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[ Abstract] Non-cartesian magnetic resonance reconstruction is an important method of accelerated magnetic resonance imaging
and an indispensable tool in clinical diagnosis and treatment. The quality of non—cartesian magnetic resonance reconstruction is poor
due to the influence of reconstruction algorithms.In order to solve the problem of redundant calculation and large calculation error in
the reconstruction of non — cartesian undersampled magnetic resonance images, this paper proposes an neural network based on
density compensation, which belongs to the cross—domain network and connects the image space with the measurement space by
using the non—uniform fast Fourier transform layer. The data consistency layer is used in the measurement space to ensure the
consistency of data, and the convolution layer is used in the image space to extract feature information. The convolution denoising
autoencoder is used to extract high—frequency information to reconstruct more details. In order to verify the effectiveness of the
method, experiments are carried out on the fastMRI single—coil knee dataset. Under the condition of 4x acceleration factor, the
proposed method improves the peak signal-to—noise ratio by 1.9 dB and the structural similarity by 0.1. Under the condition of 6x
acceleration factor, the peak signal-to—noise ratio is increased by 1.2 dB and the structural similarity is increased by about 0.1.
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Fig. 2 The structure diagram of the proposed network
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Tab. 1 Comparison of reconstruction quality and efficiency in the

4x non—cartesian radial undersampling mode

Jrik PSNR SSIM T/ ms
tkbnufft 25.560 3 0.568 1 826.000
nepdnet 29.759 2 0.645 1 20.232

ours 31.656 9 0.741 1 22.793

x2 BFEEEFREDXIREEXNTERREMBEILL
Tab. 2 Comparison of reconstruction quality and efficiency in the

6x non—cartesian radial undersampling mode
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Tab. 3 Comparison of reconstruction quality and efficiency of ours

under different iterations in 4x undersampling mode

WARREL 1 PSNR SSIM T/ ms
12 26.525 1 0.577 6 25.376
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10 31.656 7 0.741 1 22.793
8 29.923 1 0.686 1 17.767
7 28.659 1 0.630 9 16.196
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