
Gradient Profile Based Super Resolution
of MR Images with Induced Sparsity

Prabhjot Kaur(B) and Anil Kumar Sao

Indian Institute of Technology, Mandi, India
prabhjot kaur@students.iitmandi.ac.in, anil@iitmandi.ac.in

Abstract. Trade-off between resolution and signal to noise ratio(SNR)
of magnetic resonance (MR) images can be improved by post processing
algorithms to provide high quality MR images required for several med-
ical diagnosis. This paper proposed a constraint to sharpen the gradient
profile (GP), typically symbolizes the quality of image, of super-resolved
MR images in the framework of sparse representation based super res-
olution without any external LR (low-resolution)-HR (high resolution)
pair images. It has been performed by establishing a piecewise linear
relation between GP of LR image up-scaled by Bi-cubic interpolation
(UR), and corresponding LR image. The resultant relationship is used
to approximate the ground truth HR image such that GP of upsampled
LR image is improved. Further, to preserve the details along with its
consistency among coronal, sagittal and axial planes, we have learned
multiple dictionaries by extracting patches from the same and adjacent
slices. The experimental results demonstrate that the proposed approach
outperforms qualitatively and quantitatively the existing algorithms of
increasing the resolution of MR images.
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1 Introduction

The requirement of precise medical diagnosis using MR scanner demands high
spatial resolution and signal to noise ratio (SNR) of MR images, which can be
achieved either by (i) choosing appropriate parameters of the pulse sequences or
(ii) by having expensive materials in the MR scanner [1,2]. However, the spatial
resolution which is inversely determined by the voxel size is ultimately lower
bounded by the threshold for SNR, and the time requisites in clinical practices
also encourages the larger voxel size to speed up the MR scanning [1]. Decreasing
the voxel size using pulse sequence parameters results in noisy MR images, which
may not be able to serve the clinical purpose. Thus, post-processing algorithms
of scanned MR images serve a convenient alternative for improving the trade
off between resolution and SNR in order to provide better quality MR images.
Moreover, it has been demonstrated experimentally that the application of signal
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processing techniques can improve the spatial resolution along with significant
increment in the SNR [3] of MR images.

The objective to increase the resolution of MR images can be framed as super
resolution problem and various approaches have attempted in literature for the
same [4–8]. These approaches can be classified into two broad categories namely
- super resolution of MR images (i) using available exemplar HR-LR images [7–9]
(ii) without using any external HR or LR images. In the first category of these
approaches, the lost fine details of the image to be super resolved are estimated
from the external HR MR images. Here, the mapping between LR and HR MR
images are learned and the given test LR image is mapped to HR image using
learned mapping. These approaches give good reconstruction results but require
HR-LR image pairs, which may not be possible to get in real world scenario.
This issue is addressed by approaches from the second category, in which the fine
image details are estimated using the patches extracted from the same image or
same MR image volume itself. This comes from the observation that the same
detail structure can be observed in the up and down-sampled versions of the
image [10].

Following this, Manajon et.al. [11] exploited the self similarity of MR images
with a strategy to construct 3D cube by weighted averaging of the several 3D
cubes extracted from the same MR image volume. The averaging operator may
smear the fine details of the resultant super resolved image, which otherwise
reflect important information of tissue being captured like tissue boundaries in
MR images. Moreover, it should be noted that, MR images essentially have many
minor details which relate to subparts of the organ and each details’ sharpness
play its role in clinical practices for e.g., diffused boundary/detail might be inter-
preted as hemorrhage/deformity. Thus, the preservation of the image details and
their profile in super resolved MR images is an important aspect. In single image
super resolution, it has been experimented in [5] to preserve the local variations
by using total variation (TV) as a regularizer with low rank representation of
MR images. The total variation considers the averaged variations in all direc-
tions irrespective of the detail’s structure, thus it preserves the details but tend
to blur and reduce the sharpness of image details.

