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A fast MR imaging technique with decent generalization performance based on deep neural networks
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Shenyang 110167, China; 3. Liaoning Center for Drug Evaluation and Inspection, Shenyang 110003, China)

Abstract: Objective: To propose a technique for reconstructing undersampled MR images based on deep neural network
(DNN) and validate its clinical value. Methods: The main body of the DNN model consisted of two modules: residual convo-
lutional network and fidelity network, which could adapt to input images of different sizes and resolutions and effectively learn
the mnoise distribution in the images. A total of 150 volunteers who met the indications for MR scanning were included in this
study. K-space full sampling images and accelerated undersampling images were a set of randomly scanned multiple routine
sequences of the same subject’s head, cervical spine, abdomen, pelvic cavity, and knee joint, totaling 2 437 sets of images.
Among them, the fully captured images were used as labels without the need for additional annotation. Results: To evaluate
the generalization of the DNN-based algorithm, four models were built and trained by changing the input images. The inputs
of Model 1 employed all sequences(brain only) other than the current sequence as the output image, while the input of Model
2 was the opposite. The input of Model 3 employed all sequences of various parts(cervical spine, abdomen, pelvic cavity, and
knee) other than the current part as the output image, while the inputs of Model 4 were the opposite. The reconstructed re-
sults of four models were all very good (SSIM =0.93, PSNR =37.22). The average acquisition time was reduced by 16.2%,
while the average contrast to noise ratio (CNR) was improved by 8.5%, and the signal to noise ratio (SNR) was improved by
more than 7.7%. In addition, the DNN reconstructed images have the same or even higher quality than fully-sampled images.
Conclusion: The DNN model can reconstruct high—quality MR images with excellent generalization, which can facilitate fast
MR scanning in clinical practice.
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Figure 1. The overall architecture of the DNN model. Figure 2. The illustration of the residual Un et, where Conv/pool/upsampling
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were compared for four conventional head sequences(T; IR-TSE Tra,
T, TSE-Sag, T, TSE Tra, and T, FLAIR Tra), based on K-space
full sampling images(AV=2), accelerated under—sampled images (AV=
1, SENSE =1.5), and DNN model reconstruction images (AV =1,
SENSE=L.5).
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