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Abstract

This paper proposes a new prediction method to reduce times and labor of repetitive multi-physics simulation.
To achieve exact results from the whole simulation processes, complex modeling and huge amounts of time are
required. Current multi-physics analysis focuses on the simulation method itself and the simulation environment to
reduce times and labor. However this paper proposes an alternative way to reduce simulation times and labor by
exploiting machine learning algorithm trained with data set from simulation results. Through comparing each
machine learning algorithm, Gaussian Process Regression showed the best performance with under 100 training
data and how similar results can be achieved through machine-learning without a complex simulation process.
Given trained machine learning algorithm, it's possible to predict the result after changing some features of the
simulation model just in a few second. This new method will be helpful to effectively reduce simulation times and

labor because it can predict the results before more simulation.
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Table2. Input and Output Variable
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Category Variable Name

: Line Length
: Line Width
¢ Line Height
. PCB Length
: PCB Width
: PCB Height
: PCB thermal conductivity

Input Variable

: Current
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) : Max. Temperature
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