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Abstract. In medical imaging, the lack of high-quality images is present in many areas such as magnetic resonance (MR). Due
to many acquisition impediments, the generated images have not enough resolution to carry out an adequate diagnosis. Image
super-resolution (SR) is an ill-posed problem that tries to infer information from the image to enhance its resolution. Nowadays,
deep learning techniques have become a powerful tool to extract features from images and infer new information. In MR, most
of the recent works are based on the minimization of the errors between the input and the output images based on the Euclidean
norm. This work presents a new methodology to perform three-dimensional SR based on the combination of Lp-norms in the loss
layer. Two multiobjective optimization techniques are used to combine two cost functions. The proposed loss layers were trained
with the SRCNN3D and DCSRN networks and tested with two MR structural T1-weighted datasets, and then compared with
the traditional euclidean loss. Experimental results show significant differences in terms of Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index (SSIM) and Bhattacharyya Coefficient (BC), while the residual images show refined details.
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1. Introduction area, given the need to inspect the details of anatomi-

cal structures and to locate functional information in a

The improvement of image quality and resolution is
a constant aim in medical imaging, due to the critical
importance of these images to find the correct diag-
nosis and treatment for patients. This is not only re-
flected in the optimization of acquisition techniques,
for instance in the case of magnetic resonance imaging
(MRI), but also at the post-processing stage, with an
ever-increasing interest in new, improved algorithms.
Enhancing resolution is particularly relevant in this

more precise way. Many machine-learning approaches
are being proposed for medical imaging applications,
and deep learning is becoming increasingly popular
among them [1]. The interest of these algorithms for
medical imaging is developing as they evolve towards
greater efficiency and reliability. The improvement of
image resolution is a fundamental step towards attain-
ing an adequate performance in subsequent phases of
the medical image processing pipeline. For example,
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segmentation of the regions of the human brain by
clustering is a key task [2], which can benefit from the
enhancement of the quality of the input image. Deep
learning-based MRI super-resolution technology has
the potential to become a commonplace procedure in
all MRI medical protocols [3].

These methods have largely overcome the tradi-
tional interpolation and spline-based approaches to in-
crease image resolution, which typically causes blur-
ring. Among them, example-based methods have be-
come popular as super-resolution techniques [4]. Some
exploit the internal similarities of the image [5], while
others use external datasets to learn mapping patterns
between LR and HR images [6]. Recently, an example-
based super-resolution algorithm, the SRCNN convo-
lutional neural network [7], and its 3D version SR-
CNN3D [8] have obtained great attention because of
their ability to learn an end-to-end mapping between
LR and HR images, thus avoiding to learn from dictio-
naries or manifolds to model the high-resolution space.

More generally, convolutional neuronal networks
(CNNs) have demonstrated excellent performance in
image and video processing. These methods are un-
der constant development [9,10,11], and they have
been successfully applied in detection and recogni-
tion of objects, classification of images or within rec-
ommender systems [12,13]. This has also been facil-
itated by the power of the new graphical acceleration
devices (GPU), and more specific hardware develop-
ments [14]. Hundreds of articles based on the devel-
opment of CNNs have been published in several ar-
eas [15] including medical image analysis [4,5,16,17],
where the use of CNNGs is progressively expanding.

Deep learning neural networks use loss functions
that are commonly based on the squared Euclidean
norm. However, the use of alternatives like L,-norms
has attracted attention for a variety of tasks. The L,-
norm is analogous to the Euclidean norm where the
exponent 2 is substituted by an alternative value p.
The robustness properties of the L,-norm have been
extensively studied, as seen in [18,19] and references
therein. Standard minimization of the Euclidean norm
is known to be optimal for Gaussian noise, while
L,-norms can perform better for datasets containing
outliers and non-Gaussian noise [20]. Typical ma-
chine learning applications such as binary classifica-
tion have already taken advantage of L,-norm tech-
niques [21,22]. Optimal control has also employed this
kind of norms [23]. The favorable properties of the p-
norm to manage sparsity in matrices and vectors have

been widely recognized [24,25,26,27], which has led
to applications in the feature selection field [28].

Using an L,-norm approach can be useful to reduce
the effect of outliers in minimization problems when
p < 2 values are selected. If p lies within the [1, 2] in-
terval it will also fulfill the formal definition of a geo-
metrical norm. In MRI applications, using p within this
range can allow compensating for noise and artifacts
that are often present in the images, thereby increasing
the robustness of an SR algorithm. We start out, then,
proposing to improve a deep learning neural network
by using p values in the [1, 2] interval.

However, it is still interesting to be able to count
on the robustness of the traditional squared Euclidean
norm. Multiobjective optimization methods have been
developed for the case where more than one goal
is aimed at in the optimization process. For exam-
ple, image enhancement aims to reduce the noise
while preserving the small details. Usually, these two
goals clash, since noise reduction is often achieved by
smoothing out the image and thereby removing the de-
tails. Multiobjective optimization makes it possible to
combine two or more loss functions and, depending on
the methods and parameters used, to give more rele-
vance to the most relevant goal in each case. A funda-
mental concept related to multiobjective optimization
is that of the Pareto front [29], which is a surface in the
space of possible solutions which comprises all solu-
tions that are not dominated by any other solution, i.e.
there is no solution which is equal or better than them
for all the goals which are optimized.

Multiobjective optimization is based on the premise
that the improvement of one of the objectives may lead
to the deterioration of another objective. Therefore,
a globally optimal solution is not possible, so that a
search over the Pareto front is required. Evolutionary
algorithms can be employed to approximate the Pareto
front of a problem within a population of possible solu-
tions, which has led to their extensive application [30].
Popular current proposals for multiobjective optimiza-
tion include heuristic methods based on evolution-
ary algorithms [31]. Among these, genetic algorithms,
decomposition-based proposals, particle swarm opti-
mization, bat algorithms, harmony search, ant colony
optimization, and non-dominated sorting genetic algo-
rithms are designed to cope with various challenges
of multiobjective optimization problems. All of them
use operators inspired in biological evolution in order
to improve a population of possible solutions to the
optimization problem. Also, it is very common that
several methodologies are hybridized, by combining
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search and updating methods, or alternating methods
in different phases [30]. In our case, the number of
objectives to be optimized is two, although there are
methods to optimize more than four objectives, which
is known as many-objective optimization [32].

