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/ Control applications require fast, location x to the next-step temperature:
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The trained PINN accurately predicts the temperature
both within and far beyond the training window
while maintaining physical consistency. Since the
spatial coordinate (x) is an input to the network, a
single surrogate model can estimate the temperature
at any point along the rod. In this way, the PINN
serves as a physics-informed reduced-order model
of the complete thermal field.
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Compact, control-oriented architecture
Inputs are the location on the rod, past
temperature records and heater duty.

The output is the next-step temperature.

This work presents a hybrid physics-informed neural
network for thermal process identification and control.
The model combines data and heat-transfer physics,
demonstrates reliable prediction and extrapolation,
and enables efficient closed-loop temperature

MPC minimizes tracking error and
penelizes aggresive changes in

TABLE 1. PINN Model Structure

#  LAYER UNITS ACTIVATION heater duty. regulation when embedded in MPC.

| Dense ? _ . . L e Extend to high-dimensional thermal systems
e Recesing-horizen optimization o . . .

2 | Dense 10 tanh | e [ntergrate physics-informed dimensionality
e Input and move constraints enforced reduction / Model Order Reduction (MOR)

3 Dense 10 tanh . : : : : e
e Only the first control action is applied at each step /,) e Explore uncertainty quantification and

4 | Dense 1 linear ] I advanced neural architecture
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