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Introduction



2 Chapter 1

This thesis is about super-resolution reconstruction (SRR) and self-similarity in
MRI. These are two overlapping fields of research and in the studies described here,
one has naturally lead to the other. From investigating basic properties of conven-
tional approaches to SRR in MRI and applying these methods to specific research
problems, we saw a potential improvement to SRR in MRI by employing the self-
similarity of the images. Self-similarity is a versatile methodology, and beside using
it for SRR, we have performed a thorough investigation of its application to vox-
elwise classification in MRI. In this introductory chapter, we will briefly give some
background on SRR and self-similarity in MRI and introduce the five studies in-
cluded in the thesis.

1.1 MRI and image quality

Magnetic resonance imaging (MRI) is one of the main non-invasive imaging modal-
ities used in clinical practice and in pre-clinical studies. Its widespread application
is the result of a number of factors: it provides volumetric information, its contrast
between soft tissues is unsurpassed, the resolution of MRI is among the highest in
the medical imaging field, and the magnetic field strengths used in clinical MRI are
not associated with significant health risks, as opposed to for example the X-rays
of CT. Furthermore, MRI is a very versatile imaging technique, enabling both the
assessment of anatomy and function.

An MRI image is created by placing a subject in a magnetic field [35]. So-called
magnetic field gradients are applied along the three axes of the space inside the
scanner. The effect of each gradient is a gradual change in the magnetic field strength
along the gradient’s direction. The protons of the hydrogen atoms in the body are
sensitive to the magnetic field and will rotate, or precess, at frequencies determined
by the field strength. Under the application of a radio frequency (RF) pulse, the
precessing protons will generate an electromagnetic signal that can be recorded by
RF coils (antennas) in the scanner. The strength of the electromagnetic signal from
the subject body is determined by the local proton density (that is, the relative con-
centration of water molecules). The electromagnetic signal thus encodes the local
proton density in its phase and frequency components. This is called Fourier encod-
ing and the process produces a map of the image in the spatial frequency domain.
In MR, this domain is known as the k-space.

The acquisition of an MR image thus involves an interplay between physical
properties of the precessing protons, the magnetic gradient field strengths, and the
way the electromagnetic signal from the protons is sampled. The signal sampling
strategy, which is constrained by the physical limitations of the system, determines
the acquisition time and basic image properties such as contrast, signal-to-noise
ratio (SNR), and resolution. Developing and adopting these strategies is known
as pulse sequence design. This is a major sub-field of MRI research and we shall
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not delve into the subject here, but just mention one of the fundamental choices in
sampling strategy: An MRI of a 3D subject can be acquired either as a so-called true
3D image volume, or as a stack of 2D slices. In the former, the signal of the entire
3D volume is sampled simultaneously, in the latter, the signal is sampled one slice
at a time. Whether one or the other approach is chosen depends on many factors,
including the gradient strength and slew rate, requirements to contrast and SNR,
the feasible acquisition time, whether motion is present, and more. In some settings,
true 3D imaging will be applied, in others, 2D slice-stacks.

One important disadvantage of 2D imaging is that the slices usually end up
being thicker than the in-plane size of the voxels. This effect is known as anisotropy
and it hampers the localization of structures and events along the slice selection
direction, sometimes severely (see Fig. 1.1). It is not uncommon to have anisotropy
factors (the ratio between the slice thickness and the in-plane pixel size) larger than
5, owing to requirements to contrast, SNR, and acquisition time.
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Figure 1.1: lllustration of the anisotropy of a 2D slice-stack. Left, a high-resolution cross section
of some structure is seen. In the center, an MRI slice-stack is illustrated. The purple/dark band
represents the cross-section shown on the left. Right, the cross-section is shown after being
sampled on an anisotropic grid.

1.2 Super-resolution in MRI

Resolution is a fundamental property of any image, from any device. It is defined
as the smallest distance between two objects at which we can still distinguish them
[16], or in more technical terms, as the width of the point spread function (PSF)
of the imaging process. Super-resolution reconstruction (SRR) is the general name
for a group of methods that aim to recover high-frequency image content that is
lost due to wide PSFs. In SRR, a set of low-resolution (LR) images, that each dif-
fer with minor shifts and/or rotations in their field of view, are combined into a
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high-resolution (HR) image. This is done utilizing a model of the image acquisition
process (see Fig. 1.2).

