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a b s t r a c t 

Magnetic resonance images of neonates, compared with toddlers, exhibit lower signal-to-noise ratio 

and spatial resolution. In this paper, we propose a novel method for super-resolution reconstruction of 

neonate images with the help of toddler images, using residual-structured sparse representation with 

convex regularization. Specifically, we introduce a two-layer image representation, consisting of a base 

layer and a detail layer, to cater to signal variation across scanners and sites. The base layer consists 

of the smoothed version of the image obtained via Gaussian filtering. The detail layer is the difference 

between the original image and the base layer. High-frequency details in the detail layer are borrowed 

across subjects for super-resolution reconstruction. Experimental results on T1 and T2 images demon- 

strate that the proposed algorithm can recover fine anatomical structures, and generally outperform the 

state-of-the-art methods both qualitatively and quantitatively. 

© 2019 Elsevier B.V. All rights reserved. 
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1. Introduction 

Magnetic resonance imaging (MRI), due to its excellent soft tis-

sue contrast, is useful in assisting pediatric doctors in diagnosis,

prognosis, and treatment planning of newborns affected by neuro-

disorders. However, this technique is often not optimized for imag-

ing pediatric subjects. Hardware and software developed for adults

are often directly applied to pediatric subjects with little modi-

fications. In neonatal images, partial volume effect (PVE) causes

blurred tissue boundaries, where a single voxel may contain sig-

nals from several tissue types. This poses challenges in quantita-

tive analysis of magnetic resonance (MR) images. To decrease PVE,

the common strategy is to use smaller-defined voxels for image

acquisition. Although this strategy can capture more details with

higher spatial resolution, it also causes lower signal-to-noise ratio

(SNR) and longer scan time. In practice, the neonatal images are

usually notably noisy and blurred with low resolution due to the

small brain size, brain immaturity and non-optimized MRI scan-

ners. However, high-resolution (HR), rather than low-resolution

(LR), images are desired in MR applications. In this paper, we will
∗ Corresponding author at: Department of Radiology and BRIC, University of 
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ntroduce a super-resolution (SR) technique ( Yue et al., 2016 ) to re-

onstruct HR images from one or more LR images. 

.1. Early methods 

Image interpolation ( Lehmann et al., 1999; Huang et al., 2015 )

s commonly used to construct the unknown data points on the

egular grids of an HR image from known data points of an LR

mage. Typical interpolation methods include polynomial interpo-

ation, spline interpolation, and edge-directed interpolation. Al-

hough these interpolation methods have low computational costs,

hey often over-smooth images and cause edge halos. Moreover,

hese methods merely perform weighted averaging on neighbor-

ng voxels without considering the image degradation process and

hus cannot recover high-frequency details of the HR images. 

.2. Contemporary SR methods 

Unlike interpolation, contemporary SR methods use knowledge

f image degradation and image priors in recovering HR images.

mage SR problems are generally ill-posed and need to be regu-

arized so that reasonable solutions can be obtained. The regular-

zation terms are commonly constructed via image priors imposed

ased on edge statistics ( Fattal, 2007 ), image gradients ( Krishnan

nd Fergus, 2009; Sun et al., 2011; Yan et al., 2015; Yao et al., 2018;

https://doi.org/10.1016/j.media.2019.04.010
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.04.010&domain=pdf
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o  
hu et al., 2018 ), self-similarity ( Buades et al., 2005; Zhang et al.,

012a; 2014 ), and/or sparsity ( Candes et al., 2008; Yu et al., 2012;

ong et al., 2013; Zhang et al., 2015a,b ). 

Aly and Dubois (2005) introduced an image up-sampling

ethod using total-variation (TV) regularization. Osher and his col-

eagues ( Marquina and Osher, 2008 ) proposed the Bregman itera-

ion algorithm to solve TV-based image SR problems. By modeling

he shape of image gradients, Sun et al. (2011) presented an im-

ge SR approach based on the gradient profile learned from a large

umber of natural images. Recently, using global and local image

nformation, Shi et al. (2015) presented an image SR reconstruc-

ion approach with low-rank and TV regularization. But TV-based

pproaches tend to over-smooth HR images due to its piecewise

onstant assumption. 

Manjon et al. (2010) proposed a nonlocal upsampling (NLMU)

ethod by exploiting structural self-similarity. Rousseau and ADNI

 Rousseau and Initiative, 2010 ) proposed an example-based SR

ethod with nonlocal regularization for the resolution enhance-

ent of a single LR image under the guidance of an HR image.

ang et al. (2010) presented a single image SR method based on

oupled dictionaries trained from LR and HR image patch pairs.

y exploiting the image gradient distribution and the image struc-

ural self-similarity in both scale domain and spatial domain,

hang et al. (2015a) proposed an image SR method based on the

tructure-constrained sparse representation. Hou et al. (2018) pre-

ented an adaptive SR method based on sparse representation with

lobal joint dictionary model. These SR methods mainly focus on

mposing natural image priors to regularize the solutions to the

ll-posed inverse problems. 

