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oABSTRACT o

An example of deep learning is a Convolutional Neural Network (CNN), which
has been used for prediction and channel estimation in a 5G network that uses a
MIMO (multi-paths) antenna system subject to Doppler and noise effects.

The study was carried out by generating mutual data in a fifth-generation
network and estimating the channel in a practical way. Then, a linear interpolation
process was performed for the channel, after which the channel was estimated through
a CNN network.

This work included a study of channel estimation techniques in the fifth
generation of cellular communications, where the actual channel was compared to the
case in which deep learning techniques (neural networks) are used to estimate the
channel, in addition to the case of estimation using traditional techniques.

Numerical results of the Mean Squared error for the studied cases showed that
the use of deep learning techniques plays a very important role in estimating the fifth-
generation channel as it is characterized by high accuracy, low complexity, and low
error rate.

The MATLAB software environment was used to perform the simulations.
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