Down-
sampling

Geometric
Transform

> Blur -

Figure 1.2: lllustration of the model of the imaging process conventionally applied in SRR. In
SRR, the aim is to invert the process, thus going from the LR images to the HR one.

In MRI, SRR cannot recover high-frequency content in-plane nor in true 3D vol-
umes. This is because the Fourier encoding of the slices/volumes completely ex-
cludes any content outside the range of encoding frequencies. In the slice selection
direction, however, aliased frequencies may be present and possibly recovered. SRR
in MRI is therefore primarily applied to generate isotropic 3D volumes from multi-
ple 2D slice-stacks.

When acquiring MRI slice-stacks for SRR, the aim should be to cover k-space
as well as possible. A much applied acquisition strategy in the SRR MRI litera-
ture simply shifts the acquisitions along the slice selection direction. While this,
intuitively, may seem to compensate for partial volume effects in thick slices, it
amounts to oversampling the central part of k-space in the slice selection direction.
The k-space can be covered much more effectively by rotating the slice selection di-
rection between each of the acquisitions (see Fig. 1.3). This acquisition strategy was
introduced in [83] and is adopted for most SRR acquisitions in the thesis.

1.3 SRR as an inverse problem

The problem of recovering, or reconstructing, the HR image, given the LR images
and a model of the imaging process, is called an inverse problem. In the context of im-
age reconstruction, inverse problems are, in general, ill-posed. This means, that the
number of constraints imposed by the LR acquisitions (i.e. the LR voxels) is lower
than the number of parameters we aim to recover (i.e. the HR voxels). To make the
problem well-posed, regularization is applied to provide additional constraints on
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Slice
selection
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Figure 1.3: /llustration of how k-space is sampled using a rotated acquisition scheme. Each rect-
angle covers the central part of k-space of one acquisition.

the solution. From a Bayesian view-point, regularization corresponds to applying
prior knowledge about the probability density function of the HR solution, in or-
der to obtain the maximume-a-posteriori (MAP) solution. By including a properly
chosen prior, the solution is thus not only stabilized algebraically but also guided
towards an outcome that corresponds to our expectations. In SRR, and many other
reconstruction problems, smoothness of the solution has been an immensely popu-
lar prior. This is also known as the Tikhonov regularizer. In this thesis, we employ
Tikhonov regularization for SRR in the studies described in chapters 2-4.

1.4 Local self-similarity in MRI

More recently, a different type of prior has proven to be very powerful and has been
widely applied in image processing and analysis. This prior relies on the observa-
tion that local structures tend to repeat themselves throughout an image or within
a group of similar images (see Fig. 1.4). Because of this, it has become known as
the self-similarity prior. This prior is of a statistical nature and is learned from the
data itself. By building a dictionary of examples of local structures, in practice con-
sisting of small image patches, a new low-quality patch can be regularized by im-
posing a fidelity measure between the new patch and the dictionary. This can be
exploited for various reconstructive image processing tasks, such as denoising, in-
painting, and SRR. The self-similarity prior is discussed in detail in chapter 5 where
anovel application of it, specifically aimed at producing isotropic HR volumes from
anisotropic MRI slice-stacks, is presented.

The local self-similarity prior has applications beyond reconstructive image pro-
cessing tasks. It can also be used for classification. Instead of using the dictionary
fidelity to regularize the reconstruction of a new image patch, it can be used to mea-
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Figure 1.4: lllustration of self-similarity in brain MRI. At the local level, the image locations pointed
to by the arrows have a similar appearance.

sure how well the new patch is represented using the dictionary. Now, if one dic-
tionary consists of patches from images of trees, and another dictionary of patches
from images of human faces, then a patch from a new image of a tree will most
likely be represented better by the tree dictionary, especially if we impose the self-
similarity prior by requiring the representation to be sparse. This reasoning imme-
diately leads to the concept of sparse representation classification, which is explored
for several applications, including segmentation of carotid MRI, in chapter 6 of this
thesis.