Recently, deep learning-based SR methods show impressive

esults in the fields of image processing and computer vision.

ong et al. (2016) presented a deep learning method via a

eep convolutional neural network (CNN) for single image SR.

ao et al. (2016) proposed skip connections to symmetrically

ink convolutional and deconvolutional layers to achieve train-

ng convergence acceleration and a higher-quality local optimum.

edig et al. (2017) proposed a generative adversarial network for

hoto-realistic image SR by a united framework of an adversarial

oss and a content loss. Tai et al. (2017) presented a deep recur-

ive residual network by residual learning in global and local man-

ers. Pham et al. (2017a) introduced a three-dimensional (3D) CNN

odel for brain MR image SR, and then extended it to multimodal

R ( Pham et al., 2017b ). Chen et al. (2018b) presented a 3D densely

onnected SR network to restore high-resolution features of struc-

ural brain MR images, and subsequently extended it to a multi-

evel version ( Chen et al., 2018a ) by training a generative adversar-

al network. However, these SR methods did not consider the dis-

repancies between test and training images, and directly learn the

riors from a large dataset with deep learning models to improve

he quality of SR. In our case, we do not have enough training data

or SR reconstruction of neonatal images. 

Although existing SR methods are reasonably effective, they

ostly use convex regularization. Nonconvex regularizations are

hown to provide better solutions to image SR problems ( Tuia

t al., 2016; Liu et al., 2016 ). Furthermore, all existing SR meth-

ds almost deal with natural images ( Dong et al., 2016; Mao et al.,

016; Ledig et al., 2017; Tai et al., 2017 ) or adult images ( Pham

t al., 2017a,b; Chen et al., 2018a,b ), but rarely process neonatal

R images, which typically have very low spatial resolution with

evere partial volume effect and heavy noise. 

.3. Main contributions 

In this paper, we propose a novel method for SR reconstruc-

ion of the MR image of a neonate with the help of MR images

f toddlers, using residual-structured sparse representation with
onvex regularization. Our contribution is threefold: (1) We incor-

orate high-frequency information from toddler images as priors

n the form of dictionaries; (2) We incorporate a partly quadratic

onconvex regularization for SR reconstruction of neonatal images;

nd (3) We harness nonlocal structural self-similarity for enhanc-

ng structured sparse representation. 

.4. Organization 

The rest of this paper is organized as follows. In Section 2 ,

e provide information on model-based SR reconstruction. In

ection 3 , we flesh out our SR method, which incorporates a lon-

itudinal prior and convex regularization, and the optimization

cheme using alternating minimization. In Section 4 , we report ex-

ensive experimental results. In Section 5 , we give relevant discus-

ions on using our method for neonatal SR. In Section 6 , we draw

onclusions. 

. Background 

.1. Image degradation model 

The degradation process of an observed LR image from an HR

mage is generally modeled as 

 = HX + υ, (1) 

here Y is the observed LR image, X is the original HR image,

 is the degradation matrix associated with blurring and down-

ampling, and υ is the Gaussian noise. Since different HR images

ould degenerate into the same set of LR images, image SR aims

o infer an appropriate HR image from one or multiple LR image(s)

y solving an ill-posed inverse problem with the help of regular-

zation. 

.2. Sparse representation 

The key idea of sparse representation is to decompose a sig-

al as a linear combination of only a few atoms in an over-

omplete dictionary. According to the sparse representation theory,

he sparse decomposition of an image X is formulated as follows:

ˆ D , αX 

)
= arg min 

D , α
‖ 

α‖ 0 , s .t . X = D α, (2) 

here α is the sparse matrix, ‖ α‖ 0 is the � 0 pseudo-norm count-

ng the number of non-zero components of α, and D ∈ R 

p 3 ×κ

 p 3 �κ) is an over-complete dictionary. Since Eq. (2) is typically

n NP-hard problem, it is relaxed as a convex optimization prob-

em by using the � 1 norm instead. Eq. (2) can be relaxed in the

ollowing form: 

ˆ D , αX 

)
= arg min 

D , α
‖ 

X − D α‖ 

2 
2 + λ‖ 

α‖ 1 , (3) 

here ‖ α‖ 1 is the sparsity-inducing � 1 regularization term, and λ
s a penalty parameter. 

Since the observation Y of X is often blurred and noisy accord-

ng to Eq. (1) , sparse modeling of image SR can be expressed as

ollows: 

ˆ D , αY 

)
= arg min 

D , α
‖ 

Y − HX ‖ 

2 
2 + λ‖ 

α‖ 1 , s .t . X = D α. (4)

deally, αY should be sufficiently close to αX . The solution to

q. (4) is given by the least absolute shrinkage and selection

perator (LASSO) ( Tibshirani, 1996 ). LASSO corresponds to the
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Fig. 1. Overview of the proposed method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

m(
 

w  

l  

t  

L  

c  

μ  

E  

g

μ  

w  

a  

r  

Z  

(  

i  

n

 

p  

j(
 

w  

t  

p


  

B  

u  

s  

l

3

 

b  

(

maximum a posteriori (MAP) estimation of the sparse coefficients

with a Laplace distribution prior ( Park and Casella, 2008 ): 

f 
(
αi, j | θi, j 

)
= 

1 

2 θi, j 

exp 

( 

−
∣∣αi, j 

∣∣
θi, j 

) 

. (5)

Here αi,j is the ( i, j )th entry of the sparse matrix α, and θ i,j is the

standard deviation of αi,j . According to Bayesian MAP estimation

theory, the penalty parameter in Eq. (4) can be derived as λi, j =
2 σ 2 

υ / θi, j , where σ 2 
υ is the variance of the approximation errors. 

