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Inverse Synthetic Aperture Radar Imaging Method Based on

Group Dictionary Learning
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Abstract; Compared with traditional radar imaging methods, the inverse synthetic aperture radar (ISAR)
imaging method based on compressive sensing (CS) can obtain high-quality images with much less data. However,
the inaccurate sparsity representation of the target scene in the ISAR imaging method based on CS limits the
performance of imaging methods. The CS ISAR imaging method based on dictionary learning (DL) has been used to
find the optimal sparsity representation of the imaging block in the target scene to improve the imaging quality, but
each image block is considered independently and the relationship between blocks is overlooked. Aiming at the block
reconstruction of ISAR image, this paper proposes an ISAR imaging method based on group dictionary learning
(GDL) to improve the image quality. Firstly, image blocks with similar structure are used to construct several
groups. Then, the singular value decomposition (SVD) technique is utilized to learn the optimal sparsity transform
dictionary inferred from the image block groups. This learnt sparsity transform dictionary is used to find out the
optimal sparsity representation of the image block group, and the high-quality target image is reconstructed. The
experimental results show that the proposed ISAR imaging method based on GDL can provide better imaging results
with higher computational efficiency than the current CS ISAR imaging methods.
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Fig. 1

Satellite data imaging results based on different methods
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