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Abstract

Traditional radar imaging algorithms face numerous challenges when dealing with irregular
MIMO radar imaging. These traditional algorithms are often complex and time-consuming, making
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it difficult to meet the real-time imaging requirements of MIMO radar. Therefore, there is an ur-
gent need for a novel imaging algorithm that is applicable to arbitrary array configurations and
possesses real-time imaging capabilities. Considering the self-learning, self-organizing, and adap-
tive characteristics of neural networks, which have been widely applied in the field of radar imag-
ing, a two-dimensional MIMO irregular array sparse imaging algorithm based on neural networks
is proposed. Neural network training typically requires large datasets, and the process of con-
structing echo datasets is time-consuming. To address this issue, the U-Net network structure was
chosen, which can effectively train with small datasets. We compared the imaging results obtained
from the neural network algorithm with those from the traditional BP algorithm. The results
demonstrate that under the same dataset conditions, the neural network algorithm exhibits supe-
rior imaging performance and shorter imaging time, thereby achieving high-resolution real-time
imaging of two-dimensional MIMO irregular arrays.
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Figure 1. U-Net network structure
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Table 1. Basic parameter setting table
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Figure 2. “Fashion-MNIST” image dataset
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Figure 3. Construction of the echo dataset
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Figure 4. Composition of image labelling datasets
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Figure 5. Comparison of network training results with different loss functions
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Figure 6. Using the imaging results obtained from the BP algorithm as the training label set for the network
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Figure 7. Using the “Fashion-MNIST” image dataset as the training label set for the network
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Figure 8. The results obtained by training the network using BP imaging images as labels
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Figure 9. The results obtained by training the network using the “Fashion-MNIST” image dataset as labels
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