Over the past more than ten years, sparse representation and

dictionary learning have been widely used in medical image anal-

ysis ( Lustig et al., 20 07; 20 08; Zhang et al., 2012b,c; Su et al., 2015;

Jiang et al., 2018 ). However, they rarely involve SR reconstruction

of neonatal images. In our previous work, we proposed a low-rank

and total variation (LRTV) method ( Shi et al., 2015 ) and then gen-

eralized it to LGSR ( Zhang et al., 2018 ) for neonatal image SR using

longitudinal data of the same subject. In this paper, we propose a

sparse representation method to infer the appropriate HR images

from neonatal LR images using longitudinal data of different sub-

jects. 

3. Method 

3.1. Residual-structured sparse representation (RSSR) 

In this work, let the LR images denote the low-quality neona-

tal images acquired by MRI scanners, whereas the HR images rep-

resent the desired high-quality neonatal MR images. Fig. 1 is an

overview of the proposed method. First, the detail layers are ex-

tracted from the images of multiple toddlers using image decom-

position. All 3D patches in the detail layers are separated into K

clusters with the corresponding cluster centers by k -means clus-

tering. These clusters are used to train the sub-dictionaries before-

hand (see Section 3.2 ) for iterative reconstruction of the HR image.

Then an initial estimate of the HR image is obtained from the LR

neonatal image via spline interpolation. In each iteration, the HR

image is decomposed into the base layer and the detail layer. The

detail layer is refined by reconstructing each patch in the layer via

sparse coding over an appropriate pre-learned sub-dictionary. Fi-

nally, the reconstructed detail layer is then added to the base layer

to reconstruct the refined HR image. In what follows, we will flesh

out the details of this approach, which we call residual-structured

sparse representation (RSSR). 

From an observed LR neonatal image Y , we reconstruct the cor-

responding HR neonatal image X , with a longitudinal prior, by
inimizing the following objective function: 

ˆ X , D L , αY 

)
= arg min 

X , D , α
‖ 

Y − HX ‖ 

2 
2 + λ

∑ 

i 

‖ 

αi − μi ‖ 1 , 

s .t . X = Z + E , E = D α, 
(6)

here X is decomposed into the base layer Z and the detail

ayer E using Gaussian filtering, D is the pre-learned dictionary

rained from the detail layers of N toddler images denoted by

 = ( L 1 , L 2 , · · · , L N ) , H is the degradation matrix, αi is the sparse

ode of a patch E i centered at position i in the detail layer E , and

i is the weighted average of sparse codes αg of similar patches

 g associated with patch E i in the detail layer E . Specifically, μi is

iven by 

i = 

1 

W 

∑ 

g∈ 	i 

w i,g αg , (7)

here w i,g = exp ( −‖ αg − αi ‖ 2 2 /h ) with the decay-rate parameter h ,

nd the normalization factor W = 

∑ 

g w i,g . Since image SR aims to

ecover the high-frequency details, we assume that the base layer

 of HR image is the same as that of LR image. To solve problem

6) , we will first train the dictionary D offline from a set of toddler

mages L and then compute the sparse codes α to estimate the HR

eonatal image X . 

We generalize the � 1 norm regularization term in Eq. (6) to a

arameterized nonconvex regularization term and rewrite the ob-

ective function as follows: 

ˆ X , D L , αY 

)
= arg min 

X , D , α
‖ 

Y − HX ‖ 

2 
2 + λ

∑ 

i 


( αi ; c ) , 

s .t . X = Z + E , E = D α, 
(8)

here c ≥ 0 is a tuning parameter for the nonconvex regulariza-

ion term 
. Here we propose to define 
 using a partly quadratic

enalty (PQP) function: 

( αi ; c ) = 

{
‖ 

αi − μi ‖ 1 − c 
2 ‖ 

αi − μi ‖ 

2 
2 , ‖ 

αi − μi ‖ 1 < 

1 
c 
, 

1 
2 c 

, ‖ 

αi − μi ‖ 1 � 

1 
c 
. 

(9)

y saturating strong signals and keeping weak signals relatively

nchanged, the PQP function provides good contrast between

trong and weak signals. We will derive a convex solution to prob-

em (8) . 

.2. Algorithm of RSSR 

To estimate the HR neonatal image from an LR input, we can

reak down the optimization problem (8) into two sub-problems:

1) Dictionary learning and (2) Sparse coding. 



