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Abstract: For FDD massive multi-input multi-output (MIMO) downlink system, a novel deep learning method for com-
pressed sensing based sparse channel estimation was proposed, which was called convolutional compressed sensing net-
work (ConCSNet). In the ConCSNet, the convolutional neural network was utilized to solve the inverse transformation
process from measurement vector y to signal & and solve the underdetermined optimization problem through data-driven

method without sparsity. Simulation results show that the algorithm can recover the channel state information in massive

MIMO Systems with unknown sparsity more quickly and accurately.
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