Scalarization is another approach to multiobjective
optimization, which is based on the optimization of
a scalar function which combines the multiple objec-
tive functions of the original problem. There are many
scalarization methods in multiobjective optimization
with different characteristics such as convexity, bound-
edness, the ability to generate proper efficient solu-
tions, the number of additional constraints, etc. For ex-
ample, the elastic constraint method [33] gives condi-
tions on the characterization for properly efficient so-
lutions, and the augmented weighted Chebyshev scalar
problem [34] generates properly efficient solutions for
certain selected values of weights and augmentation
parameter. This work focuses on a particularization of
the Pascoletti-Serafini scalarization [35], which guar-
antees to generate proper solutions just by selecting the
proper weights.

In light of the above, our proposal involves combin-
ing two different cost functions with different values of
p, which should lead to benefiting from the advantages
of each of the two configurations. Therefore, the aim of
this work is to obtain an improved deep learning net-
work by using a multiobjective optimization approach
with two L,-norm-based loss functions and to find the
parameters of the new cost function that yield the best
results for their application to three-dimensional MR
images. The combination of two alternative cost func-
tions is a novel approach to the training of deep convo-
lutional neural networks since the standard approach
to deep learning relies on the minimization by stochas-
tic gradient descent of a single loss function. While
the standard approach has obtained remarkable results,
our aim is to further improve the performance of the
deep networks by making them pursue complementary
goals which may help in solving the problem at hand,
in our case the super-resolution of a three-dimensional
MRI

The rest of this paper is organized as follows: The
theoretical background of this work is detailed in Sec-
tion 2. Section 3 provides a description of the SR net-
work to be improved, the datasets for testing and the
optimization experiments, followed by the obtained re-
sults. A discussion of the obtained results is carried out
in Section 4. Finally, the conclusions and proposals for
future work are presented in Section 5.

2. Methodology

In this section, we propose a new optimization
framework to train deep neural networks. Our proposal
considers cost functions based on the L,,-norm [36,37]
of the error vector. Depending on the specific norm, the
optimization goal varies. Therefore, we employ mul-
tiobjective optimization techniques [29,38] in order
to combine two cost functions. To do this, scalariza-
tion techniques are advocated, since the training pro-
cess requires a single scalar quantity to be minimized.
Subsection 2.1 deals with the L,-norm cost functions,
while Subsection 2.2 introduces multiobjective opti-
mization of two cost functions by scalarization.

2.1. Lp-norm loss functions

Next, the usage of L,-norm loss functions for deep
neural networks is investigated. The L,,-norm has pre-
viously been considered as a cost function for signal
processing [39,40,41,42], image processing [43,44]
and machine learning [45,46] tasks. The L,-norm of a
D-dimensional vector z € R” is given by:

D
Iz, = |2 §))
j=1

The starting point for our strategy is the realiza-
tion that the squared Euclidean norm loss function, i.e.
p = 2, is not the only choice, and it might yield worse
results than other loss functions associated to the L,-
norm of the error vector at a certain neural layer. Train-
ing samples with unusually high values of the compo-
nents of the error vector will have a less dominating
effect on the optimization if p < 2, which means that
these values of p are likely to enhance the behavior of
the learning rule whenever those extreme values of the
error are present. This happens because the higher the
value of the exponent p, the faster the L,-norm grows
for increasing values of its argument. For example, if
p = 1, doubling the argument of the norm doubles the
value of the L,-norm, while if p = 2, doubling the
argument of the norm quadruples the value of the L,,-
norm. Consequently, the effect of outliers with unusu-
ally high values of the error, i.e. high values of the ar-
gument of the L,-norm, is more exacerbated for high
values of p.

The standard configuration of a deep learning neu-
ral network includes a loss function given by the aver-
age for all training data of the squared Euclidean norm
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(p = 2) of the error vector computed from the desired
output vector and the actual output vector yielded by
the neural layer of interest. The introduction of the L,,-
norm means that there is an extra tunable parameter of
the learning algorithm, namely the exponent p in (1),
which controls how much the learning is focused on
reducing the error for the training data associated er-
ror vectors have components with large absolute val-
ues |z;|. Lower values of p mean that less relevance is
provided to the training data with the highest values of
|z;]. This is advantageous in those situations where the
largest errors are associated with measurement errors,
impulse noise, missing data, and similar factors. In
this context, cost functions other than the squared Eu-
clidean norm might provide better results, given their
resilience to the kind of inconveniences mentioned be-
fore. In this investigation, the search for good perform-
ing exponents p is restricted to the interval of real num-
bers which yield a L,-norm which agrees with the for-
mal definition of a geometrical norm, i.e. p € [1,2].

In light of the above, we advocate the use of L,-
norm loss functions for the neural layers of a deep neu-
ral network. The general definition of a L,-norm loss
function is given by:

N D
E, = 2 221 lyij — visl? 2)
=1 j=

where D is the dimension of the samples, N is the
number of samples, y;; is the j-th component of the
i-th actual output vector and v;; is the desired output
vector.

The gradient of the L,-norm loss (2) with respect to
a neural weight w is:

0B, <& p—1 . Oyij
T DD plyiy — v sign (yi; — vij) S0
i=1 j=1

3)

where

, 1 ifz<0
sign (z) = {1 ifr >0 @

2.2. Multiobjective optimization by scalarization

The optimization of the L,-norm loss function (2)
can lead to different configurations of a network de-

pending on the value of p. This suggests that a com-
bination of two different loss functions £, and E,,
with p # ¢, might merge the advantages of the opti-
mal configurations associated with F,, and E,. In other
words, multiobjective optimization is proposed for the
training of neural layers within a deep neural network.
More than two loss functions might be combined, but
we have not done it in this work.