Y. Zhang, P.-T. Yap and G. Chen et al. / Medical Image Analysis 55 (2019) 76–87 79 

(

 

n  

fi  

p  

A  

i  

b  

j

B

w  

p  

a  

L  

f  

e

a  

c  

s

D

w  

m  

(

 

t(

 

E

 

F  

i  

r  

α

α

γ

w

S

w  

r  

r  

t  

p  

o  

w

i  

E  

d

w  

t  

w  

u  

w  

t  

c

b  

H

a  

p  

m  

n  

R

A

I  

O

 

 

 

 

 

4

4

 

p  

2  

b  

fi  

s  

c  

a  

(  

i  

a  

s  

c  

i  

c

4

 

T  
1) Dictionary Learning 

Images from N toddlers are used to learn the dictionary for

eonatal image SR. Each toddler image is decomposed by Gaussian

ltering to obtain the base and detail layers. We sample the small

atches of size p × p × p centered at each pixel in the detail layers.

ll these patches of detail layers are partitioned into K clusters, us-

ng k -means clustering by minimizing the sum of squares distances

etween the patches in a cluster with the cluster center. The ob-

ective function of k -means clustering is defined as 

ˆ 
 = arg min 

B 

K ∑ 

k =1 

∑ 

b ∈ B k 
‖ 

b − m k ‖ 

2 
, (10) 

here K is the number of clusters, B = { B 1 , B 2 , · · · , B K } is the set of

atch clusters, m k is the center of the k th cluster B k , and b denotes

n image patch in the detail layers R extracted from toddler images

 = ( L 1 , L 2 , · · · , L N ) . An efficient heuristic iterative approach with

ast local convergence is commonly used to solve problem (10) . For

ach optimized cluster ˆ B k , we compute the covariance matrix ˆ B k ̂
 B 

T 
k 

nd then perform eigenvalue decomposition on 

ˆ B k ̂
 B 

T 
k 
, where each

olumn of ˆ B k is a patch. The eigenvectors form the corresponding

ub-dictionary D k : 

 k = 

{
d : 

(
ˆ B k ̂

 B 

T 
k − βI 

)
d = 0 

}
, (11) 

here d is an eigenvector with eigenvalue β , and I is an identity

atrix. The sub-dictionaries are collected in D L = { D 1 , D 2 , · · · , D K } .

2) Sparse Coding 

By fixing the dictionary D L = { D 1 , D 2 , · · · , D K } , the minimiza-

ion problem (8) can be reduced to 

ˆ X , αY 

)
= arg min 

X , α
‖ 

Y − HX ‖ 

2 
2 + 

∑ 

i,k 

λi,k 

(
αi,k ; c 

)
, 

s .t . X = Z + E , E = D L α. 
(12) 

Lemma 1 : If λ> 0 and 0 ≤ c < 1/ λ, then the objective function in

q. (12) is strictly convex ( Gao and Bruce, 1997; Bayram, 2016 ). 

We use an iterative shrinkage algorithm ( Bioucas-Dias and

igueiredo, 20 07; Beck and Teboulle, 20 09 ) to solve the sparse cod-

ng problem (12) . In each iteration t , by keeping μ( t ) 
i 

fixed, we de-

ive a convergent analytical solution to update the sparse codes
( t+1 ) 
i,k 

as follows: 

( t+1 ) 
i,k 

= S η/c 

(
γ ( t ) 

i,k 
, λ( t ) 

i,k 

)
+ μ( t ) 

i,k 
, (13) 

( t ) = α( t ) − μ( t ) + ηD 

T 
L H 

T 
(
Y − H 

(
Z 

( t ) + D L α
( t ) 

))
, (14) 

ith the proximal operator S η/c ( u, v ) defined as 

 η/c ( u, v ) = min { | u | , max ( | u | − ηv ) / ( 1 − cηv ) , 0 } sign ( u ) , (15) 

here sign ( ·) is the signum function, and η is an auxiliary pa-

ameter ensuring the convergence of the iterative shrinkage algo-

ithm. The iterative shrinkage solution (13) is a proximal opera-

or applied to γ ( t ) by the element-wise thresholding. This deduced

roximal operator S η/c also has the same form as the firm thresh-

ld function ( Gao and Bruce, 1997 ). In the process of sparse coding,

e first decompose the current estimated HR neonatal image X 

( t ) 

nto the base layer Z 

( t ) and the detail layer E 

( t ) . Then we update

 

( t ) and compute the sparse codes α( t ) 
i 

of each patch e ( 
t ) 

i 
in the

etail layer by selecting an appropriate trained sub-dictionary D k 

ith the minimal Euclidean distance between the patch e ( 
t ) 

i 
and

he corresponding cluster center m k among K cluster centers. Next,

e separately update the nonlocal mean μ( t ) of α( t ) and the reg-

larization parameter λ( t ) 
i,k 

= 2 δ( t ) / θ( t ) 
i,k 

with the sparse codes α( t ) ,

here δ( t ) and θ( t ) 
i,k 

are separately the noise variance of the es-

imated HR image ˆ X 

( t ) and the standard deviation of the sparse
odes α( t ) 
i,k 

. After that, the sparse codes α( t ) 
i,k 

are updated to α( t+1 ) 
i,k 

y the iterative shrinkage function in Eq. (13) . Later, we update the

R neonatal image estimate X 

( t+1 ) by adding the base layer Z 

( t ) 

nd the super-resolved detail layer D L α( t+1 ) . This above iterative

rocess of sparse coding proceeds until the convergence (e.g., the

aximum number T 0 of iterations) is reached ( Bayram, 2016 ). Fi-

ally, we get the estimated HR neonatal image ˆ X . The proposed

SSR algorithm is summarized in Algorithm 1 . 

