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Abstract: Sparse Aperture-Inverse Synthetic Aperture Radar (SA-ISAR) imaging methods aim to reconstruct
high-quality ISAR images from the corresponding incomplete ISAR echoes. The existing SA-ISAR imaging
methods can be roughly divided into two categories: model-based and deep learning-based methods. Model-
based SA-ISAR methods comprise physical ISAR imaging models based on explicit mathematical formulations.
However, due to the high nonconvexity and ill-posedness of the SA-ISAR problem, model-based methods are
often ineffective compared with deep learning-based methods. Meanwhile, the performance of the existing deep
learning-based methods depends on the quality and quantity of the training data, which are neither sufficient
nor precisely labeled in space target SA-ISAR imaging tasks. To address these issues, we propose a
metalearning-based SA-ISAR imaging method for space target ISAR imaging tasks. The proposed method
comprises two primary modules: the learning-aided alternating minimization module and the metalearning-
based optimization module. The learning-aided alternating minimization module retains the explicit ISAR

imaging formulations, guaranteeing physical interpretability without data dependency. The metalearning-based
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optimization module incorporates a non-greedy strategy to enhance convergence performance, ensuring the

ability to escape from poor local modes during optimization. Extensive experiments validate that the proposed

algorithm demonstrates superior performance, excellent generalization capability, and high efficiency, despite

the lack of prior training or access to labeled training samples, compared to existing methods.

Key words: Inverse Synthetic Aperture Radar (ISAR); Sparse Aperture-ISAR (SA-ISAR) imaging; Learning

aided; Non-convex optimization; Meta-learning
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Fig. 1 General ISAR imaging scenario
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Alg. 1 A meta-learning based sparse aperture
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Tab. 1 The average imaging results on the of the simulated
ISAR data (sparsity rate 0.250)

WARES EHG5 PSNR (dB) RMSE

RD 7.9480 42.8314 0.0399
OMPH 5.4987 51.8950 0.0157
ADMMP! 6.5838 47.5709 0.0279
CU-ADMM™ 5.3921 52.1766 0.0152
AT 5.1500 52.9602 0.0143
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Tab. 2 The average imaging results on the of the simulated ISAR data (sparsity rate 0.125)

7k B PSNR (dB) RMSE

RD 8.1476 39.3011 0.0601

OMPH 5.2914 50.7518 0.0183

ADMMP! 6.7848 49.2835 0.0305

CU-ADMM! 5.1443 50.9706 0.0160

A CTi 5.1143 51.2460 0.0155
i  0.250 % 0.250 M. 0.125 M % 0.125

[el 3

P 3 A RIISARBUAG 5 VEAE A FUBCHE BT AL X EE &5
Fig. 3 The visual imaging results on the of the simulated ISAR data
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Fig. 4 The visual imaging results on the of the real ISAR data (sparsity rate 0.25)
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