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Fig. 4 Scatter diagrams of water depth inversion and measured values
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Application of XGBoost algorithm on multispectral shallow
water bathymetry retrieval

HU Peng’, ZHAO Lu-lu', GAO Lei', ZHU Jin-shan™ 2?3

(1. Geomatics College, Shandong University of Science and Technology, Qingdao 266590, China; 2. State Key
Laboratory of Geographic Information Engineering, Xi’an 710054, China; 3. Key Laboratory of Marine
Mapping Technology, Ministry of Natural Resources, Qingdao 266590, China)
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Abstract: In optical shallow water bathymetry retrieval, due to the influence of the water and sediment types, the
relationship between the water depth and sea surface reflectance is nonlinear. In this study, we built a nonlinear
depth inversion model that uses the XGBoost algorithm. The research area was a 0-25 m sandy area around Gan-
quan Island in the South China Sea. GeoEye-1 multispectral data and in-situ multibeam data were used to investi-
gate the depth inversion performance of the XGBoost algorithm. To evaluate the retrieved bathymetry results, we
calculated the correlation coefficient (R?), mean square error (MSE), and mean absolute error (MAE) values. We
then compared the XGBoost bathymetry results with those of three linear regression models, and found the
XGBoost nonlinear depth inversion model to have the best fitting performance and better precision, with R*, MSE
and MAE values of 0.991, 0.33, and 0.44 m, respectively. To further explore the performance of each model at dif-
ferent depths, we divided the water depth into three ranges (0—8 m, 815 m, 15-25 m). The results show that, in
each depth range, the XGBoost model’s accuracy was better than those of the linear regression models. The MSE
values in each depth range are 0.56, 0.14, and 0.43 m, respectively. Based on these results, we can conclude that,
compared to other models, the depth inversion accuracy of the XGBoost model is higher, and its inversion effect is

more stable in a single sediment region.
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