lgorithm 1 Pseudocode of the RSSR Algorithm. 

nput: LR neonatal image Y , a scaling factor s and a set of toddler

images L = { L 1 , · · · , L N } . 
utput: Estimated HR neonatal image ˆ X . 

I. Initialize the parameters λ, K, ρ and c; 

II. Offline dictionary learning: 

• Partition toddler images L into base layers and detail lay-

ers R ; 
• Cluster the patches of R into K clusters using Eq. (10); 
• Eigendecompose the covariance matrix of each cluster to

construct a sub-dictionary D k ; 
• Collect all sub-dictionaries { D k } in D L ; 

III. Initialize the HR image X by spline interpolation; 

IV. Sparse coding: while (not convergence) do 

• Partition X 

( t ) into the base layer Z 

( t ) and the detail layer

E 

( t ) ; 
• Update E 

( t ) = E 

( t ) + ρH 

T 
(
Y − H X 

( t ) 
)
; 

• Calculate sparse codes α( t ) 
i,k 

= D 

T 
k 

e ( 
t ) 

i 
of e ( t ) in the de-

tail layer E 

( t ) by choosing an appropriate trained sub-

dictionary D k ; 
• Compute the nonlocal mean μ( t ) of α( t ) , η and λ; 

• Update sparse codes α( t+1 ) 
i,k 

by Eq. (13); 

• Update the HR image estimate X 

( t+1 ) = Z 

( t ) + D L α( t+1 ) ; 

end while 

Return the estimated HR image ˆ X = X 

( t+1 ) . 

. Experiments 

.1. Dataset 

With consent from their parents, 27 pediatric subjects partici-

ated in a large study of early brain development ( Gilmore et al.,

007 ). This research was approved by the institutional review

oard (IRB) of the University of North Carolina at Chapel Hill. The

rst 24 subjects were scanned at birth by a 3T MRI head-only

canner (Siemens MAGNETOM Tim Trio) using a 32-channel head

oil. Only the first 8 of them had a follow-up scan at 2 years of

ge. The other 3 subjects were scanned at multiple time points

i.e., 24, 36, 48, 60 and 72 months). For each subject, two imag-

ng modalities were collected: A T1 image with 144 sagittal slices

t the resolution of 1 × 1 × 1 mm 

3 and a T2 image with 58 axial

lices at the resolution of 1.25 × 1.25 × 1.95 mm 

3 . In the prepro-

essing pipeline, T2 images were resampled and then linearly reg-

stered to their corresponding T1 images. The images were bias-

orrected and skull-stripped ( Shi et al., 2012 ). 

.2. Experimental settings 

The � 1 norm is a special case of the partly quadratic function.

his can be seen from the fact that Eq. (8) reduces to Eq. (6) when
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Fig. 2. SNR/SSIM values given by RSSR2 with respect to key parameters. 
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s  
c = 0 . For conciseness, we use RSSR1 to denote (6) with � 1 norm

regularization and RSSR2 to represent (8) with partly quadratic

penalty regularization. For evaluation, we simulated a set of LR

neonatal images by blurring and downsampling the original neona-

tal images. For blurring, we used a Gaussian kernel of size 5 × 5 × 5

with a standard deviation of 1 voxel, which is different from that of

LRTV ( Shi et al., 2015 ) and LGSR ( Zhang et al., 2018 ). We used two

metrics, SNR and structural similarity index (SSIM) ( Wang et al.,

2004 ), to measure the similarity between the reconstructed HR im-

age and the original image. In all experiments, we used an upscal-

ing factor of 2. 

In the experiments, the parameters for our method were as fol-

lows: p = 5 , w s = 15 , ρ = 7 , c = 0 . 6 , T 0 = 120 , N = 4 , K = 1024 ,

and the initial value δ( 0 ) = 1 . 8 . We analyzed the sensitivity of the

proposed method to the parameters by changing one parameter

while keeping the others fixed. For one sample image, Fig. 2 shows

the SNR and SSIM results of the proposed method with respect

to changes of the key parameters p, ρ , N and K . It can be seen

from the figure that the changes in p, ρ , and N have notable im-

pact on SNR/SSIM, whereas the changes in K have little influence

on the outcome. Fig. 2 (a) and (b) shows that SNR and SSIM in-

crease as the parameter ρ increases, but a large ρ may cause the

algorithm to not converge and deteriorate the reconstructed im-

ages. Fig. 2 (c) and (d) indicate that SNR and SSIM decrease as the

number of images N increases, and the number of sub-dictionaries

K has minimal impact on SNR and SSIM (see further explanation

in Section 5 ). 

