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Directions-of-arrival Estimation of Coherent Cyclostationary Signals
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Abstract: In this paper, we focus on the problem of direction-of-arrival (DOA) estimation with applications of deep learning in the
case of small signal-to-noise ratio and non-stationary signals. The paper adopts linear equidistant array to receive coherent cyclosta-
tionary signals, calculates the cyclic autocorrelation function of cyclostationary signals and constructs the data vector matrix, then de-
composes the obtained matrix by vector singular value method, and finally inputs the decomposed matrix into convolutional neural
network to obtain the DOA estimation result. Compared with the traditional DOA estimation algorithm, the convolution neural net-
work has less estimation time. The simulations show that the root mean square error of the algorithm is reduced by 1 degree com-
pared with the existing optimal algorithm in the environment of non-stationary signal and low signal-to-noise ratio.
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network structures
Note: In this figure, the solid line shows the recognition accura-
cy after deleting the pool layer, and the dotted line shows the
recognition accuracy after adding the pool layer. The greater
the recognition accuracy, the better the generalization effect of

the neural network.
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Fig. 5 Comparison chart of root mean square error of algo-
rithms under different signal-to-noise ratios

Note: The algorithms in the figure are singular value decompo-
sition algorithm (SVD), this paper's deep learning algorithm,
forward spatial smoothing algorithm (FSS), deterministic maxi-
mum likelihood algorithm (DML) and spectral correlation sig-
nal-subspace fitting (SC-SSF) algorithm. With the increase of
signal-to-noise ratio, the root mean square error is smaller and

the recognition result is more accurate.
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Fig. 6 Comparison chart of root mean square error of algo-
rithms under different array elements
Note: The algorithms in the figure are singular value decompo-
sition algorithm (SVD) and this paper's deep learning algo-
rithm, forward spatial smoothing algorithm (FSS), determinis-
tic maximum likelihood method (DML) and spectral correla-
tion signal-subspace fitting algorithm (SC-SSF). With the in-
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