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Joint Optimization of Pilot Design and Channel Estimation Based on Deep Learning

WANG Anyi, LI Ruoman. LI Xinyu and LI Mingzhu

College of Communication and Information Engineering,Xi’an University of Science and Technology,Xi’an 710600 ,China
Abstract With the continuous innovation and development of mobile communication technology, higher requirements have
emerged communication reliability and data transmission performance. Accurate and efficient acquisition of CSI is a key prerequi-
site for fully harnessing the technical potential of wireless communication systems. In response to the challenges of high pilot
overhead and low channel estimation accuracy in MIMO-OFDM systems,a joint optimization scheme of pilot design and channel
estimation based on Deep Learning( AE-DRSN) is designed. The scheme initially utilizes Concrete AE to identify and select the
pilot positions with maximum information content to achieve pilot optimization. The optimized pilot positions are then input into
the DRSN to achieve more accurate CSI and further complete the accurate estimation of the channel. Experimental results demon-
strate that compared with traditional channel estimation methods, the joint optimization scheme based on AE-DRSN can still

achieve high-precision channel estimation with minimal pilot overhead,fully verifying the effectiveness of the scheme.

Keywords MIMO-OFDM, Pilot design,Channel estimation, Autoencoder,Deep residual shrinkage network
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