4.3. Intra- and inter-subject dictionaries 

We evaluated whether toddler images of different subjects can

be used for neonatal SR reconstruction. We divided the 8 tod-

dler images at 2 years of age into two groups. For T1, the tod-

dler images in the two groups were used to learn dictionaries
1(T1) and D2(T1). These two dictionaries were then used inde-

endently for SR reconstruction of the 8 neonatal images. For the

rst group, using D1(T1) implies that we are performing intra -

ubject SR, whereas using D2(T1) implies inter -subject SR. For the

econd group, the intra- and inter-subject relationships are in-

erted. This process is repeated for dictionaries constructed us-

ng the toddler T2 images, i.e., D1(T2) and D2(T2). Fig. 3 shows

NR/SSIM results given by RSSR2 for the 8 neonatal T1 and T2. It

an be observed from the figures that SR performance is almost

naffected whether the dictionary used in SR is from the same

ubject. 

.4. Age of toddler 

We further assess whether SR is affected by the age of the tod-

ler whose image is used for learning the dictionary. RSSR2 was

sed for SR reconstruction of the first 24 subjects using dictionar-

es learned from toddler images of the 3 subjects scanned at 5 time

oints (i.e., 24, 36, 48, 60 and 72 months). Fig. 4 shows box plots

f the SNR/SSIM results for T1 and T2 images, respectively. The

entral line of each box plot is the median. The edges mark the

5th and 75th percentiles, and the whiskers extend to the mini-

um and the maximum. As can be seen from the figures, the SR

erformance is relatively unaffected by the actual time point the

ictionary is associated with. 

.5. Results for simulated images 

We compared the proposed algorithm with the com-

eting methods, including the spline interpolation (Spline)

 Lehmann et al., 1999 ), NLMU ( Manjon et al., 2010 ), LRTV

 Shi et al., 2015 ), and LGSR ( Zhang et al., 2018 ). We used the

ource codes provided by the authors of the respective methods in
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Fig. 3. SNR/SSIM results given by RSSR2 for SR using dictionaries D1 and D2 for the 8 neonatal LR T1/T2 images. From left to right and top to bottom: (a) SNR for T1, (b) 

SSIM for T1, (c) SNR for T2, and (d) SSIM for T2. 

Fig. 4. SR performance for 24 neonatal T1/T2 images over dictionaries learned from images of toddlers scanned at 24, 36, 48, 60, and 72 months. From left to right and top 

to bottom: (a) SNR for T1, (b) SSIM for T1, (c) SNR for T2, and (d) SSIM for T2. 
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Fig. 5. Visual comparison of axial, coronal and sagittal views of the HR image reconstructed from one simulated LR T1 image. 

Fig. 6. Visual comparison of axial, coronal and sagittal views of the HR image reconstructed from one simulated LR T2 image. 
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our evaluation: NLMU ( Manjon et al., 2010 ) 1 and LRTV ( Shi et al.,

2015 ). 2 For a fair comparison, we adopted the same Gaussian

blur kernel of size 5 × 5 × 5 with a standard deviation of 1 voxel

to produce the simulated LR neonatal images and used spline

interpolation for the initialization of NLMU ( Manjon et al., 2010 ),

LRTV ( Shi et al., 2015 ), LGSR ( Zhang et al., 2018 ) and our methods.

Figs. 5 and 6 provide a visual comparison of the axial, sagit-

tal, and coronal views of a neonatal SR image for a randomly se-
1 Monomodal MRI super-resolution, March 31, 2016, https://sites.google.com/site/ 

pierrickcoupe/ . 
2 LRTV for Image Super-Resolution, March 31, 2016, https://bitbucket.org/ 

fengshi421/superresolutiontoolkit . 

g  

n

 

s  

m  

I  
ected subject. We can see from the figures that RSSR2 recovers

ore anatomical details than RSSR1 and the competing methods. 

Fig. 7 shows the SNR/SSIM box plots of the 24 neonatal T1

nd T2 SR images. RSSR1 with � 1 norm regularization gives sig-

ificant improvements over the competing methods both visually

nd quantitatively. Furthermore, RSSR2 with partly quadratic regu-

arization outperforms RSSR1 in recovering tissue boundaries and

ives the best SNR/SSIM and visual quality. The improvements

iven by RSSR2 over the competing methods are statistically sig-

ificant with level P < 0 . 0 0 01 (two sample t -tests). 

Considering both kernel width and standard deviation of Gaus-

ian function having an impact on the SR performance, we imple-

ented another experiment to validate the robustness of RSSR2.

n this experiment, we chose larger kernel width and standard

https://sites.google.com/site/pierrickcoupe/
https://bitbucket.org/fengshi421/superresolutiontoolkit
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Fig. 7. SNR/SSIM results of 24 reconstructed HR neonatal T1/T2 images. From left to right and top to bottom: (a) SNR for T1, (b) SSIM for T1, (c) SNR for T2, and (d) SSIM 

for T2. 

