Ba3 Al 1 * i1 i Vol. 43, No. 4
202448 A MARINE SCIENCE BULLETIN Aug. 2024

Doi:10.11840/j.issn.1001-6392.2024.04.003

&8 M HTFHEE R B/ R RE T A R

BARH, B, b, RERY, BEN
(1AL TR AR K M%%mwﬂ”% , T RS 1230005 2. KOE SIS B PR,
T K& 116000; 3. Tiﬁﬁﬁﬁ% HoER 7 (45 BRSS Uy BHT I s e, 2T BHr 123000)

W OE. A KRR RIERBA K A, LR A B P KR IR T i [E)  HE RE Y P
Bo AXVUITARBHX AR KK, £E T —M5 4 I eh I 435 09 o Light GBM T3 KRR E 7 %o %7
SR DU I AR AE SR BT A A 13N B RO B E AR EHAT ik, HAETHE R ERITHEANTE
BAE 5 x5 2T LightCBM RE 4 e st AR B AR AT KB o A L3k A 31 R 78 2004 B 2= 8] i & By B i+ A
1B MR, B0 3iE A X7 3 Fn LightGBM A AL 75 30 3 K IR OB 4 P ARG . B Rk WA, AR U7 i o AR AR Al %
2% (r) 70946, ¥HFMRIEZE (RMSE) %70.265m, k% (bias®) % 0.017, FHU4XEH > HiEZE (MAPE) %
0.031, FUEAEE R A E T2 8 Light CBMAEAL | 48 4538 51 T30 AR KA

REIE: KERE; WA SRR, W AB; LightGBM

hE SRS P731.1; P237 XERIRAIED: A XEHS: 1001-6932(2024)04-0463-08
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Abstract: Aiming at the problems of long acquisition period and high risk of existing offshore water depth data, it is difficult
to meet the high time resolution measurement of large—scale offshore water depth data. Taking the Liaodong Bay area as the
research area, this paper proposes an improved LightGBM offshore water depth inversion method combined with Bayesian feature
selection. Firstly, 13 bands and band ratio features are selected according to Bayesian feature selection method. Secondly, the
weight of input variables is calculated based on the geospatial weighting module. Finally, based on the LightGBM inversion
module, the inversion of water depth data is studied. In this paper, 200 data samples from different spatial locations in Liaodong
Bay are selected as the test set to verify the accuracy of the method and LightGBM model in the offshore water depth inversion
task. The results show that the Pearson correlation coefficient (r) value of this method is 0.946, the root mean square error
(RMSE) is 0.265 meters,the deviation bias® is 0.017 and the mean absolute percentage error MAPE is 0.031 . The inversion
accuracy and stability are better than the Classic LightGBM model, which can be applied to the inversion of offshore water depth.
Keywords: water depth inversion; Bayesian feature selection; Liaodong Bay; LightGBM
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