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Water depth retrieval in tufa lakes based on Unmanned Aerial Vehicle
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Abstract: High-resolution and noncontact water depth monitoring is crucial for the management and protection of tufa lake landscapes.
Satellite-derived bathymetry cannot capture the subtle underwater sedimentary characteristics of tufa lakes. In recent years, the remote
sensing technology of light and small Unmanned Aerial Vehicles (UAVs) has gradually been applied to ultrahigh-resolution bathymetric
mapping in shallow water areas. However, the classic logarithmic model in water depth inversion is difficult to adapt to the widespread
Rayleigh scattering phenomenon in tufa lakes. Therefore, in this study, machine learning methods are used to construct bathymetric
inversion models of tufa lakes based on UAV imagery.

Taking Spark Lake in Jiuzhaigou National Nature Reserve, Sichuan Province, China as the experimental area, this study extracts aerial
image data for bathymetric model construction from UAV platforms. On the basis of pre- and post-earthquake UAV images, a pre-
earthquake orthophoto with water and a post-earthquake surface model without water are generated using the structure-from-motion
algorithm. After the exclusion of anomalous areas, sample points for the bathymetric inversion are randomly selected. Each sample datum
includes the red, green, and blue band digital number values of the pre-earthquake orthophoto and the relative depth values of the post-
earthquake exposed terrain relative to the pre-earthquake water surface. Through this dataset, machine learning regression models based on
Random Forest (RF), Support Vector Machine (SVM), and Multilayer Perceptron (MLP) are constructed. The above machine learning
models are trained repeatedly to determine their respective optimal parameters. The accuracy of the estimated bathymetry is verified using
the exposed lake terrain after the earthquake.

Results indicate that the water depth distribution of the three models has small differences in shallow water areas, and the areas with
significant differences are mainly deep-water regions. The bathymetric map simulated by the RF model is susceptible to high-frequency
signals, while the bathymetric maps simulated by the SVM and MLP models suffer from localized overestimation of water depth
distribution. In terms of accuracy assessment, the RF, SVM, and MLP models have Root-Mean-Square Errors (RMSE) of 0.816, 0.945, and
0.832 m and coefficients of determination (R”) of 0.948, 0.930, and 0.946, respectively. The RF and MLP models have relatively good
consistency across the entire depth range, while the SVM model has an overestimation of depth in general within the interval of 6—9 m.

To sum up, machine learning models exhibit higher accuracy in water depth retrieval compared with traditional logarithmic models.
Among them, the RF and MLP models are more suitable than the SVM model for water depth retrieval in tufa lakes based on UAV imagery.
Unlike the models only utilizing blue and green bands, the introduction of red bands into machine learning models improves the accuracy of
shallow-water bathymetry while increasing local bathymetry uncertainty. In the future, further research using UAV multispectral imagery
with the coastal blue band is necessary. Given an adequate dataset, constructing a deep convolutional neural network-based bathymetric
inversion model for tufa lakes is proposed.
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