In this paper, we have proposed a constraint to preserve image details and the
corresponding gradient profiles in the super resolved MR images using framework
of sparse representation based super resolution without any external LR-HR
images. In order to preserve the gradient profile of the details while upsampling,
we explore the relation between gradient profile of details in LR image upscaled
by bicubic interpolation (UR), and LR image details’ profile. It has been observed
that the GPS profile of UR and LR images are related by a piecewise linear func-
tion, which is used to approximate the gradient profile for HR image estimate.
Further, to preserve the details along with its consistency among coronal, sagittal
and axial planes, we learn multiple dictionaries by extracting patches from the
up-downsampled versions of same and adjacent slices. The experimental results
demonstrate that the proposed approach outperforms the existing state-of-the-
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art single image super resolution algorithms explored to improve resolution of
MR images.

The work done in the proposed approach has similarity with the approach
in [12], where the super resolution of intensity images is addressed by estimation
of gradient map while maintaining the consistency in GPS. Later, estimated
gradient map of HR image is fused in intensity image to derive super-resolved
HR image. On the contrary, in the proposed work, consistency in GPS is put
as a constraint to estimate the MR images. Also it should be noted that, the
proposed approach employs the framework of sparse representation based SR,
which is completely different from the work in [12].

The rest of the paper is organized as follows: Sect. 2 briefly explains the
sparse representation framework for super resolution. The proposed approach
for preserving the gradient profile is explained in Sect. 3. Experimental results
in Sect. 4 demonstrate that the proposed approach performs better than the
existing approaches qualitatively and quantitatively, and the paper is concluded
in Sect. 5.

2 Sparse Representation Framework for Super Resolution

Considering the low rank structure and sparse manifold of the MR signal, we
use the sparse representation framework for super resolution of MR image (y)
with sparsity regularizer [13]. The optimization problem is thus defined as:

x̂ = arg min
x

||y − DHAβ||22 + ||β||1, (1)

where y ∈ R
m is the LR image obtained by degradation with downsampling

D ∈ R
m×n and blurring H ∈ R

n×n operators, applied on the HR image x ∈
R

n, (n >> m) which is assumed to be represented as linear combination of
columns of the overcomplete dictionary A, which means x = Aβ. The choice of
dictionary A in Eq. (1) is important and several approaches have been explored
to learn A from the data itself. In this work, PCA based dictionary, as explained
in [14] is used to demonstrate the effectiveness of the proposed approach.

3 Proposed Approach

The medical significance of image details in MR images requires the preservation
of details along with their gradient profiles. In order to do so, the proposed app-
roach develops a piece-wise linear relation between gradient profile of UR image
and LR image, to approximate gradient profile for HR estimate. The estimated
gradient profile for HR image is used as constraint to give super resolved images
with sharper gradient profiles.

The parameters to model the image details, which mainly describe the edges,
can be contrast(h) and width(d) of the edge as shown in Fig. 1(a). These two
parameters are computed as explained in [15]. The values of h and d are combined
to define the gradient profile sharpness(GPS, η = h/d), which can be used as
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a metric for indicating sharpness of image. The higher values of GPS indicate
sharper image. To explore the nature of GPS values, HR image is taken randomly
from an MR image volume obtained from 7T MR scanner with spatial resolution
of 173×173. It is downsampled by factor 2 to obtain LR image, and the histogram
of non-zero GPS values for each of UR, LR and HR images is plotted in Fig. 2.
It can be seen in Fig. 2(a) that most of the values lie in lower range in case of
UR image as compared to LR and HR image. This is due to the upsampling
process on LR image, which blurs minor details of image. Blur will account for
lower GPS values and zero GPS values are due to various missing details. It is
important to note that the HR image is used to observe the behavior of GPS
values, but it is not used while estimating the HR image. On the other hand,
the percentage of edge pixels in LR and HR image remains almost same, and
thus it is reasonable to represent hist(ηH) by hist(ηL).

Fig. 1. (a) Parameters to characterize the edge; (b) Illustration of 2D histogram for
ηU (x-axis) and ηH (y-axis) for upscale factor 2 in left image and for upscale factor 3
in right image.

