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Development of Physics-Informed Neural Network (PINN) * Domain Knowledge

Integrated model for Indoor Temperature Prediction
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Abstract

This study developed an indoor temperature prediction model integrating Physics-Informed Neural Networks (PINN) and domain knowledge to

reduce carbon emissions through building HVAC energy savings. The developed model addresses traditional black-box models' limitations by

learning physical laws and temporal characteristics, thus improving prediction performance. The model structure integrates PDE constant definition,

temporal domain feature extraction, and LSTM-attention mechanism implementation. It was trained and optimized using living lab data. Performance
evaluation of the model yielded excellent results, with an R? of 0.996, MAE of 0.03°C, MSE of 0.002°C, RMSE of 0.05°C, and CV(RMSE) of
0.18%, surpassing the recommended ASHRAE standards. Furthermore, through temporal pattern learning, a reduction in prediction temperature errors

during commute hours was observed. This model is expected to contribute to the operation of energy-efficient heating and cooling systems, as it

can achieve high prediction accuracy even with a small amount of data, allowing for flexible adaptation to various environmental conditions.
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