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Prediction of Rolling Force for Medium and Heavy Plates
Based on Physics-Guided Neural Network
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Abstract: Accurate prediction of rolling force can hardly be maintained by traditional
mechanistic models under complex coupled conditions. Meanwhile, although nonlinear rules can
be captured by purely data-driven machine learning models, they lack physical knowledge,
which easily leads to overfitting and limits their generalization performance and interpretability. A
physics-guided neural network (PGNN) model was proposed. By integrating the rolling
mechanism into the loss function, the model was guided simultaneously by data features and
physical laws. Meanwhile, a whale optimization algorithm (WOA) was introduced to optimize
model hyperparameters to improve model performance. Experimental results indicate that the
proposed PGNN method is superior to traditional data-driven methods in terms of prediction
accuracy, data dependence, and generalization performance, and the prediction results are highly
consistent with rolling theory. This method provides a new pathway for high-precision modeling
of rolling force and demonstrates its application potential in the field of intelligent manufacturing.
Key words: medium and heavy plate; transverse variable thickness rolling; rolling force
prediction; physics-guided neural network; whale optimization algorithm
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Table 1 Parameters of dataset for transverse
variable thickness rolling force
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Table 3 Evaluation results of models for prediction of transverse variable thickness rolling force
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Fig.9 Model performance under training sets of different scales
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Table 5 Effect of noise on R? of models
W

PGNN DNN RF DBN SVR ELM
F9
0% 0.9722 0.9693 0.9580 0.9531 0.9522 0.9390
1% 0.9719 0.9631 0.9512 0.9441 0.9473 0.9265
2% 0.9687 0.9583 0.9405 0.9276 0.9395 0.9124

5% 0.9625 0.9405 0.9273 0.9094 0.9120 0.8822
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Table 6 Generalization performance of models on different datasets

PR R PR PGNN-A DNN-A RF-A DBN-A SVR-A ELM-A
MAPE/% 2.98 3. 64 4.62 4. 41 4.77 5.43
R’ 0.967 3 0.9533 0.928 4 0.9314 0.926 5 0.920 4
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Pearson correlation coefficients of models
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