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Performance Evaluation of Concrete Drying Shrinkage Prediction Using DNN and LSTM
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Abstract : In this study, the performance of the prediction model was compared and analyzed using DNN and LSTM learning models to predict the
amount of dry shrinkage of the concrete. As a result of the analysis, DNN model had a high error rate of about 51%, indicating overfitting to the
training data. But, the LSTM learning model showed a relatively higher accuracy with an error rate of 12% compared to the DNN model. Also, the
Pre LSTM model which preprocess data, showed the performance with an error rate of 9% and a coefficient of determination of 0.887 in the LSTM
learning model.
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