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Abstract : The estimation of time-series data is fundamental process in many data analysis cases. However,
the unwanted measurement error is usually added to true data, so that the exact estimation depends on efficient

method to eliminate the error components. The wavelet tra

nsform method nowadays is expected to improve the

accuracy of estimation, because it is able to decompose and analyze the data in various resolutions. Therefore,
the wavelet based Kalman filter method for the estimation of time-series data is proposed in this paper. The

wavelet transform separates the data in accordance with frequency bandwidth, and the detail wavelet coefficient

reflects the stochastic process of error components. This property makes it possible to obtain the covariance of
measurement error. We attempt the estimation of true data through recursive Kalman filtering algorithm with

the obtained covariance value. The procedure is verified
process.

with the fundamental example of Brownian walk
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