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[Abstract]

Recently, research has been actively conducted to overcome
the limitations of high-priced single sensors and reduce costs
through the convergence of low-cost multi-variable sensors. This
paper estimates state variables through asynchronous Kalman
filters constructed using CVXPY and uses Cvxpylayers to
compare and learn state variables estimated from CVXPY with
true value data to estimate filter parameters of low-cost sensors
fusion.
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Fig. 10. @ Convergence Graph of Learning Results
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