44 2 ( ) Vol.44 No.2
2023 4 Journal of Qingdao University of Science and Technology(Natural Science Edition) Apr.2023

: 1672-6987(2023)02-0116-11; DOI. 10.16351/j.1672-6987.2023.02.016

LightGBM

( ; 5 , 266061)
(gaussion mixture model, GMM) (light gradient
boosting machine, LightGBM) (ocean subsurface temperature, OST)
s (sea surface temperature, SST), (sea surface salinity,
SSS) . (sea surface height, SSH) . (sea surface wind, SSW)
(USSW) (VSSW) ,
OST . , 3
LightGBM . ,
s, 5 (SST.SSS.SSH.USSW  VSSW)  LightGBM
»3 (SST.SSS SSH) 2 (SST SSH) LightGBM
o , (extreme gradient boosting, XGBoost) .5
LightGBM o
: P 732 : A
, , s LightGBM
[1]. ( )s 2023, 44(2): 116-126.

TANG Guiyan, ZHU Shanliang, ZHOU Weifeng, et al. Estimation of Indian Ocean subsur-
face thermal structure based on Gaussion mixture clustering and LightGBM algorithm[ ] ].
Journal of Qingdao University of Science and Technology (Natural Science Edition), 2023,
44(2) . 116-126.

Estimation of Indian Ocean Subsurface Thermal Structure Based

on Gaussion Mixture Clustering and LightGBM Algorithm

TANG Guiyan, ZHU Shanliang, ZHOU Weifeng, YANG Shuguo

(College of Mathematics and Physics; Research Institute for Mathematics and Interdisciplinary Sciences; Qingdao Innovation Center

of Artifical Intelligence Ocean Technology. Qingdao University of Science and Technology, Qingdao 266061, China)

Abstract: The thermal structure of the ocean subsurface is of great significance to ocean cir-

culation and global climate change. In this paper, a new ocean subsurface temperature

1 2022-05-11
: (KLOCW2003).
(1995—), .x



LightGBM

117

[6]

(OST) estimation model combining the Gaussian mixture model (GMM) and light gradient
boosting machine (LightGBM) algorithm. The model uses multisource sea surface parame-
ters including sea surface temperature (SST), sea surface salinity (SSS), sea surface height
(SSH) , northward and eastward components of sea surface wind (USSW and VSSW) to re-
trieve the OST of the Indian Ocean. Moreover, the root mean square error and coefficients of
determination are employed to assess the performance of the model. The results show that
the model proposed in this paper can accurately reflect the distribution characteristics and
seasonal variation of the OST in the Indian Ocean. On this basis, three comparative experi-
ments with different input combinations of sea surface parameters were designed to quantita—
tively analyze the influence of different input variables on the LightGBM model. The experi-
mental results show that all sea surface parameters have a positive effect on the model. Mo-
reover, the LightGBM model with five input parameters (SST, SSS, SSH, USSW, VSSW)
has the best estimation effect, followed by the LightGBM model with three input parameters
(SST, SSS, SSH) and two input parameters (SST, SSH). In addition, compared with the
existing eXtreme gradient boosting (XGBoost) estimation model, the LightGBM model with
five input parameters has better simulation capabilities.
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Fig.1 Flowchart of the OST estimation model combining the GMM clustering and LightGBM algorithm
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Table 2 The main parameters of LightGBM algorithm
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Fig.3 Spatial distribution of the OST from Argo-observed and estimation model-estimated at depths of 50, 500 and 1 000 m
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Fig.4  Spatial distribution of the difference between the estimation model-estimated and Argo-observed OST
at depths of 50, 500 and 1 000 m
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Fig.6

6 30,400 700 m Argo osT 2 OST

Spatial distributions of the OST from Argo-observed and two models-estimated at depths of 30, 400 and 700 m

7 50,500 1 000 m XGBoost Argo OST
Fig.7 Spatial distributions of the difference between XGBoost model-estimated and Argo-observed OST
at depths of 50, 500 and 1 000 m
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