Highland cabbage growth stages

Sowing Transplanting |  Growing Harvesting
mid March early April late May m~|d Jun
“ late April | T mid Ma ~ mid Jun late
P y October
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Collected data

Mongnet Garak Market meridian price,
Gangneung and Daegwallyeong area meteorological
office synoptic weather observation data,

SPI drought index data collection

Data preprocessing

| Handling missing values in collected data
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Moving average calculation

Build data by dividing meteorological factors and
drought index data by growing season and
using the moving average method

Calculate wholesale price change rate

Calculate the rate of change in wholesale prices
compared tothe same period last year and
Calculation of 4 sections of change rate

Data construction

Gangneung and Daegwallyeong region dataset items -
date, month, price classification, wholesale price

Meteorological factors by growing season:

»  Average temperature (*C), minimumtemperature (*C),
maximumtemperature (*C), daily precipitation (mmj),
average dew pointtemperature (*C), minimumrelative
humidity (%), average relative humidity (%), total Solar
radiation (MJ/im2), average groundtemperature (*C),
minimumagrass temperature (*C)

Drought Index :
5PN, SPI12, 5PI13, SFI14
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Fig. 1. Data construction procedure
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Table 2. Input variables and description

Category Variable code Description
Price orice. chenge rate (Current Priqe - Price from the Same Date Last Year) /
- - Price from the Same Date Last Year
Sowing_SPI SPI1 from 15 weeks prior to the current date
Sowing_SPI2 SPI2 from 15 weeks prior to the current date
Sowing_SPI3 SPI3 from 15 weeks prior to the current date
Sowing_SPI4 SPI4 from 15 weeks prior to the current date
Planting SPI1 SPI1 from 7 weeks prior to the current date
SPI Planting SPI2 SPI2 from 7 weeks prior to the current date
Planting SPI3 SPI3 from 7 weeks prior to the current date
Planting SPI4 SPI4 from 7 weeks prior to the current date
Growing_SPI1 SPI1 from 3 weeks prior to the current date
Growing_SPI2 SPI2 from 3 weeks prior to the current date
Growing_SPI3 SPI3 from 3 weeks prior to the current date
Growing_SP14 SPI4 from 3 weeks prior to the current date
Sowing_avg_temp 14-day moving average of average temperature (°C), 15 weeks prior to the current date
Sowing_min_temp 14-day moving average of lowest temperature (°C), 15 weeks prior to the current date
Sowing_max_temp 14-day moving average of highest temperature (°C), 15 weeks prior to the current date
Sowing_d_prcp 14~day moving average of daily precipitation (mm), 15 weeks prior to the current date

Climate

Sowing_avg_dew_point_temp

0

14-day moving average of dew point temperature (°C), 15 weeks prior to the current date

Sowing_min_relative_hurmidity

14-day moving average of minimum relative humidity (%), 15 weeks prior to the current date

Sowing_avg_relative_hurmidity

14-day moving average of average relative humidity (%), 15 weeks prior to the curent date

Sowing_Total_solar_radiation

14-day moving average of total solar radiation (MJ/mP), 15 weeks prior to the current date

Sowing_avg_ground temp

14-day moving average of average ground temperature (°C), 15 weeks prior to the current date

Sowing_min_grass_temp

14-day moving average of lowest grass temperature (°C), 15 weeks prior to the current date

Planting_avg temp 62-day moving average of average temperature (°C), 7 weeks prior to the current date

Planting_min_temp 62-day moving average of lowest temperature (°C), 7 weeks prior to the curent date

Planting_max_temp 62-day moving average of highest temperature (°C), 7 weeks prior o the current date
Planting_d prcp 62-day moving average of daily precipitation (mm), 7 weeks prior to the current date

Planting_avg_dew_point_temp

0,

62-day moving average of dew paint temperature (°C), 7 weeks prior to the current date

Planting_min_relative_humidity

62-day moving average of minimum relative humidity (%), 7 weeks prior to the current date

Planting_avg_relative_humidlity

62-cay moving average of average relative humidity (%), 7 weeks prior to the curent date

Planting_Total_solar_radiation

62-day moving average of total solar radiation (MJ/mP), 7 weeks prior to the current date

Planting_avg_ground temp

62-day moving average of average ground temperature (°C), 7 weeks prior to the current date