Fig. 8. SNR and SSIM results obtained by the competing method and our RSSR2 with different kernel widths but a fixed standard deviation. 
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Table 1 

Comparison of computational complexity (in seconds). 

Image size Spline NLMU LRTV LGSR RSSR2 

128 × 128 × 99 0.34 18.91 5193.51 6710.38 2315.65 

256 × 256 × 198 1.57 98.27 38897.10 48098.64 4565.12 

c  

s  

a  

o

4

 

o  

u  

2  

t  

(  

a  
eviation across a wide range to verify the efficacy of RSSR2. For

 randomly selected neonate, Fig. 8 provides SNR and SSIM re-

ults obtained by the competing method and our RSSR2 with dif-

erent kernel widths but a fixed standard deviation. From the re-

ults, we can see all competing methods and RSSR2 are robust to

ernel width. Considering larger standard deviations resulting in

ore smoothed LR images, we further compared our RSSR2 with

he competing methods using different standard deviations but a

xed kernel width, as shown in Fig. 9 . From the results, all meth-

ds are sensitive to the standard deviations, but our RSSR2 is still

ble to achieve the best results. 

.6. Results for real images 

Figs. 10 and 11 provide the SR results of a random neonate

btained by spline interpolation ( Lehmann et al., 1999 ), NLMU

 Manjon et al., 2010 ), LRTV ( Shi et al., 2015 ), LGSR ( Zhang et al.,

018 ), RSSR1 and RSSR2. Spline interpolation ( Lehmann et al.,

999 ) and NLMU ( Manjon et al., 2010 ) blur the edges in the re-

onstructed HR images. Although LRTV ( Shi et al., 2015 ) and LGSR

 Zhang et al., 2018 ) can reconstruct HR images with higher con-

rast, they cannot recover some fine anatomical structures, and
ause contrast distortion and smoothing artifacts. RSSR2 gives

harper edges and clearer anatomical structures than RSSR1. RSSR2

lso results in fewer artifacts compared with the competing meth-

ds. 

.7. Computational complexity 

Table 1 shows the comparison of computation times between

ur RSSR2 and the competing methods for two cases: a sim-

lated image of size 128 × 128 × 99 and a real image of size

56 × 256 × 198, indicating that our RSSR2 without code optimiza-

ion takes longer than Spline ( Lehmann et al., 1999 ) and NLMU

 Manjon et al., 2010 ), but is faster than LRTV ( Shi et al., 2015 )

nd LGSR ( Zhang et al., 2018 ). For other images, we obtained
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Fig. 9. SNR and SSIM results obtained by the competing methods and our RSSR2 with different standard deviations but a fixed kernel width. 

Fig. 10. Visual comparison of axial, coronal and sagittal views of the HR image reconstructed from one real LR T1 image. 

Fig. 11. Visual comparison of axial, coronal and sagittal views of the HR image reconstructed from one real LR T2 image. 
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Fig. 12. Comparison of T1 images of (a) a neonate, (b) its toddler counterpart, and 

(c) another toddler. Both toddlers are 2 years of age. 

Fig. 13. Base and detail layers of images in Fig. 12 . 
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imilar results. All experiments were implemented using Matlab

018b in CentOS Linux 7.2 operating system on a computer with

ntel(R) Xeon(R) CPU E5-2620 v4 @2.10GHz and 64GB RAM. 

. Discussion 

.1. Longitudinal SR – challenges and solutions 

In developmental studies, a pediatric subject can be scanned

ongitudinally at multiple time points. Image contrast changes very

apidly with time, and typically the images closer to the perinatal

eriod exhibit significantly lower quality. Fig. 12 shows the typical

ifferences between neonatal and toddler images. The structural

imilarity across different time points can be leveraged for SR by

mposing a longitudinal prior during SR reconstruction. However,

ot all subjects are scanned with longitudinal follow-ups. We over-

ome this problem by borrowing longitudinal information across

ubjects. 

Image brightness may vary across time and subjects, even for

he same subject. For example, the intensity difference between

he neonatal and toddler images is shown in Fig. 12 . For the sup-

ression of adverse impact caused by brightness changes, we in-

roduce a two-layer representation by decomposing the image into

 base layer and a detail layer ( Xiao et al., 2014; Fang et al., 2015 ).

he base layer consists of the smoothed version of the image ob-

ained via Gaussian filtering. The detail layer is the difference be-

ween the original image and the base layer. Fig. 13 shows the

ase and detail layers of the images shown in Fig. 12 . From the

gure, it can be observed that the brightness of the base layers

aries across images. On the other hand, the brightness of the de-

ail layers is consistent. Thus, this two-layer representation ensures

he consistence between the detail layers of both neonatal images
nd toddler images. For this reason, high-frequency details can be

orrowed across subjects for SR reconstruction. Fig. 14 shows that

atch recurrence, for 8 toddler images, improves in the detail layer

ompared with the original images, which implies that the detail

ayers have higher self-similarity. 

