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[Abstract]

Recently, researches on the prediction of sea water temperature using artificial intelligence models has
been actively conducted in Korea. However, most researches in the sea around the Korean peninsula
mainly focus on predicting sea surface temperatures. Unlike previous researches, this research predicted
the vertical sea water temperature profile of the East Sea, which is very important in submarine
operations and anti-submarine warfare, using XBT(eXpendable Bathythermograph) data and machine
learning models(RandomForest, XGBoost, LightGBM). The model was trained using XBT data measured
from sea surface to depth of 200m in a specific area of the East Sea, and the prediction accuracy was

evaluated through MAE(Mean Absolute Error) and vertical sea water temperature profile graphs.
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I. Introduction
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II. Related Works
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III. The Proposed Scheme
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Table 1. Sea Water Temperature on Raw/Preprocessed and Regular Line Observation Data
Depth Raw Data(°C) Preprocessed Data(°C) Regular Line Observation(°C)
Min Max Max-Min Min Max Max-Min Min Max Max-Min
Om 3.0 30.3 27.3 7.6 241 16.5 6.3 26,5 20.2
50m 0.8 22.3 215 5.0 11.3 6.3 3.2 12.5 9.3
100m 0.2 18.0 17.8 1.8 6.2 44 1.3 8.1 6.8
150m 0.1 16.5 16.4 1.1 40 2.9 1.0 43 33
200m 0.1 14.8 14.7 1.0 2.1 1.1 0.9 2.1 1.2
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3.3 Parameter Setting
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Methods Hyperparameters
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Table 3. Comparison of MAE in Different Methods

Default Tun
SIS ParZril(Jeter Par:meedter
RandomForest 0.6269 0.6144(-0.0125)
XGBoost 0.6241 0.6192(-0.0049)
LightGBM 0.6261 0.6189(-0.0072)

IV. Conclusions
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