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Cavitation in ogee spillways is one of the most critical factors threatening the
safety and reducing the service life of hydraulic structures. In this study, a
deep learning model based on a multilayer perceptron (Deep MLP) was
developed to predict different levels of cavitation damage on the Golvandak
Dam spillway. To achieve optimal performance, the influence of key
parameters such as data splitting strategy, training algorithm, activation
function, and learning rate was systematically investigated. The results
indicated that a data split of 70-15-15% for training, validation, and test,
respectively, combined with the Trainlm algorithm, Tansig activation function
in hidden layers, and a learning rate of 0.001, provided the highest accuracy.
The final model with three hidden layers (10, 8, and 5 neurons) was able to
simulate the nonlinear relationships governing cavitation with high precision,
achieving correlation coefficients of 0.998 in training and 0.996 in testing,
with RMSE values of 0.0158 and 0.028, respectively. The prediction results
revealed that damage severity increases along the spillway and reaches its
maximum level from station 90 m onward. Comparison with the Support
Vector Machine (SVM) model demonstrated the significant superiority of the
deep learning model in both training and testing phases. The developed model
can serve as an efficient tool for identifying critical zones, prioritizing
maintenance actions, and enhancing the safety of hydraulic structures.
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Table 1. Descriptive statistics of the input and output variables used for training the Deep MLP model

Variable Samples Minimum Maximum Mean Standard Deviation
Pressure (P) 346 -23730.516 81951.500 8824.501 9186.377
Velocity (V) 346 2.335 30.361 16.292 5.440
Cavitation Index (o) 346 -0.161 1.698 0.143 0.361
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Figure 1. Deep learning network architecture implemented in MATLAB 2020a
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Figure 2. Flowchart of the deep artificial neural network model
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Table 2. Cavitation damage risk level classification (Ermani et al., 2013)

Class Damage Risk Level Cavitation Index Range
1 No cavitation risk o>1
2 Possible cavitation occurrence 045<0<1
3 Mild to moderate damage 0.25 < 0 < 0.45
4 Severe damage 0.17 <0 <£0.25
5 Maximum ultimate damage 0 <017
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Table 3. Selection of appropriate data for prediction using deep neural network

Data Splitting r RMSE
Training 60%
Validation 20% 0.996 0.0224
Test 20%
Training 70%
Validation 20% 0.898 0.1148
Test 10%
Training 70%
Validation 10% 0.997 0.0198
Test 20%
Training 70%
Validation 15% 0.998 0.0158

Test 15%
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Figure 3. Effect of learning rate on the prediction performance of the deep neural network model
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Table 4. Parameters used in the deep neural network model

Parameter Value
Network type Deep MLP (Multilayer Perceptron)
Training algorithm Levenberg—Marquardt
Hidden layer activation function Tan-Sigmoid
Output layer activation function Linear
Number of hidden layers 3
Network architecture (neurons per layer) 10,8,5
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Table 5. Grid Search Result for Optimizing the Hidden Layer Architecture of the MLP model

Architecture R RMSE MAE
10-8-5 0.99 0.014 0.006
Training: R=0.99869 Validation: R=0.99903
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Figure 4. Performance evaluation of deep learning at different stages
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Table 6. Prediction of cavitation risk levels using the DNN model

Zone Station (m) Cavitation Damage Level Risk Status

1 Stations 30 to 50 1 No risk

2 Stations 50 to 70 2 Possible damage

3 Stations 70 to 90 4 Severe damage

4 Stations 90 to 110 5 Maximum ultimate damage
5 Stations 110 to 130 5 Maximum ultimate damage
6 Stations 130 to 150 5 Maximum ultimate damage
7 Stations 150 to 170 5 Maximum ultimate damage
8 Stations 170 to 190 5 Maximum ultimate damage
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Table 7. Comparison of prediction performance between DNN and SVM models

. Train Test
Model Function MAE R RMSE MAE R RMSE
DNN DL MLP 0.0098 0.998 0.0208 0.018 0.996 0.028
SVM RBF 0.32 0.882 0.127 0.024 0.857 0.133
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Figure 5. Diagram of test error values for the sensitivity analysis of the model
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