As done in standard learning procedures, in our pro-
posal the adjustment of the weights of a neural network
is carried out by gradient descent. Since gradient de-
scent minimizes a single loss function, this implies that
a combined loss function S must be defined for each
neural layer, which integrates the loss functions £, and
E,. Our choice is driven by the excellent performance
of the stochastic gradient descent optimization meth-
ods for deep neural networks which are readily avail-
able. In multiobjective optimization terms, this means
that a scalarization must be performed [47], although
metaheuristics methods could also be considered in fu-
ture developments of our proposal [48]. Two scalariza-
tion strategies have been considered in this work:

— Weighted sum scalarization (WSS, [49]). In this
simple approach, the combined loss function is
defined as the weighted average of the two loss
functions:

Swss = MEp + A E, 5)
where \q, Ay > 0.

— Weighted Chebyshev scalarization (WCS, [50,
51]). This strategy is based on the previous calcu-
lation of an ideal point:

u = (min F,, min F,) 6)

where the minima are computed over the entire
domain of the loss functions £, and E,. Then the
combined loss function is defined as the weighted
Chebyshev distance to the ideal point u:

Swes = max {1 (Ep —u1), A2 (Bq —uz)}
@)

where again A\, Ao > 0. In our case, the ideal
point is taken to be the null vector u = (0,0),
since the loss functions F, and £, are non nega-
tive.
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Once the selected combined loss function S has been
calculated, the gradient of the combined loss function
with respect to a neural weight must be computed, g—i ,
in order to apply stochastic gradient descent for the up-
date of the neural weight. Stochastic gradient descent

variants and optimizations can be applied at this point.

3. Experiments

The content of this section reports the experiments
that were carried out. The proposed methodology is
applicable to any kind of regression network whose op-
timization layer is based on the minimization of a cost
function that compares the input and the output of the
network. Thus, two sets of experiments with two dif-
ferent convolutional neural networks were carried out,
whose description is made in Subsections 3.1 and 3.2,
including the description of the used datasets as well
as the low-resolution image generation procedure. In
addition to this, in Subsection 3.3 the third experiment
for anisotropic generated data is presented in order to
study the performance of the proposed methodology.
The metrics employed to evaluate the performance of
the proposal are detailed in Subsections 3.4 and the pa-
rameter tuning of the proposals is performed in Sub-
section 3.5. Subsection 3.6 details the statistic analy-
sis we carried out. Finally, Subsection 3.7 sums up the
outcomes of the experimental analysis.

Four different optimization models have been tested
in each experiment: the standard squared Euclidean
norm (p = 2), which is the control algorithm, the best
p-norm found in the parameter selection (Subsection
3.5), as well as the two proposed multiobjective scalar-
ization methods, WSS and WCS. All the experiments
were carried out on a 64-bit Personal Computer with
a six-core Intel i7 3.50GHz CPU, 64 GB RAM, with
a GPU Nvidia GTX Titan, with 12GB of dedicated
memory. With the exception of the neural network ex-
ecution, the low-resolution image generation and per-
formance analysis were run on Matlab R2019a, using
default parameters.

3.1. Experiment 1: SRCNN3D

Firstly, we make use of the SRCNN3D deep neu-
ral network [8], which is a convolutional neural net-
work that carries out the super-resolution of three-
dimensional MR images.

SRCNN3D is based on the application of three
blocks of convolutional layers successively, compris-

ing Rectified Linear Unit (ReLU) layers. The method
first creates a pre-interpolated image I(X), where X
is the input LR image. Then, the net computes a super-
resolved HR image Y by the minimization of the
squared Euclidean loss between the output of the CNN
and the original HR image Y.

qurEuc =arg WLiTLF Z ||Y - YHQ (8)

where F(I(X)) =Y.

This network is trained using overlapping patches
extracted from a set of HR reference images. A down-
sampling and up-sampling are applied to each patch
and a set of pairs input-target is created to learn an
end-to-end function between low and high-resolution
images. Specific details of the implementation of this
network can be found in the literature [8].

A scheme of the operation of the network is shown
in Fig. 1. Our proposal! consists of the substitution of
the squared Euclidean cost function fsgrgyc by a cost
function based on the L,-norm as described in Section
2.

3.1.1. OASIS dataset

In order to carry out an adequate analysis of the per-
formance of each model, it was necessary to provide a
large dataset of MR images. Nowadays, the number of
public datasets has increased, although it is still hard
to find the ideal images to be processed since they usu-
ally have images of both control and pathological sub-
jects. For this experiment, we considered the OASIS-
1 dataset, consisting of a cross-sectional MRI Data of
416 subjects aged 18 to 96. Data were acquired on a
1.5-T Vision scanner with a 1.0x 1.0x 1.25 mm? voxel
resolution over a FOV of 256 x 256 mm.

A total of 220 Tl1-weighted MR images of the
dataset were considered for the evaluation of the pro-
posed models, which correspond to indices from 0001
until 0240 of type MR1 (patient’s first visit), except the
image 0080.

Since the whole dataset contains high-resolution im-
ages only, low-resolution images were created from
the high-resolution ones and fed into the networks.
As is stated in [52], the observation model is usu-
ally decomposed into a linear downsampling operator
after a space-invariant blurring model as a Gaussian
kernel with the full-width-at-half-maximum (FWHM)
equal to slice thickness. SRCNN3D is based on this

I'The source code and demo of the proposed approach will be pub-
lished in case of acceptance.
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Super-Resolution CNN

Initial interpolation

SRCNN3D restoration model

3D Conv+RelU [ 3D Conv

Residual optimization layer

3D LR image

3D SR image

DCSRN restoration model

p-norm loss layer

PROPOSAL:
p-norm combinations

Fig. 1. Scheme of the proposed model: the LR image is fed into a convolutional neural network with a modified loss layer, producing an optimized
SR image. These networks are based on the minimization of the residue between the original HR image and the output of the network.

model. For that purpose, the following procedure is ap-
plied. Firstly the HR images were adequately cropped
to make the image dimensions divisible by the zoom
factor. Then, a 3D Gaussian filter with a standard de-
viation equal to 1 is applied. Finally, imresize3 Matlab
function was used to perform a 3D cubic interpolation
to obtain the LR image. This is a standard procedure
to generate the LR versions of HR images for the eval-
uation of MRI super-resolution algorithms, as seen in
[53,54,55].

