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ABSTRACT

In frequency-division duplex (FDD) massive multiple-input multiple-output (MIMO) system, the computational
complexity of downlink channel estimation is proportional to the number of antennas at a base station. Therefore,
effective channel estimation techniques may have to be studied. In this paper, novel channel estimation
algorithms using adaptive techniques such as Kalman and least mean square (LMS) filters are proposed in a

channel model with temporal and spatial correlation.
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