Planting_min_grass_temp

62-day moving average of lowest grass temperature (°C), 7 weeks prior to the current date

Growing_avg_temp

21-day moving average of average temperature (°C), 3 weeks prior to the curent date

Growing_min_temp

21-day moving average of lowest temperature (°C), 3 weeks prior to the curent date

Growing_max_temp

21-day moving average of highest temperature (°C), 3 weeks prior to the current date

Growing_d_prcp

21-day moving average of daily precipitation (mm), 3 weeks prior to the current date

Growing_avg dew_point_temp

21-day moving average of dew paint temperature (°C), 3 weeks prior o the current date

Growing_min_relative_humidity

21-day moving average of minimum relative humidity (%), 3 weeks prior to the current date

Growing_avg_relative_humidity|

21-day moving average of average relative humidity (%), 3 weeks prior to the curent date

Growing_Total_solar_radiation

21-day moving average of total solar radiation (MJ/mP), 3 weeks prior to the current date

Growing_avg_ground_temp

21-day moving average of average ground tenperature (°C), 3 weeks prior to the current date

Growing_min_grass_temp

21-day moving average of lowest grass temperature (°C), 3 weeks prior to the current date
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Table 3. Prediction model details

Model Moael Parameter
code
SVM(Support am B

Vector Machine)

rf1 n_estimators=15,
Random forest | 2 | n_estimators=15, max_depth=4

classifier M3 | n_estimators=15, max_depth=5
M4 | n_estimators=20, max_depth=3
M5 | n_estimators=20, max_depth=4
M6 | n_estimators=20, max_depth=5
n_estimators=25, max_depth=3
n_estimators=25, max_depth=4

max_depth=3
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Table 4. Importance table of feature selection considering
the growth stages in Gangneung

rf7
Random forest | rf8
i)

classifier n_estimators=25, max_depth=5 Index Variable Importance
f10 | n_estimators=30, max_depth=3 1 Growing_SPI1 5967
rf11 | n_estimators=30, max_depth=4 2 Growing SP12 49.16
, 3 Growing_min_grass_temp 4850
rf12 rLeStlmatorS=30, maxfdepth=5 4 Plaming SP|1 46.61
gbl | n_estimators=4, max_depth=2 5 Grovving_a_prcp 3836
gb2 | n_estimators=4, max_depth=3 6 Growing_SPI4 37.56
gb3 | n_estimators=4, max_depth=4 / Growing_SPI3 35.28
Gradient gb4_| n estmators=, mex depth=2 g PTellErlw?riwggasgrlgp }ggg
boosting |32 nestimalors=>, max_depth=3 10 Planting_SPI3 14.72
classifier 0b6 n_est!mators—S, max_depth=4 1 Planting_min_grass_temp 12.34
gb7 | n_estimators=8, max_depth=2 12 Growing_min_temp 1P
gb8 | n_estimators=8, max_depth=3 13 Sowing_SPI3 11.82
gb9 | n_estimators=8, max_depth=4 14 Sowing_SPI4 7.24
gb10 | n_estimators=8, max_depth=5 15 Growing avg temp 714
16 | Growing_avg_dew_point_temp 6.32
17 Planting_SP14 592
37 M= &8 7| 18 Sowing_SPI2 540
19 | Growing_min_relative_humidity 529
20 Growing_Total_solar_radiation 441
ZIAEGAME BREDY Ass A8stA 3 21| Sowing_min_relative_humidity 431
e == HEooo WEE =) 22 Growing_max_temp 4.12
7keke Ale] _?LO}E}‘ eREde BEd FEs 23 | Sowing_avg relative_humidity 292
#ol &S St ol AHEEY e gutyoz 24 Growing_avg_ground_temp 209
Ex ZAEE0 Ala=lal @ 25 Planting_min_temp 1.87
5% SAYEE AHgstel w7kEn 26 | Planting_avg_relative_humidity 1.68
o] % Accuracyt 7FE A#Ho|u UukHo = 27 Sowing_SPI1 1.54
AHREE ZRFEo|T B AFME Accuracy S 28 F’Ianting_TotaI_solar_radiation 1.46
. _ . - 29 Planting_max_temp 1.43
;ﬂiﬂ c]]_f_oﬂ EHUL]' %]7(]% Q]éq H-&2 X“]—/]O]'Od 30 Planting_avg_temp 1.35
o Ak 2 () olelsh 2ok 31 Sowing d_prcp 1.07
32 Sowing_max_temp 091
33 Sowing_min_grass_temp 0.87
Accuracy — Nmberof CorrectPredictions 3) 4 P|a_ntmqfqufqr0UHdJ_emp 0.44
Y Total Nmberof Predictions 35 | Sowing Total solar radiation 0.31
36 Sowing_avg_temp 0.30
37 Planting_min_relative_humidity 0.28
B AT python ol F shiel B_| Song au dow o ferp |05

