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Concrete dam deformation and deformation interval prediction model based on
QR-KOA-ITransformer-BiLSTM
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Abstract: To enhance the accuracy and generalization capability of concrete dam deformation prediction models, fully utilize the
topological relationships of temporal data in long time series, and consider various uncertainties, an improved Transformer
(ITransformer) model and bidirectional long short-term memory neural network ( BILSTM) were integrated with the Kepler optimization
algorithm ( KOA) to construct the KOA-ITransformer-BiLSTM concrete dam deformation prediction model, namely KIB model.
Additionally, to address uncertainties such as measurement errors, the quantile regression (QR) method was introduced, establishing
the QR-KOA-ITransformer-BiL.STM concrete dam deformation interval prediction model, namely QKIB model. Experimental results
demonstrate that the KIB model significantly improves prediction accuracy and iterative efficiency, reducing the mean absolute error,
mean absolute percentage error, mean squared error, and root mean squared error by 77. 89%, 90. 37%, 93. 08%, and 73. 69%,
respectively, compared to the LSTM models, while increasing the coefficient of determination R* by 23. 02%. The QKIB model exhibits
superior stability and accuracy, with the comprehensive evaluation metric at the 90% confidence level decreasing from 1.38736 ( QR-
LSTM), 0.78648 (GRU), and 0.54342 (QR-BiLSTM) to 0.24195.
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Table 1 Prediction performance evaluation indicators for four models
T MAE/mm MAPE/% MSE/mm? RMSE/mm R
KIB 0. 18604 0.16293 0.05777 0.24037 0.98628
B 0.36237 0.47945 0.18733 0.43282 0.95551
BiLSTM 0.50263 1.02633 0.32345 0.56872 0.92318
LSTM 0.84147 1. 692 64 0.83477 0.913 66 0.80173

3.5 QKIB #=RB I X B Fil 45 R 45 4
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Fig. 6 Deformation interval prediction results of four models
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Table 2 Evaluation indicators for deformation interval prediction performance of four models at 90% confidence level

TR PICP PINAW CwWC MPICD AIS
QKIB 0.97143 0.15176 0.24195 0.28211 0.35745
QR-LSTM 0.75844 0.27102 1.38736 0.61755 0.58725
GRU 0.83117 0.26298 0.78648 0.51953 0.49528

QR-BiLSTM 0.80519 0.24195 0.54342 0.30817 0.36106
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