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Reconstruction of Magnetic Resonance Images Based on Dual-Domain
Crossed Codec Network

Zhang Dengqgiang’, Liu Xiaohan, Pang Yanwei

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract Magnetic resonance imaging (MRI) has outstanding soft-tissue contrast and provides unparalleled benefits
in various diagnoses. It is an important way of observation in current clinical practice. The scanning period of an
MRI, however, is long, which greatly limits the diagnostic efficiency. Obtaining undersampled K-space data
through partial scanning at a specific acceleration magnification is a critical approach to save scanning time. Existing
approaches only rebuild the K-domain or the image domain alone or alternately process the two domains through
serially coupled image domain and K-domain convolution, resulting in poor reconstruction performance. A dual-
domain parallel codec structure that processes image domain and K-domain data simultaneously is presented to
provide high-quality reconstruction of undersampled K-space data at high acceleration rates. The proposed technique
reconstructs the undersampled image domain and K-domain data using two parallel codec networks, respectively,
then combines the features of the K-domain branch into the image domain using the inverse Fourier transform,
considerably enhancing reconstruction quality. For presampling data with varying acceleration magnifications,
experimental results reveal that the proposed method outperforms other U-Net-based image reconstruction methods.
This proposed method is projected to develop into a high-performance, high-acceleration-magnification MRI
undersampling data reconstruction method that can be used in clinical MRI reconstruction.
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Fig. 1 Cascaded dual-domain crossed encoding and decoding network structure
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Fig. 2 Image-domain and K-domain convolution structures. (a) Image-domain convolution; (b) K-domain convolution
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Fig. 4 Comparison of 4-fold under-sampled and full-sampled

K-domain data visualization. (a) Under-sampled K-space; (b) full-

sampled K-space
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Table 1 Performance comparison of two cascaded methods

Objective DPC-Net DPC-Net
indicator  (dual-domain parallel) (dual-domain crossover)
NMSE 0.0330 0.0325

SSIM 0.7363 0.7268

PSNR /dB 32.16 31.37
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Table 3 Objective indicators of reconstruction results of cascaded dual-domain codec network
NMSE SSIM PSNR /dB
Number of cascades
U-Net DPC-Net U-Net DPC-Net U-Net DPC-Net

1 0. 0357 0. 0350 0.7271 0.7363 32.15 32.16
2 0. 0351 0.0341 0.7298 0.7417 32.23 32.33
3 0.0348 0. 0340 0/7354 0. 7440 32.67 32.36
4 0.0342 0.0338 0.7435 0. 7460 33.03 32.44
5 0.0347 0.0326 0.7426 0.7498 32.78 32.98
6 0. 0349 0.0318 0.7417 0.7532 32.53 33.16
7 0.0352 0.0324 0.7387 0. 7520 32.47 33.02
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Table 4 Reconstruction performance of different networks under different acceleration magnifications

Parameter Network 2-fold 4-fold 8-fold
Zero filled 0.0323 0.0522 0.1091
U-Net 0.0234 0.0349 0. 0604
NMSE
KIKI-Net 0.0231 0.0326 0.0602
DPC-Net 0.0221 0.0318 0.0601
Zero filled 0.7820 0. 6559 0.548
U-Net 0.826 0.741 0.623
SSIM
KIKI-Net 0.831 0.748 0.634
DPC-Net 0.845 0.753 0.648
Zero filled 31.76 29.59 21.63
U-Net 34.60 32.53 27.5
PSNR /dB
KIKI-Net 34.98 33.01 27.9
DPC-Net 35.04 33.16 28.8
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