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ABSTRACT

The objective of this work is to investigate the ability of a 2D su-

per resolution (SR) technique in 3D restoration and enhancement of

brain magnetic resonance images to facilitate the study of cerebral

aging bio-markers. The SR method exploits the joint properties of

the system point spread function and sub-sampling operators to de-

rive a fast algorithm. Brain images of the common marmoset, Cal-

lithrix jacchus, acquired at different ages are used in this study. The

evaluation of the final outcome of our method is done by computing

the intracranial volume from the segmentation of the brain compart-

ments: gray matter, white matter and cerebrospinal fluid. Results

show that the deblurring of the images improves the segmentation

process with respect to the ground truth. However, super resolution

leads to the best quantification of the intracranial volume when com-

pared to the deblurred and the original images. Therefore, despite its

sub-optimality, the 2D SR method provides reliable results for im-

proving the quality of the images used in the study of aging in terms

of precision of reconstruction and computational time.

Index Terms— Single image super-resolution, structural MRI,

segmentation, cerebral aging, marmoset, ICV.

1. INTRODUCTION

In the study of cerebral aging, researchers seek to extract bio-

markers of anatomical changes that occur in the brain during life

time for the early detection of brain related diseases. Such changes

differ in their location and extent and are associated to histopatholog-

ical alterations [1]. Several longitudinal and cross sectional studies

showed brain shrinkage with age in regions such as the caudate nu-

cleus, the cerebellum, the hippocampus and the frontal cortex [2] [3].

However, due to the restrictions accompanied with the study of hu-

man brains, animal models have been widely investigated. The

common marmoset (Callithrix jacchus) has been increasingly used

in a large variety of studies due to its neuroanatomical similarity

with human brains. The compact life span (10-15 years) and the

rapid adolescence (2 years after birth) of marmosets facilitate the

longitudinal study of age related brain changes [4] [5]. Similar

to humans, cortical gray matter in marmosets is found to exhibit

an inverted-U sequence (increase, plateau, decrease) with age [4].

Thus, the assessment of these subtle volumetric changes requires

to have an observation technique of sufficiently high contrast and

spatial resolution.

Structural T1-weighted magnetic resonance imaging (MRI) is the

most frequently used method for studying macroscopic cerebral

changes on marmosets. However, images acquired on a 3T MRI

platform, not adapted to small animals, present important limi-

tations in image resolution. Thus, the study of cerebral aging is

restrained and the need of post-processing enhancement methods,

such as deblurring and super resolution (SR), arises.

SR is the process of increasing the spatial resolution of an image by

extracting information from a set of low-resolution images taken at

multiple frames. When only one frame is available, the method is

referred to as single-image SR [6]. A large variety of SR methods

applied to different medical imaging modalities such as ultrasound

(e.g., [7]), computed tomography (e.g., [8]) or MRI (e.g., [9]) were

proposed. Therefore, the aim of this paper is to validate the effective-

ness of SR in enhancing the robustness of automatic segmentation of

brain images. Particularly, we focus on an existing 2D SR approach

proposed in [7] applied slice by slice to brain MR volumes which

offers a computationally-efficient solution to the SR problem. This

step is followed by the segmentation of the main brain compart-

ments and the calculation of the intracranial volume (ICV) for its

validation. Results are confirmed by the better differentiation of the

gray matter (GM), white matter (WM) and cerebrospinal fluid (CSF)

on super-resolved images. Moreover, better evaluation of the ICV

computed at different ages was observed using the 2D SR approach

compared to the segmentation of native volumes.

The remainder of the paper is organized as follows. Section 2 sum-

marizes the SR approach and the segmentation method considered

in this study. Section 3 provides the results of applying the SR meth-

ods through qualitative analysis of the segmentation and quantitative

analysis of the ICV. Finally, Section 4 draws the conclusions and

future perspectives.

2. METHODS

2.1. 2D Fast Super-Resolution

The fast SR (referred to as FSR in this paper) algorithm originally

introduced in [7] for general 2D image reconstruction purpose was

further validated for various medical applications such as ultrasound

imaging [10] or acoustic microscopy [11]. The FSR method is based

on the traditional observation model assuming that the LR image

can be expressed as a noisy, blurred and decimated version of the

HR image:

y = SHx+ n (1)

where y ∈ R
Nl×1 and x ∈ R

Nh×1 (Nh = d2Nl) are the vector-

ized versions of the LR and HR images. H ∈ R
Nh×Nh is a block



circulant matrix with circulant blocks (BCCB) representing the 2D

convolution of the HR image with the point spread function (PSF)

of the imaging system. S ∈ R
Nl×Nh corresponds to the down sam-

pling (with an integer factor d) where its conjugate transpose SH

interpolates the decimated image with zeros. n ∈ R
Nl×1 is an inde-

pendent identically distributed (IID) additive white Gaussian noise

(AWGN).