Fig. 2. Histogram of non-zero GPS values obtained for randomly selected (a) UR
image, (b) LR with downsample factor 2, (c) Super resolved HR image, and (d) the
corresponding ground truth HR image, from MR image volumes in the dataset. Here x-
axis shows the GPS values and y-axis indicates the corresponding count of GPS values
scaled in 0 to 1 range.
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Table 1. Quantitative comparison of the proposed approach with the existing
approaches for upscale factor 2

Subjects 1 2 3 4 5 6 7 8

PSNR NLM3D 28.53 29.25 28.95 30.07 29.42 29.91 28.87 28.48

1.29 0.74 1.05 1.05 2.05 2.54 1.22 1.11

LRTV 30.54 30.97 31.43 31.89 31.61 32.08 30.91 30.67

1.56 0.87 1.38 1.17 2.53 2.86 1.31 1.39

Proposed 31.69 32.12 32.70 33.07 32.97 33.34 32.06 32.11

2.02 0.94 1.78 1.10 3.45 2.97 1.37 1.85

SSIM NLM3D 0.53 0.51 0.56 0.53 0.55 0.56 0.54 0.56

0.0024 0.0012 0.0024 0.0025 0.0019 0.0015 0.0024 0.0017

LRTV 0.62 0.61 0.64 0.61 0.63 0.66 0.62 0.65

0.0022 0.0015 0.0028 0.0028 0.0023 0.0018 0.0030 0.0020

Proposed 0.67 0.65 0.69 0.67 0.69 0.70 0.68 0.70

0.0023 0.0015 0.0025 0.0025 0.0022 0.0014 0.0027 0.0019

SNR NLM3D 20.85 20.39 22.66 22.54 21.55 21.74 21.86 21.06

0.30 0.46 0.17 0.27 0.29 0.28 0.07 0.21

LRTV 22.93 22.49 24.90 24.42 23.81 23.99 23.96 23.33

0.47 0.81 0.33 0.34 0.48 0.32 0.21 0.35

Proposed 24.08 23.64 26.17 25.60 25.17 25.25 25.11 24.46

0.90 1.23 0.55 0.57 0.92 0.67 0.53 0.68

To find the relation between ηU and ηH , we extract the (ηU , ηH) pairs
following the spatial distance and gradient distance criteria as described in [12].
The 2D(ηU , ηH) GPS distribution histogram is shown in Fig. 1(b) and Pearson
product correlation coefficient(PPCC) is computed to validate the linearity in
relation between ηH and ηU . It has been observed that PPCC values is relatively
lower for MR images. This can be due to the small details present in MR images
which are approximately zero in (ηU ) but are non-zero in (ηH). Moreover, as
the upscale factor increases, the linearity is distorted. Hence, we divide the GPS
values into multiple ranges, and approximate the linear relationship for each
range. This results in a piece-wise linear relations of ηU with ηH values. In this
work, we have divided the GPS values into four ranges. This linear relation can
be modeled by ηH = αηU , and α can be estimated by minimizing the chi-
square distance between histogram of ηL and ηU . For each region, the following
optimization cost is used to estimate α.

α∗ = arg min
N∑

i=1

(
(f(ηL)i − f(αηU )i)2

(f(ηL)i + f(αηU )i)

)
, (2)

where f(z) represents the histogram of non-zero values of z and N is the number
of elements selected in f(z).
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3.1 Estimation of HR Image

We transform the gradient profile of UR image in order to define an estimate for
gradient profile of high resolution image (ηRef = α∗ηU ). This can be used to
constrain the solution space further, in order to choose only the solutions with
sharper gradient profiles. This in effect reduces the blurring and other artifacts
across tissue boundaries which is crucial for medical diagnosis. Thus the cost
function with x = Aβ can now be:

x̂ = arg min
x

||y − DHAβ||22 + ||β||1 + ||ηx − ηRef ||22. (3)

It can be observed in Fig. 3(c) that the histogram of reconstructed HR image
obtained by the proposed approach is similar to that of the ground truth HR
image, which demonstrates the preservation of gradient profile of some details.

