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Figure 1 Flow chart of RF algorithm
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Figure 4 Displacement of measuring points in the dam section
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Zonal Inversion of Underwater Topography of Large Water Bodies

Based on Landsat Images

DOU Ming"?, SHI Yuxian', QU Lingbo’, WANG Jihua®, XING Aoqi’

(1. School of Water Conservancy and Transportation, Zhengzhou University, Zhengzhou 450001, China; 2. School of Ecology and En-
vironment, Zhengzhou University, Zhengzhou 450001, China; 3. Henan Provincial Natural Resources Monitoring and Land Improve-

ment Institute, Zhengzhou 450016, China)

Abstract; To address the difficulty of obtaining underwater topography data for large water bodies with insufficient
data, Danjiangkou Reservoir was selected as the study area, and a retrieval method based on Landsat remote sens-
ing imagery and water depth zoning was proposed. The underwater topography of the shallow and deep water areas
of the reservoir was reconstructed using the waterline kriging interpolation method and four water depth inversion
models (single-band, dual-band ratio, BP neural network, and multi-band random forest) , and the inversion ac-
curacy was evaluated. The results showed that the underwater topography inversion in the shallow water area per-
formed well (Root Mean Square Error, RMSE=2.553 m). In the deep water area, the multi-band random forest
model performed best in the Han Reservoir area (RMSE =2.428 m) , while the BP neural network model performed
best in the Dan Reservoir area (RMSE=1.599 m). The accuracy of different inversion models varied across differ-
ent depths and regions, with the multi-band random forest model demonstrating advantages in deep-water topogra-
phy inversion.

Keywords: underwater topography inversion; Landsat remote sensing imagery; BP neural network model; multi-

band random forest model; Danjiangkou Reservoir
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Concrete Dam Deformation Prediction Model Based on TSNE-NGO-RF Algorithm

ZHENG Dongjian', ZHAO Yu', RAN Cheng', LIN Yinghao', CHEN Linze’

(1. School of Water Conservancy and Hydropower Engineering, Hohai University, Nanjing 210098, China; 2. Institute Hohai-Lille,
Hohai University, Nanjing 210098, China)

Abstract; Reasonable data analysis and accurate prediction of deformation monitoring data for concrete dams are
key means to ensure the safe and long-term operation of dams. In response to the periodic and nonlinear character-
istics of environmental variables that could affect dam deformation, as well as the shortcomings of traditional random
forest model parameter optimization methods such as poor applicability and low computational efficiency, a new type
of dam deformation prediction model was proposed. The model uses t-distributed random neighborhood embedding
to reduce the dimensionality of eigenvalues and improve the classification performance of the model. The traditional
random forest model was improved using the northern eagle optimization algorithm, which enhanced the efficiency of
selecting optimal parameters for the random forest model. The parameters of the random forest model could be de-
termined using the northern eagle optimization algorithm in the 80th iteration, and the fitness function was 0. 249 3,
which achieves better results compared to the Sparrow Search Algorithm and Particle Swarm Optimization Algo-
rithm. The analysis of the 18*th and 26*th sections of a concrete dam showed that the fusion model proposed in this
study had average absolute errors of 0. 501 93 and 0. 173 02 mm, mean square errors of 0. 359 71 and 0. 043 87
mm’, average absolute percentage errors of 0. 819 59% and 0. 113 62% , and determination coefficients of 0. 914
56 and 0. 892 74, respectively. Compared with other models, this model performed better in prediction accuracy
and model stability, opening up new possibilities for accurate prediction of concrete dam deformation.

Keywords: concrete dam; deformation prediction; dimensionality reduction; northern eagle optimization algo-

rithm; random forest algorithm
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