3.1.2. Training procedure

The SRCNN3D has been developed using the Caffe
package [56] on a Python framework. In this work, a
training over 50000 iterations was carried out for each
model as well as for the parameter selection. We con-
sidered this value to cover a large enough number of
epochs that allows the network to converge properly
and without taking too much time because each train-
ing takes around 12-14 hours to complete. The rest of
the network hyper-parameters were set to default: mo-
mentum of 0.9, learning rate of 0.0001 and batch size
of 256, using Stochastic Gradient Descent (SGD) for
model optimization. In order to make the experiments
replicable, we set the pseudorandom seed in the Caffe
engine to the value 1701.

As described in Subsection 3.1.1, from a total of 220
images, the first 120 were used for training. Specifi-
cally, the first 100 images were used to train the net-
work and the next 20 ones were used as a validation set
to monitor the error curves. The remaining 100 images
were used for testing. We divided each training, valida-

tion and testing sets into 10 folds with an equal number
of images into them (10, 2 and 10 images, respectively)
in order to carry out the statistical analysis described in
Section 3.6. Although it may seem that the proportion
training/testing is inadequate, the SRCNN3D model is
patch-wise based and extracts around 15000 samples
from each training image in order to have a sufficient
number of inputs, while the testing is carried on the
whole image without patch extraction.

Furthermore, taking advantage of that the SR-
CNN3D network can be trained for multiple scale fac-
tors at the same time, zoom factors 2, 3 and 4 were
employed in our analysis. For it, the triple amount of
patches was extracted from the training dataset and
they were given to the network.

3.2. Experiment 2: DCSRN

In the second set of experiments, we make use
of the 3D Densely Connected Super-Resolution Net-
work (DCSRN) [57], which is focused on the super-
resolution of three-dimensional MR images.

DCSRN is based on a densely-connected block. The
network starts with a convolutional layer applied to the
input image, and the output is fed to densely-connected
block with 4 units, composed by a batch normalization
layer and an exponential linear unit activation followed
by a convolutional layer. In the end, a convolution is
applied before providing the final SR image.

This network is patch-based so it is faster in train-
ing, back-propagation is more efficient, and the model
is smaller. The patch size provided to the network is
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64 x 64 x 64. Another advantage is that there is less
over-fitting during training. Specific details of the im-
plementation of this network can be found in the lit-
erature. A scheme of the operation of the network is
shown in Fig. 1.

3.2.1. HCP dataset

In this set of experiments, the Human Connectome
Project (HCP) [58,59] was employed, consisting of a
great amount of neuroimaging data ranging from struc-
tural MRI, functional MRI and diffusion tensor imag-
ing (DTI), from multiple sites. Concretely, we used the
HCP Young Adult 1200 Subjects Data Release, which
includes 1113 structural MR scans acquired on a 3-T
Siemens scanner. The image size is 256 x 320 x 320
with 0.7 x 0.7 x 0.7mm? voxel resolution. The first
600 T1-weighted MR raw images (no preprocessed) of
the dataset were considered for the evaluation of the
proposed models.

The low-resolution images were created in a dif-
ferent manner from the one used for SRCNN3D. A
Fourier-based procedure is applied [60]: first, the Fast
Fourier Transform (FFT) is computed on the HR im-
ages, then the resolution is degraded by zeroing the
outer part of the 3D K -space, and finally, the inverse
FFT is applied. The resulting LR image has the same
size as the HR one but avoiding the generation of ar-
tifacts and it follows the real MR acquisition process.
The raw images from HCP were treated as the ground-
truth and we lowered the spatial resolution by a factor
of 2 in each phase encoding direction to obtain the LR
images, that are degraded like using zoom = 4.

3.2.2. Training procedure

The DCSRN has been developed using Tensorflow
1.8 on a Python 3.6 framework. The training was car-
ried out with the default parameters set by their au-
thors, over a total of 49000 iterations and a batch size
of 2. This number of evaluations was empirically de-
duced monitoring the loss curves until they do not
change. Adam optimizer with a learning rate of 10~°
was used for model optimization.

From the 600 images of HCP1113 dataset, the first
500 were used for training and the remaining 100 im-
ages were used for testing. As well as described in
Subsection 3.1.2, data were divided into training and
testing sets into 10 folds with 50 and 10 images, re-
spectively to carry out the statistical analysis described
in 3.6. The DCSRN model is patch-wise based and
200 patches of 64 x 64 x 64 voxels are randomly ex-
tracted from each training image in order to have a suf-
ficient number of inputs. For testing, the image was

first padded with zeros and then split into cubes of the
mentioned size in a 3D sliding window manner using a
stride of size 32. Therefore, the reconstructed patches
obtained by the networks are merged by averaging the
overlapped cubes.

3.3. Handling anisotropic data

There are many cases where isotropic low resolu-
tion structural brain MRI is uncommon. When such
MR images are acquired, for example, a T2 or FLAIR
modality, they typically retain a high in-plane resolu-
tion to provide sufficient quality data for radiologists
to interpret across slices. Thus, the resolution is sacri-
ficed in the through-plane direction and the voxel sizes
become anisotropic.

In order to handle this type of image, the SRCNN3D
network was used because it has the ability to restore
an image in one plane without carrying out an extra
training. A set of images of different databases were
selected and low-resolution images were generated ar-
tificially by extending the voxel size in the last plane
by a factor of 2, 3 and 4. Thus, if the image has voxel
resolution 1 x 1 x 1mm?3, for each image three LR
versions were created of voxel size 1 x 1 X 2mm?,
1 x1x3mm3and1 x 1 x 4mms3.

The images used in this experiment are four:

— Images 10 and 11 (named as MPRAGE10 and
MPRAGEL11 resp.) of the Kirby 21 dataset [61].
These data were acquired using a 3-T MR scan-
ner with a 1.0 x 1.0 x 1.2 mm? voxel resolution
and size 170 x 256 x 256.

— An image of the Medical Research Center of the
University of Médlaga (CIMES) acquired with size
256 x 256 x 190 and 0.93 x 0.93 x 1.0mm3 voxel
resolution (named as CIMES).

— An image of the IBSR dataset [62] with image
size 256 x 256 x 128, with 1.5 x 1.0 x 1.0mm?
voxel resolution (named as IBSR).