The reconstruction of the HR image from the LR image is an ill-

posed problem which is usually overcome by the use of regular-

ization terms chosen according to the application. Assuming an

AWGN, the estimation of the HR image x from the single LR im-

age y can be obtained by solving the optimization problem:

min
x

1

2
‖y − SHx‖22 + τφ(x) (2)

where φ(x) is a regularization or penalty term and τ is a regulariza-

tion parameter. The computational efficiency of the FSR approach

mainly comes from exploiting the properties of the decimation ma-

trix S. Indeed, while H is diagonalizable in the Fourier domain thus

facilitating its implementation, the matrix S does not have the same

property; this leads to high computional burden to directly invert (2),

even when a classical l2 regularization is used. In this case the ana-

lytical solution of (2) is straightforward. Based on [7], such analytic

solution becomes tractable in high dimensional cases, and can be fur-

ther used even with more sophisticated regularizers. A well suited

regularization term for MRI, used in this study, is the total variation

regularization [12] given by:

φ(x) =
√

‖Dhx‖2 + ‖Dvx‖2 (3)

where Dh and Dv are the BCCB matrices representing the hori-

zontal and vertical gradients respectively. The problem in (2) is

solved with FSR using the alternating direction method of multi-

pliers (ADMM) framework. Thus the problem can be rewritten as:

minx,u

1

2
‖y − SHx‖22 + τφ(u)

subject to Ax = u. (4)

The Augmented Lagrangian (AL) function associated with it is:

L(x,u,λ) =
1

2
‖y − SHx‖22 + τφ(u) +

µ

2
‖Ax− u+ λ‖22 (5)

where λ is a scaled dual variable and µ is a hyper parameter. The

solution of equation (2) is then computed by solving three sub prob-

lems iteratively (refer to Algo. 3 in [7] ) where the solution of x is

given by the analytical solution derived in [7] and u is updated using

the generalized 2D soft shrinkage operator. In this work, this SR

algorithm is applied slice by slice on 3D MR acquisitions.

2.2. Image Acquisition and Segmentation

Structural T1-weighted MR images of marmoset brains were ac-

quired1 using a Philips MRI scanner dedicated to human and ani-

mal research at a field strength of 3T. A 3D gradient echo sequence

was used with TR = 10.5 msec, TE = 4.7 msec, flip angle of 8o,

isotropic resolution of 0.35mm and size of 288×288×113 voxels.

The segmentation of brain images is done following two main steps.

First, a diffeomorphic registration of the marmoset brain template,

1Governmental authorization from the MENESR (project #05215.03) is

given for the experimental procedures involving animal models described in

this paper.

previously developed in [13], to the image is performed using a mod-

ule integrated in 3D slicer [14]. The registration process preserves

the brain topology and outputs three probability maps of the GM,

WM and CSF considered as prior information. These maps are made

more accurate by considering them as an input for the segmentation

step. Then, the segmentation of the image is performed using Statis-

tical Parametric Mapping (SPM12) [15] based on a Bayesian frame-

work. This method assigns a mixture of Gaussians to each region (to

be segmented), derives a likelihood model based on the pixel’s dis-

tribution and prior information then optimizes the model parameters

iteratively. It also accounts for bias correction and non-linear regis-

tration. The final outputs of the process are three maps representing

the GM, WM and CSF.

3. RESULTS AND DISCUSSION

3.1. Intracranial Volume

As mentioned earlier, the main goal is to study the impact of image

enhancement on the segmentation and consequently the associated

morphometric analysis. One of the important parameters considered

in the longitudinal study of aging is the ICV. In this work, the ICV

was calculated from the GM, WM, and CSF volumes by deriving a 3-

level label map of the whole region using SPM12 then computing its

volume. Fig. 1 shows an example of an axial slice of the segmented

regions and their corresponding labels’ map.

(a) GM (b) WM (c) CSF (d) Labels

Fig. 1. Example of the segmented (a) GM, (b) WM and (c) CSF

of an axial slice for one subject and (d) their corresponding labels’

map.

The ICV was calculated for a group of subjects each scanned at sev-

eral ages. Fig. 2 shows the curves representing the variation of ICV

with age for each subject. It is clear that the variations per trajec-

tory show abnormal behavior represented by the large increase in

the volume. Normally, the volume of the brain should shrink with

age, or, at best, it should remain globally constant. This remarkable

increase may be due to several factors such as quality of the image,

noise, subject’s movement, etc. For this study, we randomly chose

two subjects (referred in the rest of the paper to as S1 and S2) from

the data exhibiting important curve variations. In what follows we

will investigate the effect of image deblurring and SR in enhancing

the ICV calculation.

3.2. Application of SR algorithm to brain MRI volumes

The FSR algorithm described in Section 2.1 requires the knowledge

of the blurring kernel, decimation rate and other hyperparameters.

Following the work in [16], the PSF was modeled as a Gaussian

function with its full width at half maximum being the slice width.

The method also permits for two types of studies according to the

decimation rate: d = 1 resulting in image deblurring (i.e. preserving

its original pixel resolution) and d = 2 resulting in super-resolved

images (i.e., with pixel size twice smaller in each spatial direction

compared to native data). Both scenarios will be studied hereafter.

 



Fig. 2. ICV computed for several subjects at different ages. Each

marker corresponds to a different marmoset.