The proposed method reconstructs the desired HR neonatal im-

ges with the aid of high-frequency information learned from tod-

ler images of the same or other subjects. Although the detail

ayer containing reverse edges is not equal to the actual differ-

nce between empirically collected HR and LR images, both of

hem represent the high-frequency details of HR image in two

ifferent ways. Since the self-similarity prior holds for MR im-

ges ( Buades et al., 2005; Rousseau and Initiative, 2010 ), there are

bundant patches containing similar patterns across images, even

hough they have the remarkable individual differences in anatom-

cal structures. For neonatal image SR reconstruction, we only need

o super-resolve the detail layer by exploiting nonlocal similarity of

natomical structures. The HR neonatal images are accurately esti-

ated by adding the base layer and the super-resolved detail layer.

his two-layer representation strategy overcomes the issue of the

iscrepancies between test and training images, even though they

re obtained from different subjects at different time points. The

roposed method can reconstructed the HR neonatal images effec-

ively without affecting the image acquisition process. 

.2. Experimental setup and verification 

In the experimental setup, as shown in Fig. 2 , RSSR2 is robust

o the parameters K and N , but very sensitive to other parameters

 and ρ . From Fig. 2 (a) and (b), as p increases, SNR and SSIM first

ncreases and then decreases for RSSR2, implying that p has an ap-

ropriate value to make RSSR2 approximate the best performance.

n sparse representation and dictionary learning, too large p can-

ot adequately express local image patterns, while too small p can-

ot effectively depict the relevance between voxels in local neigh-

orhoods. On the other hand, when ρ increases, RSSR2 achieves

igher SNR and SSIM. As ρ determines the increment of detail

ayer updating in the iterative solution, RSSR2 is sensitive to ρ for

he predefined maximum number of iterations as the convergence

ondition. Theoretically, RSSR2 is robust to ρ with an appropriate

ange of values when the number of iterations is large enough. Too

mall ρ makes RSSR2 converge too slowly, while too large ρ causes

lgorithm divergence and the worse results due to lack of data fi-

elity. From Fig. 2 (c) and (d), as N increases, more toddler images

or dictionary learning result in worse reconstruction because of

verfitting in dictionary learning. Theoretically, more toddler im-

ges can provide much richer patterns, which is beneficial to the

epresentation ability of learned dictionaries. However, dictionary

earning also involves the number K of sub-dictionaries. As K in-

reases, too many toddler images cause overfitting and heavy com-

utation, but too few toddler images induce underfitting and the

nstability. In parameter setting, we chose N = 4 and K = 1024 un-

er the balanced trade-off between pattern diversity and the limi-

ations on our computational ability and memory capacity. The op-

imal selection of K and N will be studied further in the future. 

In the experimental verification, we evaluated the proposed

ethod with the upscaling factor 2 on the input neonatal images

nd the toddler images at the spatial resolution of range about

 ∼ 2 mm 

3 . The proposed method works well and can accurately

econstruct the HR neonatal images. The evaluation of the pro-

osed method on test images of other spatial resolution is left

s future work. Incidentally, RSSR1 amounts to the 3D version of

CSR ( Dong et al., 2013 ), except that a discrepant external dataset

nstead of an internal dataset is used for dictionary learning. As

n external dataset, toddler images have the discrepancies from

eonate images (i.e., test images), which is not solved by existing
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Fig. 14. Recurrence of (a) image patches and (b) edge patches in 8 toddler images based on the original MR images and the detail layers. The horizontal axis shows the 

minimal number of matching patches. The vertical axis shows the rate of recurrence. 
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deep learning methods. Since toddler images (i.e., external dataset)

have higher quality than neonate images (i.e., internal dataset),

our RSSR2 can achieve better results than the competing methods.

In fact, our RSSR2 is a generalized form of RSSR1 by extending

� 1 norm regularization to partly quadratic penalty regularization.

PVE exists in MR images of both adults and pediatric subjects. The

common strategy for decreasing PVE is to use smaller-defined vox-

els for collection of HR neonatal images during the scanning pro-

cess by choosing a thinner section, a smaller field of view, and/or

a larger imaging matrix size. But this strategy leads to lower SNR

and longer scan time (or smaller imaging regions). The collected

HR neonatal MR images still have perceptible artifacts because of

imperfect MRI scanners, even for the same modality of the same

subject at a single time point. Due to the lack of ideal HR neonatal

MR images as ground truth, we only provided a visual comparison

of reconstructed HR images obtained by different methods for the

evaluation on real images. 

6. Conclusion 

In this paper, we have proposed a novel SR method that is

based on residual-structured sparse representation with partly

quadratic regularization. Our method reconstructs the HR neona-

tal brain image of one subject with the help of the toddler im-

ages of other subjects. We propose a two-layer representation to

recover high-frequency components and also to overcome bright-

ness changes across scanners and sites. This provides a solution to

the problem of the discrepancies between test and training data.

Experimental results indicate that the proposed method is supe-

rior, both qualitatively and quantitatively, to state-of-the-art meth-

ods. 
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