3.4. Performance measures

In order to evaluate the performance of the pro-
posed model three different quality measures were em-
ployed: Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM) [63] and Bhattacharyya
coefficient (BC) [64].

First of all, PSNR focuses on the intensity values
obtained from the algorithm when it is compared with
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the ground truth image. The unit of measurement is
dB (decibel), where higher is better. It is defined as
follows:

2
PSNR:lOlogw( peak )

— 9
- ()
where peak is the maximum possible value of the im-
ageand Y, Y are the GT image and the predicted SR
image, respectively. The PSNR accumulates the voxel
errors provoked by incorrect estimation of the SR im-
age.

On the other hand, SSIM focuses on structural sim-
ilarities between images, returning a value between 0
and 1 (higher is better). This measure permits to check
whether the edges are correctly preserved and it is for-
mulated as:

(212 p1y)(202y + c2)

SSIM (x,y) =
(z-9) (12 4+ 12 + 1) (02 + 02 + ¢2)

(10)

where f1and i, are the mean value of images x and y,
o and o, are the standard deviations of images = and
Y, 04y is the covariance of z and y, ¢; = (k1L)? and
ca = (koL)? (default values were used: L = 1 is the
dynamic range, k1 = 0.01 and k2 = 0.03).

Finally, the BC measures the closeness of the two
discrete pixel probability distributions P and P corre-
sponding to the ground truth (GT) and restored images
with values in the range [0, 255]:

255

BC =Y P(j)P(j) (11)

Jj=0

where BC' € [0, 1] and higher is better.

From a qualitative point of view, it is useful to ana-
lyze the residual images obtained by the subtraction of
the GT image Y and the super-resolved one Y:

ResI =|Y — Y| (12)

The best performance is such that the residual image
is the zero matrix. The constant 0.5 was added to the
residual images for the sake of clarity, thereby obtain-
ing gray images.

3.5. Parameter selection
Our main aim was to attain the best generality at

the time of tuning up the parameters of the propos-
als, so a set of images different from the ones used for

training and testing were used. In the case of the SR-
CNN3D network three different images from 3 differ-
ent datasets were used to fine-tune the model parame-
ters of each cost function:

— Image 0080 of the OASIS-1 dataset.

— Image 01 of the Kirby 21 dataset [61].

— A normal brain T1 image of Brainweb? simulated
database, acquired with slice thickness 1mm,
0 % of noise level and RF = 0.

Regarding the DCSRN network, the MGH HCP Adult
Diffusion dataset was used, which comprises 35 young
adult structural scans using the MGH Siemens 3T Con-
nectome scanner.

PSNR, SSIM and BC measures of the above-
presented images were computed and a ranking was
established sorting each tested parameter according to
its performance with respect to each image. The as-
signed points were accumulated among all images and
the lowest scores mean that the network is better. Thus,
there are two kinds of parameters to be tuned: the L,,-
norms and the weights.

Firstly, we performed a set of experiments fix-
ing weights and varying the L,-norms. For the SR-
CNN3D, there were many cases where the conver-
gence of the network was not achieved and the best
performances were always obtained with p = 2.0 and
q = 1.9 norms, which combines respectively the sta-
bility of the gold standard cost function and the best
L,-norm obtained in our previous work [65]. An ex-
ample of training loss curves for the WSS model is
shown in Fig. 2. In the case of DCSRN, we found a
better performance of the p = 2.0 and ¢ = 1.7 norms.

Secondly, for both WSS and WCS cost functions a
set of weight values \; were tested in order to find the
best configuration. Both WSS and WCS methodolo-
gies depends on two variable weights A1, As. As the
training takes a long time to be completed we aimed to
simplify the parameter optimization by making some
assumptions, which are detailed next. In the case of
the weighted sum scalarization method (WSS), we are
dealing with a linear combination of two L,-norms, so
we assumed that Ay = 1 — Ao, thereby removing one
variable. In Fig. 3 we can find the tested values for Ao,
from 0.2 until 0.8. We found that the best PSNR and
SSIM ranks are achieved for middle-low values of A,
(0.25-0.35), although values around 0.5 are also fine
for BC measure.

2http://mouldy.bic.mni.mcgill.ca/brainweb/
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Fig. 3. WSS model optimization for SRCNN3D: PSNR, SSIM, and BC rankings across the three tuning images are shown varying A2, with

A1 =1—Aa.

The weighted Chebyshev scalarization (WCS) is
based on the maximum value between the two L,-
norms. Thus, a similar scale between the L,-norms
cost functions is essential to avoid the scalarization to
be dominated always only by one of the cost func-
tions. Assuming that A\; = 1, we only need to fix A;
to balance both norms. Fig. 4 collects the best range of
values, showing us that the best ranks are reached be-
tween 0.7 and 0.8 depending on the considered quality
measure.

In order to make a reasonable selection of the best
A2, the mean and standard deviation among the three
measure ranks were computed, as shown in Fig. 5. That
is, the rank values depicted in Fig. 3 (WSS model) are
averaged for each value of the parameter, and the same
was done with the results of Fig. 4 (WCS model). The
best parameter is marked in magenta, considering that
the lowest mean rank is the best option to achieve good
performance for all the quality measures.

In Table1 the final configurations of the models
based on our previous analysis are summarized. With
respect to the DCSRN network, the configurations of
the WSS and WCS methods were established taking

into account the previous analysis. Thus, the WSS pa-
rameters were set up with the best two p-norms found
and with the same weights. The WCS optimization
also used the p = 1.7 norm but modifying the weight
A2 in order to put the norm on the same scale as the
squared Euclidean norm.

3.6. Significance analysis

First, a Friedman aligned ranks test [66,67] is per-
formed in order to check whether at least two of the
methods represent populations with different median
values, i.e. the methods have significantly different
performance. This technique is a similar version of the
Friedman test that can be used under the same circum-
stances, although the Friedman aligned ranks test is
appropriate where the number of methods to be com-
pared is low.

In this technique, if we have VK test images, we
can do K runs with N test images per run, so that the
images of each run are different. Then we compute the
mean of the performance measure for the /N test im-
ages of each run. This way we get K mean perfor-
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Table 1

Parameter selection of the proposed cost functions.

