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MRI Image Super Resolution through Filter Learning Based
on Surrounding Gradient Information in 3D Space
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ABSTRACT

T

Jin Kyu Gahm

Three-dimensional high-resolution magnetic resonance imaging (MRI) provides fine-level anatomical

information for disease diagnosis. However, there is a limitation in obtaining high resolution due to the

long scan time for wide spatial coverage. Therefore, in order to obtain a clear high-resolution(HR) image

in a wide spatial coverage, a super-resolution technology that converts a low-resolution(LR) MRI image

into a high-resolution is required. In this paper, we propose a super-resolution technique through filter

learning based on information on the surrounding gradient information in 3D space from 3D MRI images.

In the learning step, the gradient features of each voxel are computed through eigen-decomposition from
3D patch. Based on these features, we get the learned filters that minimize the difference of intensity
between pairs of LR and HR images for similar features. In test step, the gradient feature of the patch

is obtained for each voxel, and the filter is applied by selecting a filter corresponding to the feature closest
to it. As a result of learning 100 T1 brain MRI images of HCP which is publicly opened, we showed
that the performance improved by up to about 11% compared to the traditional interpolation method.
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Fig. 1. A brain MRI image from (a) Axial view, (b) Sagittal view, and (c) Coronal view,
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Fig. 2. Flowchart for filter calculation,
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Algorithm 1: Training process

Input:
I I, - I - Original HR images
s - Upscaling factor
Output:
h - Super resolution filters
Process:

Qqeo, V,<0 for all ¢
for each image I™ do
A, <0, b, —0 for all ¢
Compute I, IITS from IM
for each voxel k in IIT do
Compute G, from (I'1,),,.a 00
Compute 6,, ¢,, A, u, from eig (G, WG,)
Select ¢ from 0,, ¢, A\, 1,
Ay A U1 ) b b5 Th]
if kg voxel is the end of the step
Q+=4,"4;, V,+=4,"b for all q
A, —0, b0 for all g
end
end

end
h, <— argmin, @k — V|| for all ¢

Algorithm 2: Test process

Input:

I' - LR image

s - Upscaling factor

h - Super resolution filters
Output:

I° - Estimated SR image
Process:

Compute I'1, from I!
for each voxel k in IlT do
Compute G, from (I T paten (o)
Compute 0,, ¢,, M, u, from eig (G, WG,)
Select ¢ from 0,, ¢, A\, p,
Iie(IlTs)patch(k)hq
end
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b) Nearest
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PSNR/SSIM 29.44/0.9544

(d) Ours
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Fig. 3. Visual comparison with interpolation methods in the upscaling factor of 2X_ (a) Original HR image, (b)—(c)
Interpolated image from downscaled (a), (d) Image recovered using our method.,
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