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Abstract: In the present work, a physics-informed neural networks (PINNs) framework was established for com-
bustion problems. Three different combustion configurations are considered to assess the performance of the pro-
posed PINNs, ie., zero-dimensional (0D) adiabatic constant-pressure reactor, one-dimensional (1D) freely
propagating premixed flame, and two-dimensional (2D) non-premixed triple flame. For the 0D and 1D
problems, it was found that the predicted profiles of species mass fractions and temperature by PINNs agree well
with those of Cantera. The ignition delay time and laminar flame speed under various operating conditions can be
accurately captured using PINNs. For the 2D problems, it was found that the velocity, temperature, and species
distributions can be predicted by PINNs with high accuracy. The results highlight the potential of PINNs for solving

the combustion problems, and provide a new insight for the development of physics-informed combustion models.
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Fig.2 Schematic of the 2D non-premixed triple flame
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