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Detection of an OFDM Signal Using
the Second Order Statistics and RNN
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ABSTRACT

Some previous works on detection of an OFDM
signal have presented a variety of test statistics
exploiting the repetition of the cyclic prefix.
However, development of the test statistics from the
inherent characteristic may not fully reflect the
property of an OFDM signal. Motivated by this, we
present a new detection method which derives its
test statistics by applying the RNN to the statistics
of an OFDM signal based on the second order

statistics and evaluate its performance by computer

simulation.
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Table 1. Hyperparameters of the proposed machine
learning model

input : {A(F), i=0,--,N,+N,—1}

layers | memory cell note

GRU 512 dropout=0.2, activation=ReLU

GRU 1024 dropout=0.2, activation=ReLU

GRU 256 dropout=0.2, activation=ReLU
input=256, output=500

d -

ense activation=ReLU

dense ) 1npu?=5(?0, output= 2

activation=softmax

output : 1 x 2 score vector
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Fig. 2. Performance of OFDM signal detection for several
values of SNRs
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