4 Experimental Results

To compare the performance of proposed algorithm, evaluated metrics(peak sig-
nal to noise ratio(PSNR), signal to noise ratio(SNR), structure similarity index

Table 2. Quantitative comparison of the proposed approach with the existing
approaches for upscale factor 3

Subjects 1 2 3 4 5 6 7 8

PSNR NLM3D 24.40 25.70 25.82 26.94 25.36 24.89 25.32 24.57

2.27 2.96 2.95 3.01 3.07 3.88 3.10 1.64

LRTV 27.65 28.07 28.39 28.97 28.48 29.08 27.96 27.54

1.27 0.75 1.13 1.09 2.09 2.74 1.20 1.09

Proposed 28.59 28.97 29.39 29.98 29.49 30.13 28.91 28.62

1.53 0.61 1.34 0.97 3.28 2.75 1.09 1.95

SSIM NLM3D 0.40 0.42 0.40 0.46 0.43 0.39 0.41 0.45

0.0028 0.0032 0.0057 0.0036 0.0032 0.0022 0.0028 0.0024

LRTV 0.49 0.47 0.51 0.48 0.50 0.52 0.49 0.51

0.0025 0.0011 0.0026 0.0024 0.0022 0.0017 0.0025 0.0019

Proposed 0.54 0.52 0.56 0.54 0.55 0.57 0.55 0.57

0.0027 0.0012 0.0025 0.0026 0.0017 0.0015 0.0023 0.0017

SNR NLM3D 18.66 17.36 19.00 18.30 19.87 18.82 19.75 17.41

2.28 4.67 3.60 3.27 4.86 1.67 2.78 4.12

LRTV 20.02 19.56 21.84 21.48 20.66 20.96 21.00 20.17

0.27 0.43 0.19 0.23 0.32 0.25 0.08 0.22

Proposed 20.96 20.46 22.85 22.50 21.67 22.02 21.94 21.25

0.61 0.92 0.45 0.54 0.96 0.58 0.25 0.77
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measurement(SSIM)) are compared with two existing approaches. - sparse repre-
sentation based LRTV algorithm [5], weighted averaging based NLM3D [11]. The
performance of the proposed algorithm is evaluated using 8 randomly selected
MR image volumes scanned by 7 T with 1.05×1.05×1.05mm3 from dataset pub-
licly available online [16]. Each volume contains 207 slices out of which we select
central 120 slices due to insignificant information in first and last few slices. LR
images are formed by first blurring the image with Gaussian kernel with sigma
of 1 voxel and downsample the HR image volume in x and y directions with
factors 2, and 3.

(a) (b) (c) (d) (e)

Fig. 3. Examples of reconstruction quality of two highlighted windows shown in first
row, zoomed in second and third row constructed by various approaches including
proposed approach- (a) interpolated image with bicubic spline, (b) upsampled image
with NLM3D [11], (c) reconstructed image with LRTV [5], and d) shows the result for
proposed algorithm.

Super resolved images for using bicubic spline and NLM3D [11] are displayed
in Fig. 3(a,b) which shows the blurry estimates and are not able to distinguish
the structures. However, in LRTV [5] shown in Fig. 3(c) the ability to distinguish
two distinct tissues is improved, but with blurred gradient profiles and zig-zag
artifacts, which are visibly improved in the proposed approach Fig. 3(d) with
sharper profiles. Please zoom in the computer screen to appreciate the improve-
ments in the results.

The quality of images for each of the volume constructed using the proposed
as well as existing approaches are evaluated quantitatively, and the computed
values for metrics are tabulated in Tables 1 and 2 with the corresponding mean
and variance values for upscale factor 2 and 3 respectively. It can be observed
that the proposed algorithm outperforms the existing algorithms.
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5 Conclusion

In the proposed approach, we approximate the piece-wise linear relation of gra-
dient profiles in UR and LR image, in sparse representation framework with
multiple dictionaries for restoration as well as for consistency of details in all
directions. The proposed approach outperforms the existing approaches qualita-
tively as well as quantitatively.
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