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putational load of the traditional DOA estimation method. First, the covariance matrix of the re-
ceived signal of the nested array was considered as the input, and the symmetric conjugate prop—
erty of the covariance matrix was used to eliminate redundancy and reduce the data to one dimen-—
sion. Principal component analysis (PCA) was used to denoise and reduce the data dimensional-
ity. Subsequently, the residual structure and multilayer perceptron (MLP) were combined to con-
struct the a ResMLP network to address the issues of gradient explosion, gradient vanishing and
degradation caused by deep networks. The weight decay method and dropout were used to pre-
vent network overfitting. Finally, the Adam algorithm based on Yogi correction, was used as the
optimization algorithm, and a cosine scheduler was utilized to adjust the learning rate. Ultimately,
an optimized ResMLP network model was obtained. Under the two working conditions of the
number of snapshots K=512 and the signal to noise ratio (SNR) in the range of [—10, 10] and
SNR=0 dB and K in the range of [1, 512], the estimated value of the incident angle of each
source was calculated using different DOA estimation algorithms. The results show that the
ResMLP algorithm achives higher estimation accuracy than traditional virtual array (VA) trans-
form—based algorithms, such as MUSIC, root-MUSIC and ESPRIT, and offering faster compu-
tation speed and enhanced robustness. Especially under low SNR and snapshot conditions, the
ResMLP algorithm exhibits superior DOA estimation performance.

KEYWORDS: nested array; direction of arrival estimation; residual multilayer perceptron;

principal component analysis
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Fig.7 Variation of DOA estimation performance of different algorithms with the number of snapshots
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