Model ‘ Parameters ‘
\ SRCNN3D \ DCSRN |

WSS | p=2.0,¢=19, A\ =0.65, A2 =0.35 | p=2.0, g=1.7, \1 = 0.65, A2 = 0.35

WCS | p=20,¢g=1.9, A1 =1.00, \2 =0.75 | p=2.0, ¢g=1.7, A\1 = 1.00, Ao = 0.45

mance values for each method and performance mea-
sure. Then, we calculate the difference between the
performance obtained by a method and the mean per-
formance value computed over all methods. This step
is repeated for all methods and datasets. The resulting
differences are then ranked from 1 to 4 (since there
are four methods), where the best performing method
is assigned 1 point and the worst performing method
is assigned 4 points. After that, the K ranks associ-
ated with each method are accumulated, so that each

method obtains an accumulated rank between K and

4K. Finally, the test statistic is computed:

_ (Ri—Ryj)

=2 "/ 13
k(n+1)/6 (1)

where R;, R; are the average rankings of the compared
methods.

Then, if the obtained p-value is smaller than the
level of significance o = 0.05, then the null hypothesis
is rejected, i.e. there are at least two methods with sig-

nificantly different performance. In our work, N = 10
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Table 2

Friedman Aligned Rankings of the methods for PSNR measure and
for zoom factors 2, 3 and 4, computed for the SRCNN3D network.
The last row shows the probability value to reject the null hypothesis.

PSNR Ranking
SRCNN3D | zoom =2 zoom =3 zoom =4
WCS 23.4000 20.0999 20.5999
WSS 20.1000 23.3000 22.3000
p=19 14.9000 17.5000 14.5999
p=2 23.5999 21.0999 24.5000
P-value 0.0429 0.0414 0.0422

and K = 10. We used the original software published
by the authors?.

Additionally, box plots were generated, one box plot
per performance measure, where each method is as-
sociated to a box, and the /N mean values of the per-
formance measure for a particular method are used to
generate the box, i.e. each of the boxes of the box plot
is drawn from N samples.

3.7. Results

First, we evaluate the proposed methodology from
a quantitative point of view for each experiment. For
each quality measure and each zoom factor, a Fried-
man aligned ranks test was carried out to measure be-
tween the different cost functions tested. A total of
10 mean values corresponding to the 10 test repeti-
tions were computed for each method and passed to the
Friedman aligned ranks test. The methods were ranked
assigning 1,2,3 or 4 points for each repetition and the
accumulated results are the ones presented in the fol-
lowing tables.

3.7.1. Results of Experiment I

PSNR aligned Friedman ranks are shown in Table 2.
The lower values for all zoom factors, i.e the best, are
achieved always by the model based on a unique L,-
norm with p = 1.9. Moreover, the p-value is lower
than 0.05 for all cases, which means that the methods
are not the same.

There is a bit of variety for SSIM and BC mea-
sures, whose statistical analysis is summarized in Ta-
bles 3 and 4. For larger scale factors (3 and 4), where
the network needs to be more precise to recover the
voxel’s information, the weighted Chebyshev scalar-
ization is clearly the best cost function, achieving the
lowest ranks of all the Friedman analysis performed.

Shttps://sci2s.ugr.es/sicidm

Table 3

Friedman Aligned Rankings of the methods for SSIM measure and
for zoom factors 2, 3 and 4, computed for the SRCNN3D network.
The last row shows the probability value to reject the null hypothesis.

SSIM Ranking
SRCNN3D | zoom =2 zoom =3 zoom =4
WCS 16.9999 13.1000 11.5000
WSS 23.2000 23.3000 23.7000
p=19 14.9000 20.1000 25.6000
p= 26.9000 25.5000 21.2000
P-value 0.0065 0.0427 0.0440
Table 4

Friedman Aligned Rankings of the methods for BC measure and for
zoom factors 2, 3 and 4, computed for the SRCNN3D network. The
last row shows the probability value to reject the null hypothesis.

BC Ranking
SRCNN3D | zoom =2 zoom =3 zoom =4
WCS 20.4000 19.8000 19.5999
WSS 20.3000 20.6000 21.1000
p=1.9 21.1000 21.4000 21.7000
p=2 20.2000 20.2000 19.5999
P-value 0.0412 0.0415 0.0418

This means that the WCS is more suitable for recover-
ing the structural features of the MR image than both
the usual squared Euclidean norm and the L, g-norm.
As shown in Table 3, for scale factor 2 WCS is the sec-
ond best method and the p-value is significantly lower
than 0.05, only surpassed by p = 1.9, making this op-
timization model effective for any case.

The differences in terms of BC are closer. In Ta-
ble 4 all the average rankings have values around 20,
although again for zoom factors 3 and 4 the WCS
method has the best outcome, corroborated by the p-
value. However, we can see that the squared Euclidean
norm is the second best cost function. As the BC mea-
sures the differences in pixel probability distributions,
we can infer that the image histograms obtained by all
the tested methods are very similar, thereby avoiding
the inclusion of artifacts or anomalous intensity values.

The variances between the 10 runs of 10 different
images we executed are depicted as box plots in Figure
6, for scale factors 2, 3 and 4. Analyzing first the zoom
2 (first row), in terms of PSNR and SSIM the L,-norm
with p = 1.9 the performance is remarkable. The mean
and median values (represented as a circle and a line,
resp.) overcome the other three cost functions and the
variance of the results is quite reduced. Thus, the im-
age intensity values are always very close to the orig-
inal HR image. There are no meaningful differences
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between the other methods, although the BC box plots
show higher differences between the mean and the me-
dian except for p = 1.9. Again, this may indicate that
there is an anomalous test image that is better super-
resolved on average by p = 1.9. However, in median,
the best method appears to be WCS. The case of scale
factor 3 (second row) is quite similar to the previous
one. However, the performance of WCS has improved
a bit and the one of WSS has worsened. Looking at the
median values, p = 1.9 and WCS achieved the best
measures over the 10 runs for PSNR and SSIM. When
the zoom demand is set to 4 (third row), which is very
high, the variance between runs and between methods
is reduced. However, the WSC method takes advantage
of both the L 9 and Ly-norms to improve the qual-
ity of the image in terms of either PSNR, SSIM, and
BC. The latest measure has reduced considerably its
interquartile range compared to the other methods.

