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The manual uncertainty propagation from possible noise sources has been usually adopted for data analysis in
many field of science, however, it is hardly possible to perfectly model all the noise sources and their properties. We
propose more data-driven approach especially for multi-channel measurement systems. In this method, the noise
distribution is modeled by tractable density distributions parameterized with neural networks. These parameters
are learned from a lot of measurement data that contains the noise of the systems. We demonstrated this method for
Thomson scattering measurement system and charge exchange spectroscopic system for fusion plasma experiment.
The posterior distributions with the learned noise properties show much more detailed information than those with

the manual noise propagation.
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(a) Uncertainty propagation
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(b) Machine learning
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