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EPRI Sparse-Reconstruction Method Based on Deep Learning
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Abstract: Electron paramagnetic resonance imaging (EPRI) is an advanced method for imaging tumor oxygen concentration. The
current bottleneck of EPRI is the extremely long scanning time. Sparse reconstruction, i.e., image reconstruction from projection data
obtained from a sparse perspective, is an effective rapid-imaging method. However, sparse-reconstructed images using the classical
filtered back-projection (FBP) algorithm contain severe streak artifacts, which affects their subsequent processing. Therefore, this
study investigates the EPRI sparse-reconstruction method based on deep learning. We propose a residual, attention-based, dense U-
network (RAD-UNet) to suppress streak artifacts. The input of the network is an image with streak artifacts from FBP sparse
reconstruction, whereas the label is a high-quality image from FBP dense reconstruction. Through large-scale data training, the
network suppresses streak artifacts. In image reconstruction, an EPRI image with streak artifacts is first sparse reconstructed from the
FBP algorithm. Subsequently, it is input to the RAD-UNet for artifact suppression. Finally, a high-quality reconstructed image is
obtained. The network couples advanced strategies such as residual connection, attention mechanism, dense connection, and perceptual
loss, thus improving the nonlinear fitting ability of the network and the network’s ability to suppress streak artifacts. Experimental
results of actual data reconstruction show that compared with the existing three representative deep convolution networks, the
investigated network offers a higher sparse-reconstruction accuracy and greater ability in suppressing streak artifacts.

Keywords: clectron paramagnetic resonance imaging; sparse reconstruction; streak artifacts; deep learning; convolutional neural
networks
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Table 1 Comparison results of sparse-reconstruction experiments
GIRCSRTS FBP RED-CNN FBPConvNet FD-UNet RAD-UNet
RMSE 0.00011 £ 4.2e-5 7.0e-5 £ 2.5e-5 6.6e-5 + 1.6e-5 57e5 + 1.5e-5 4.8e5 + 1.1e-5
SSIM 0.999979 + 2.1e-5 0.999992 + 9.3 e-6 0.999993 + 4.3 e-6 0.999996 + 2.7 e-6 0.999997 + 1.5¢e-6
PSNR 85.42 + 3.18 89.54 + 2.74 89.83 £ 1.90 91.17 = 2.14 9243 £ 1.82
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Fig.10 Comparison results of reconstructed images with different sparsity degrees,Display window: [ 0, 0.001 8]
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PSNR 91.15+2.01 91.44 £2.48 9243 +1.82 92.92 +2.38
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