3.7.2. Results of Experiment 2

Figure 7 summarizes the outcomes obtained by the
DCSRN network after modifying its cost function. As
explained in Subsection 3.2.1, this network was trained
by simulating degradation by Fourier transforms sim-
ilar to zoom factor 4. The most stable method with
less dispersion in its results is WSS, which yields bet-
ter SSIM and BC measures than the squared Euclidean
norm. The mean value (circle) of PSNR is on par with
the Lo-norm, although in general, the results are not as
good as expected. Nevertheless, the results generated
by WCS model are higher for PSNR and also quite ac-
ceptable for the rest of the measures. The Ly 7-norm
has the lowest dispersion but the results are not the
best.

The statistical analysis carried out to check if the
methods are significantly different is presented in Ta-
ble 5. The average rankings computed by the Aligned
Friedman test showed that WCS is the first method for
PSNR followed by WSS model, and this one is the best
for SSIM and BC. It should be remarked the difference
obtained with respect to the Ly-norm, which is the last
method in the tests. The p-value lover than 0.5 corrob-
orates that the methods are significantly different.

The WSS and WCS results of this set of experiments
confirm the idea of improving the performance by the
combination of two p-norms. Both cost functions are
appropriate for the degradation model based on Fourier
transform, which simulates the acquisition of MR im-
ages with lower resolution.

Table 5
Friedman Aligned Rankings of the methods for PSNR, SSIM, and
BC measures computed for the DCSRN network. Last row shows
the probability value to reject the null hypothesis.
Model Ranking
DCSRN PSNR SSIM BC
WCS 18.9999  20.5000  22.2000
WSS 20.2000  19.0000  16.4000
p=1.7 | 21.5000 20.0999 20.4000
p=2 21.2999  22.4000  23.0000
P-value 0.0393 0.0396 0.0394

3.7.3. Anisotropic Super-Resolution

The last set of experiments deals with anisotropic
images. The quantitative outcomes of the zoomed im-
ages are collected in Table 6. The values of the scale
factors are referred to the SR applied to the third di-
mension only. The rows show the results obtained for
each of the four tested images and the columns repre-
sent the measures obtained for each scale. In blue are
highlighted the best values for each measure and zoom
factor.

The best optimization method is shared by the L4 o-
norm and WSS. From one side, WSS performs bet-
ter with MPRAGE10 and IBSR images improving the
PSNR and SSIM in some tenths. MPRAGEI11 and
CIMES have been restored better by the single p-
norm, although the second-best method is again WSS.
This fact indicates that the weighted linear combina-
tion of p-norms can be a great option to also improve
anisotropic images. Regarding the BC measure, either
p = 1.9, p =2 or WCS reach good values.

On the other hand, the differences between method
performances increase when the scale factor applied in
the SR process is higher, due to the necessity of recov-
ering more information from the one present in the im-
age. This occurs for every method if we compare them
with the squared Euclidean norm, obtaining around 1%
of improvement in the quality of the image. We need to
remark that the network was only trained for isotropic
tasks, so it is easy to think that appropriate training fo-
cused only on this type of image may improve substan-
tially the outcomes.

3.7.4. Qualitative performance

In terms of qualitative outcomes, three different im-
ages of the OASIS dataset are presented. Fig. 8 shows
a three-dimensional perspective with one slice of the
sagittal, coronal and axial planes of image numbered
as 0174, using an augmentation factor of 2. The dif-
ferences can be seen in the central part of the image,
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where the intensity of gray varies from one method to
another. If we focus on the residual images, the whitest
image should be the best approximation to the original
HR image. Here, the method based on the L; g-norm
clearly outperforms the other methods since there are
fewer dark curves in the central part of the image. This
means that fewer structures were removed. This result
matches the previous quantitative analysis, where its
values of PSNR and SSIM are the best.

In Fig.9 a section of the coronal plane of the
OASIS-0177 image is shown. In this case, the restora-

tion factor was 3. Here the effect of the p = 1.9 based
method is the opposite in terms of similarity struc-
ture. The darkest parts of the image are refined while
in the original ground-truth image there some gray
level irregularities, removing possible abnormalities of
the scan or the brain structure. On the other hand, the
squared Euclidean norm over-smooths the output of
the network with respect to the ideal image. Both WSS
and WCS techniques find an equilibrium between both
cost functions, as we can see in the middle-left part of
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Table 6

PSNR, SSIM and BC measures computed for with SRCNN3D network varying the scale factor of the third dimension of the anisotropic LR

image. The blue color represents the best method.

Image Zoom zoom = 2 zoom = 3 zoom =4
Model PSNR SSIM BC PSNR SSIM BC PSNR SSIM BC
WCS 334432 09580 0.9957 | 31.9899 0.9426  0.9955 | 30.8662 0.9266  0.9954
MPRAGEI0 WSS 334923 09606 0.9742 | 32.0180 0.9452 0.9749 | 30.8850 0.9292 0.9753
p=19 | 334870 09605 0.9966 | 31.9956 0.9448 0.9964 | 30.8595 0.9287 0.9963
p=2 33.4587 09579  0.9960 | 32.0001 0.9424 09958 | 30.8737 0.9263 0.9957
WCS 359565 0.9641  0.9967 | 34.5699 0.9507 0.9963 | 33.3593 0.9350 0.9961
MPRAGEI WSS 36.0155 0.9655 0.9579 | 34.5953 0.9518 09583 | 33.3875 0.9362 0.9579
p=19 | 36.0548 0.9655 0.9971 | 34.6155 09516 0.9968 | 33.3990 0.9360 0.9966
p=2 359883  0.9641 0.9968 | 34.5899 0.9507 0.9964 | 333713 0.9349 0.9962
WCS 33.4739 09730 0.9269 | 31.0103 0.9560 0.9254 | 29.3085 0.9367 0.9268
IBSR WSS 33.5867 0.9733  0.9293 | 31.0563 0.9561  0.9274 | 29.3414 0.9368  0.9283
p=19 | 334919 09717 09273 | 31.0001 0.9543 0.9255 | 29.3022 0.9349 0.9272
p= 335348 09731 0.9270 | 31.0455 0.9561 09253 | 29.3251 0.9368  0.9268
WCS 35.5276  0.9568  0.9975 | 33.4533 0.9306 0.9971 | 32.0381 0.9026  0.9960
CIMES WSS 35.5835 09579 0.9636 | 33.4834 0.9313 0.9633 | 32.0693 0.9032 0.9610
p=19 | 35,6078 0.9581 0.9980 | 33.4932 09315 0.9977 | 32.0748 0.9036  0.9969
p=2 355522 09568  0.9975 | 33.4691 0.9306 0.9970 | 32.0455 0.9025 0.9960

the residual images, where the gray is more homoge-
neous.

