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Investigation of solid-liquid thermal resistance based on molecular dynamics
simulation and machine learning
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Abstract: The cooling technology for micro—electronic devices has attached much attention in recent decades
because of the dramatic increase in heat dissipation demands. Considering that micro—nano channel liquid cooling
is one of the most potential methods for thermal dissipation, it is necessary to study the solid — liquid interfacial
thermal resistance, which plays an important role in micro—nano channel liquid cooling. In this work, molecular
dynamic (MD) simulation and machine learning are used to calculate and analyze the solid-liquid interfacial
thermal resistance at the nanoscale. A MD simulation model for solid=liquid-solid sandwiched structure is
established, wherein the solid-liquid interfacial thermal resistance can be obtained. Because of the time-consuming
MD simulations, machine learning methods are adopted for thermal resistance analysis. Accordingly, a back

propagation neural network and a genetic algorithm—optimized back propagation neural network are established in
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this study. The interfacial coupling strength parameter, system temperature, and the ratio of solid temperatures on

both sides to the system temperature are selected as input parameters, while the interfacial thermal resistance is the

el

output parameter. The performance of the models are evaluated by comparing the errors and prediction results of the
Keywords: solid-liquid interface; interfacial thermal resistance; micro—nano scale; molecular dynamics simulation;
E

relative deviation of 2.2995, and a coefficient of determination of 0.9989.

two models. In conclusion, the back propagation neural network optimized by genetic algorithms has smaller errors
and relatively high prediction accuracy, with a root mean square error of 1.204x10” Km*/W, an average absolute
machine learning
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solid-liquid interface
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