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CNN, RNN

- CNN (Convolutional Neural Network)
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CNN, RNN

- RNN (Recurrent Neural Network)
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PINN

- PNN (Physics-Informed Neural Network)
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model RMSE(Q]) MAE(Q) RMSE(V) MAE(V) RMSE(K) MAE(K) CongestionF1 050 Learning curve

] Simple MLP 119.271034  75.569946 7.839900 4314888 228.559494 1.824562 0.370542 —— train_loss
0.45 —— val_loss

1 Moving Average  131.906631 76.688637  7.268131 3.598302 210.239120  1.679780 0.750666
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