The hyperparameters of FSR were set by cross-validation to their

best values, µ = 0.005 and τ = 0.02.

3.2.1. Deblurring results

Validation of the deblurring effect (d = 1) on segmentation enhance-

ment was conducted using two metrics: the structural similarity in-

dex (SSIM) and the DICE coefficient. The evaluation was processed

on S1 subject, due to the availability of the manual segmentation

considered as ground truth. For two images A and B, SSIM and

DICE are defined as:

SSIM =
(2µAµB + C1)(2σAB + C2)

(µ2

A + µ2

B + C1)(σ2

A + σ2

B + C2)
(6)

DICE = 2
A ∩B

A+B
(7)

where µA, µB are the local means, σA, σB are the local standard de-

viations, and σAB is the cross–covariance. The DICE coefficient is

given as twice the number of elements common in A and B (A∩B)

divided by the sum of the number of elements in each (A+B).

Table 1 shows the average SSIM (avgSSIM) and average DICE

(avgDICE) coefficients computed for 113 slices using the label

maps derived from respectively the segmentation of original (Org)

and deblurred (Deb) images and compared to the manual segmen-

tation (MS). The quantitative measurements were computed for

different ages. Although the values are close, one may remark

the segmentation improvement induced by image deblurring. This

enhancement could play an important role in the further structural

analysis.

Table 1. Average SSIM and DICE coefficients for segmentation of

original (Org) and deblurred (Deb) images with respect to the man-

ual segmentation (MS).

avgSSIM(Org,MS) avgSSIM(Deb,MS) avgDICE(Org,MS) avgDICE (Deb,MS)

1010 days 0.752 0.794 0.34 0.5

1380 days 0.82 0.86 0.43 0.46

1863 days 0.71 0.73 0.31 0.3

Note that this validation was not performed on the SR images due to

the absence of ground truth.

3.2.2. Super resolution results

In this section, we consider the case of SR (d = 2). ICV computation

was performed from original, deblurred and super-resolved images

of the two considered marmosets. Fig. 3 regroups the ICV results

for S1. It clearly highlights the abnormal ICV evolution with time

when computed from segmented native volumes. In particular, the

ICV obtained at age 1863 is in this case considerably larger than the

one at age 1380. While deblurring allows to attenuate this effect,

it is still unable to totally compensate the abnormal ICV increase

between age 1380 and age 1863. Yet, when using the super resolved

data to compute ICV, we notice a normal decrease of the ICV with

age. Fig. 4 provides the same results but for S2. In this case, none of

the methods was able to allow an ICV decrease with age, especially

because of the result at age 3374 days. Although the ICV curve is

enhanced after this age and it shows a decreasing trend, yet the slight

increase in volume from age 3374 to age 3549 still exists. This may

be due to other factors such as the presence of an important distortion

in the image that the algorithm could not overcome or a change in

the settings of acquisition.

Fig. 3. ICV of S1 at the age of 1010, 1380 and 1863 days computed

from the segmentation of original, deblurred and super resolved im-

ages.

Fig. 4. ICV of S2 at the age of 3374, 3549, 3741, 3935 and 4299 days

computed from the segmentation of original, deblurred and super

resolved images.

 



Fig. 5 shows an axial slice from S1 at age 1368 days. It allows to

visually appreciate the image enhancement provided by deblurring

and SR. Although the difference between the deblurred and the su-

per resolved images are not clearly observable on MRI (Fig. 5(d)

and (g)), yet it appears in their GM segmentations (Fig.5(e) and (h))

and WM segmentations (Fig. 5(f) and (i)) where some particular

regions, indicated by the red arrows in the figure, are well defined

on the SR result and did not clearly appear without the SR. This

proves that spatial resolution image improvement did enhance the

brain segmentation as visually highlighted in Fig.5 and quantita-

tively shown by ICV computations in Fig.3.

(a) Original image (b) Original GM (c) Original WM

(d) Deblurred Image (e) Deblurred GM (f) Deblurred WM

(g) SR Image (h) SR GM (i) SR WM

Fig. 5. An axial slice of the original, deblurred and the super re-

solved images for S1 at age of 1380 days. The first column is the

images, the second is their respective GM segmentation and the third

is their respective WM segmentation.

4. CONCLUSION

We investigated the effectiveness of single-image SR in MRI. A

2D fast SR approach based on the intrinsic properties of blurring

and down sampling was evaluated. We studied the effect of image

enhancement on the segmentation of the main brain regions. The

comparison to the manual segmentation showed that deblurring the

image enhances the segmentation. However, the ICV calculations

showed that SR outperforms deblurring. Indeed, the decrease in the

ICV curve only appeared after the application of FSR with decima-

tion rate equal to 2.This demonstrates the importance of using SR in

future morphometric analysis for the study of cerebral aging. Com-

paring several SR approaches with different regularizations than to-

tal variation appears as an interesting perspective. Moreover, further

volumetric and morphometric calculations such as the cortical thick-

ness and the subregional volumes of the brain should be conducted.

This will lead to a better definition of the cerebral aging markers and

hopefully its prediction.
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