Finally, the visual outcome of DCSRN network is
analyzed in Fig. 10. Here a section of the test image
with ID 206929 is displayed. The amount of informa-
tion to be recovered is quite high, provoking distor-
tions in the enhanced image. Focusing on the residual
images we can see better the different performance of
the optimization methods. WCS method tends to re-
solve better the intensities because large gray surfaces
are clearer than the other methods. On the other hand,
fine details are remarked by WSS and p = 2 since con-
nections between those homogeneous parts are darker,
although they introduce some noise in the image. The
L1 7-norm does not achieve to restore the image ad-
equately. This alternation of performance is present
along all the volume, making the quality measures in
concordance with the box plot analysis.

4. Discussion

The above-presented experiments have demonstrated
that the multiobjective optimization of the cost func-
tion makes the SR networks more precise. Two differ-
ent ways to combine the L,-norm are proposed, WSS
and WCS, although its performance varies depending
on the dataset and neural network used.

The WCS performed well with SRCNN3D, the
SSIM and BC values improved with respect to the
squared Euclidean norm. Nevertheless, the WSS method
worked better than WCS with the DCSRN network.
In this case, WSS yielded good outcomes for either
PSNR, SSIM, and BC, but also WCS was good restor-
ing the images. There are two factors that may affect
the results of the experiments: the type of the neural
network and the data used for training.

Firstly, the effect of the backpropagation in the
learning procedure may be crucial in the perfor-
mance of the methods. With a small network like SR-
CNN3D (only three convolutional layers), the Cheby-
shev scalarization achieved more stability. However,
when a larger, densely connected network is trained,
this methodology loses efficiency and the weighted
sum of norms outperforms the rest of the models.
Thus, the different layers of the network learned better
the features of the images because they were intercon-
nected. This fact may indicate that the larger the net-
work used, the more efficient might be the combina-
tion of p-norms.

Secondly, the amount of data and patch sizes were
different in each case. For DCSRN, a larger patch is
used, which covers more details of the image, and the
minimization of the errors is more effective if the cost
function is more complex. The WCS is essentially one
p-norm that varies depending on the maximum value
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Fig. 8. Qualitative results for OASIS-0174 image for each model, applied with zoom factor 2. Slices of sagittal, coronal and axial views are
showed in a 3D representation. The second row shows the reconstructed image by each algorithm and the third row shows residual images

between the reconstructed and the original HR image.

reached. Thus, when less information is present, that
is, smaller patches as the ones used in SRCNN3D, one
norm is enough to minimize the error.

The qualitative outcomes showed that the scalariza-
tion methods can provide refined results. The differ-
ences among methods were more noticeable in the DC-
SRN network than in SRCNN3D. The reason might
be the degradation model on which they are based.
SCRNN3D carries out an initial interpolation that can
smooth the effect of the restoration, while DCSRN is
created to enhance LR images based on a low-pass
filtering-like, i.e. the number of voxels are the same
and there is not an intermediate blurring effect.

5. Conclusions and future works

This work presents a multiobjective optimization
model for deep super-resolution neural networks. With
the aim of improving the brain magnetic resonance im-
age super-resolution, the usual squared Euclidean loss
layer is substituted by combinations of L,-norm cost
functions using the weighted sum and the weighted
Chebyshev scalarizations. The optimization function is
defined with p < 2 to reduce the effect error of ex-
treme values of the errors and enhance the behavior of
the training.

SRCNN3D and DCSRN models, and OASIS and
HCP datasets were employed for experiments. Three
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Fig. 9. Qualitative results for a section of the coronal view of the OASIS-0177 image for each model, applied with zoom factor 3. The second
row shows the reconstructed image by each algorithm and the third row shows residual images between the reconstructed and the original HR

image.

different models were compared to the Lo-norm and
results show that the squared Euclidean loss layer is
not the best norm in most cases. When we duplicate
the resolution, the L; g-norm evince good results in all
measures and if large scale factors are used, WCS and
WSS methods outperform the SSIM and BC values.
A Friedman aligned ranks test indicates that the dif-
ferences with respect to the gold standard are signifi-
cant at 95%. Qualitatively, image restoration by WCS
better preserves structural information.

In future work, we will extend and apply the pro-
posed idea to other machine learning tasks, such as
recommendation task and person tracking [68]. The

proposed approach could be extended to other neural
networks in order to improve the quality of the out-
puts in any other task like noise removal or segmen-
tation. Moreover, the depth of the network seems to
be the key to a correct back-propagation of the pro-
posed cost function errors. An extensive analysis with
deeper neural networks may improve the performance
with lower values of p. Another line of research is the
usage of three or more cost functions to be optimized
rather than two. Adding more p-norms might improve
the quality of the super-resolved images, but the selec-
tion of the p-norms to be included in the set of cost
functions to be optimized is a difficult optimization
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(a) Original HR image

(c) WCS (d) WSS

(2) WCS (h) WSS

(b) LR image

(e)p=1.7 Hp=2

(Hp=17 @Op=2

Fig. 10. Qualitative results for a section of a reconstructed patch of the image ID 206929 from HCP dataset for each model, applied with zoom
factor 4. The second row shows the reconstructed image by each algorithm and the third row shows residual images between the reconstructed

and the original HR image.

problem in itself. This is why we have restricted our
attention in this work to the two cost functions case,
while the other cases are left for future extensions of
our approach.
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