_ rowing_avg_relative_humidit

sklearn®| score?E o835t XY F AAEE 40 Sgwigé_ggé_grogna_temp : 0.09
Z=A3l9Th 41 Sowing_min_temp 0.06
42 Planting_avg_dew_point_temp 0.01
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Table 5. Importance table of feature selection considering
the growth stages in Degwallyeong

Index Variable Importance
1 Growing_SPI1 56.51
2 Sowing_SPI3 26.82
3 Sowing_SPI4 23.66
4 Growing_SPI2 19.31
5 Growing_SPI3 16.02
6 Sowing_SPI2 1353
7 Growing_d_prcp 12.87
8 Growing_min_temp 11.29
9 Growing_avg_temp 10.69
10 Growing_max_temp 10.54
11 Growing_avg_dew_point_temp 9.36
12 Growing_SPI4 8.56
13 Growing_min_grass_temp 704
14 Planting_Total_solar_radiation 5.16
15 Planting_SPI1 5.12
16 Planting_max_temp 341
17 Planting_SP14 3.14
18 Planting_avg_temp 3.02
19 Planting_min_temp 2.50

20 Growing_avg_ground_temp 245
21 Planting_avg_ground_temp 2.32
2 Sowing_d_prcp 2.10

23 Planting_d_prcp 1.88
24 Planting_min_grass_temp 1.88
25 Planting_avg_relative_humidity 1.63
26 Planting_SPI2 1.51
27 Planting_min_relative_humidity 1.36
28 Sowing_avg_relative_humidity 0.90
29 Planting_avg_dew_point_temp 0.53
30 Sowing_SPI1 047
31 Sowing_max_temp 044
32 Sowing_min_grass_temp 0.25
3 Sowing_min_relative_humidity 0.24
A Planting_SPI3 0.19
3H Sowing_avg_dew_point_temp 0.12
36 Sowing_min_temp 0.10
37 Sowing_Total_solar_radiation 0.09
38 Growing_min_relative_humidity 0.08
39 Growing_Total_solar_radiation 0.07
40 Sowing_avg_ground_temp 0.02
41 Sowing_avg_temp 0.02
42 Growing_avg_relative_humidity 0.01
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Fig. 2. Graph of train accuracy in Gangneung
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Table 6. Train accuracy in Gangneung

Features | SYM | Random forest | Gradient boosting
5 0.6 0.74 0.8
10 0.73 0.78 0.87
15 0.83 0.84 0.91
20 0.88 0.85 094
25 0.88 0.84 095
30 09 0.86 094
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Fig. 3. Graph of test accuracy in Gangneung
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Table 7. Test accuracy in Gangneung
Features SVM Random forest | Gadert boosting
5 0.27 0.32 0.38
10 0.29 0.36 043
15 0.32 0.39 0.36
20 0.3 0.37 0.33
25 0.3 0.38 0.33
30 0.29 0.46 0.33
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Fig. 4. Graph of train accuracy in Daegwallyeong
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Table 8. Train accuracy in Daegwallyeong

Features | SVM | Random forest | Gradient boosting
5 0.66 0.77 0.88
10 0.77 0.80 091
15 0.81 0.82 0.90
20 0.85 0.85 093
25 0.85 0.86 093
30 087 0.87 0.92
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Table 9. Test accuracy in Daegwallyeong
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Features | SVM | Random forest | Gradient boosting
5 0.21 0.28 0.25
10 0.21 0.33 0.36
15 0.25 0.38 0.33
20 024 0.37 0.32
25 0.27 0.32 0.36
30 0.32 0.36 0.37
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