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Design of QPSK Intelligent Receiver Based on LSTM Neural Network

ZHU Li' \HAN Huimei' and ZHAI Wenchao®
1 College of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China

2 College of Information Engineering,China Jiliang University, Hangzhou 310018, China

Abstract To solve the problem of low detection accuracy and high complexity of quadrature phase shift keying(QPSK) receiver,
this paper proposes a QPSK intelligent receiver based on long short-term memory(LLSTM) neural network. The proposed intelli-
gent receiver consists of LSTM and fully connected layers, which employs the LSTM to capture the temporal correlation of the
received signal. Furthermore, the proposed intelligent receiver has low complexity. Simulation results show that, compared with

the existing QPSK receivers, the proposed QPSK intelligent receiver significantly improves detection performance in the scenarios

of additive Gaussian white noise,inphase quadrature imbalance and frequency deviation channel.

Keywords Deep learning.Long short-term memory neural network, Intelligent receiver, QPSK modulation
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