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Abstract Vegetables such as cabbage are greatly affected by natural disasters, so price fluctuations
increase due to disasters such as heavy rain and disease, which affects the farm economy. Various
efforts have been made to predict the price of agricultural products to solve this problem, but it
is difficult to predict extreme price prediction fluctuations. In this study, cabbage prices were
analyzed using the ensemble Voting technique, a method of determining the final prediction results
through various classifiers by combining a single classifier. In addition, the results were compared
with LSTM, a time series analysis method, and XGBoost and RandomForest, a boosting technique.
Daily data was used for price data, and weather information and price index that affect cabbage
prices were used. As a result of the study, the RMSE value showing the difference between the
actual value and the predicted value is about 236. It is expected that this study can be used to
select other time series analysis research models such as predicting agricultural product prices
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Table 1. Variables related to price prediction of
agricultural products

Researcher Agricultural Variables
products
1. The price of seaweed
2. Seaweed export volume
3. Grain consumption
J. 0. Nam seaweed 4. Production of saury
5. Water temperature in
Wando
. 1. Weather
green onion, | ," )
S. H. Shin onion, rice, 3. Inflation rate
zucchini, 4 Harvest
spinach. 5. Plantation area
cabbage, garlic, ; w:atp;]r;e of vegetables
H.J. Lim O:rlfi)“n' ;adljj' 3. Price of highly correlated food
pepp 4. Supplementary indicators
SEA[
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Table 2. Data Collection Information

Source Data

Nongnet

(www.nongnet.or.kr) Cabbage price data

Nongnet Cabbage Production
(www.nongnet.or.kr) data

Haenam, Taebaek
Weather Data

The Meteorological Administration
(www.weather.go.kr)

National Statistical Office
(www .kostat.go.kr)

Consumer index,
price index

National Crop Disease Pest Management
System Watch out for pests
(https://ncpms.rda.go.kr/npms/Main.np)

Table 3. Data collection period

Section Period The number
of data
Cabbage price data 2014.01.01. ~ 2021.11.30 2434
Cabbage Production data 2014 ~ 2021 7

2014.01.01. ~ 2021.11.30 2434
2014.01.01. ~ 2021.11.30 2434

Haenam weather

Taebaek weather

Consumer index 2014.01 ~ 2021.11 120
Price index 2014.01 ~ 2021.11 120
Watch out for pests 2014.01 ~ 2021.11 120
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Table 4. Price data

date price Las;ri\év:ek Production
2014-01-03 471.24 389.30 2736447
2014-01-04 425.44 373.38 2736447
2021-11-29 797.61 837.841 2156841
2021-11-30 726.36 850.78 2156841
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Table 5. Weather data

date Average Lowest Highest
temperature temperature temperature
2014-01-03 23 -1.1 7.3
2014-01-04 -0.1 -3.7 5.6
2021-11-29 7.6 25 13.7
2021-11-30 5.7 0.7 8.9
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Table 6. Price index data

date Consumer index Producer index
2014-01-03 93.73 81.96
2014-01-04 93.73 81.96
2021-11-29 103.87 196.97
2021-11-30 103.87 196.97
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Table 7. Natural disaster data

date pest Heat wave advisory | Heat wave waming | Heavy rain advisory | Heavy rain waming | Typhoon advisory | Typhoon waming
2014-01-03 0 0 0 0 0 0
2014-01-04 0 0 0 0 0 0
2021-11-29 2 0 0 0 0 0 0
2021-11-30 2 0 0 0 0
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Table 8. Temperature data before normalization

Section Average Temperature
mean 13.672769
min -14.9
max 33.7

Table 9. Temperature data after normalization

Section Average Temperature
mean 0.585859
min 0
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Table 10. Number of training and test data

Section The number of data
Train data 1947
Test data 487
Total 2434
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