1.5 Thesis contribution and overview

The main contributions of the work presented in this thesis are in the field of SRR
in MRI. This topic has been explored from both an applied and a methodologi-
cal point of view. The first part of the thesis (chapters 2-4) focuses on the former.
The presented studies evaluate the feasibility of well-known SRR methods in MRI
and applications in small animal research. The aim of these studies was to explore
and facilitate practical advantages of SRR in MRI. The second part of the thesis
(chapter 5-6) describes two methodological innovations that use the self-similarity
of MRL. The first is an SRR method that adapts recent methodological developments
in signal processing to perform SRR of MRI slice-stacks. The second is a successful
generalization of a state-of-the-art voxelwise classification methodology. Together,
they provide background and thorough examination of how self-similarity can be
exploited in MRL

The following paragraphs describe each of the chapters in more detail.
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Chapter 2

It remains a major question of the MRI acquisition community whether SRR has
any advantage over direct high-resolution image acquisition when SNR and acqui-
sition time are taken into account. In this chapter, we review the theoretical aspects
of SRR, briefly describe six representative SRR methods, and present an extensive
quantitative and qualitative evaluation of the performance of the six methods in
the trade-off space spanned by resolution, SNR, and acquisition time.

Chapter 3

In this chapter, we present an application of SRR for visualization of neuronal ac-
tivation in manganese-enhanced mouse brain MRI. We show that SRR can be used
to reconstruct isotropic high-resolution 3D inversion recovery spin echo (IR-SE) im-
ages in a time-frame compatible with in vivo experiments. We quantitatively com-
pare the noise, contrast and resolution properties of the SRR IR-SE with those of 3D
gradient echo (GE) images conventionally used for manganese-enhanced mouse
brain MRI. We qualitatively compare the SRR IR-SE images with the GE images in
terms of how well activated mouse brain nuclei can be detected.

Chapter 4

SRR is a computationally expensive method, both in terms of memory require-
ments and computation time. In this chapter, we present a tool that allows global-
to-local interaction with large data-sets. By combining the information from bio-
luminescence imaging (BLI), CT, and MRI, the tool helps the user identify local re-
gions of interest (ROIs) in a full-body mouse data-set. ROIs can be selected for SRR
and high-resolution visualizations be provided in a close to real-time time-frame,
on a desktop computer. The tool is qualitatively validated in two case studies in-
volving BLI, CT and MRI of kidney and bone tumors in a mouse model.

Chapter 5

In MRI, 2D slice-stacks yield two native resolutions simultaneously: one at in-plane
resolution, and one defined by the slice gap and slice thickness in the slice-selection
direction. Local self-similarity of anatomical features occurs both within and across
these scales. In this chapter, we present a new method that exploits this cross-scale
self-similarity for SRR. The method can be applied to both single and multiple MRI
images, thus transcending a traditional methodological division in SRR. We vali-
date the method quantitatively and qualitatively and compare it with basic inter-
polation and with an existing state-of-the-art SRR method.
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Chapter 6

In this chapter we present a new and effective generalization of the basic sparse
representation classification (SRC) scheme. Where basic SRC uses the residuals of
a single sparse representation, our method fuses multiple sparse representations.
The method relies on the joint effect of the accumulation of statistical evidence of
class relationship over the multiple representations, and a reduced risk of over-
fitting in the representations that follow the first one. We validate the approach for
three different tasks: texture classification, carotid MRI lumen segmentation, and
bifurcation detection in carotid MRL

Chapter 7

The thesis is concluded with a summary and a general discussion of the results and
their implications.



Chapter 2

Super-resolution methods in MRI: Can they
improve the trade-off between resolution,
signal-to-noise ratio, and acquisition time?

Based on:

E. Plenge, D.H.]J. Poot, M. Bernsen, G. Kotek, G. Houston, P. Wielopolski, L. van
der Weerd, W.J. Niessen, E. Meijering. Super-resolution methods in MRI: Can they
improve the trade-off between resolution, signal-to-noise ratio, and acquisition time?
Magn Reson Med 68(6):1983-1993, 2012.

Abstract

Improving the resolution in magnetic resonance imaging (MRI) comes at the cost of
either lower signal-to-noise ratio (SNR), longer acquisition time or both. This study
investigates whether so-called super-resolution reconstruction (SRR) methods can
increase the resolution in the slice selection direction and, as such, are a viable alter-
native to direct high-resolution acquisition in terms of the SNR and acquisition time
trade-offs. The performance of six SRR methods and direct high-resolution acquisi-
tions was compared with respect to these trade-offs. The methods are based on iter-
ative back-projection, algebraic reconstruction, and regularized least squares. The
algorithms were applied to low-resolution data sets within which the images were
rotated relative to each other. Quantitative experiments involved a computational
phantom and a physical phantom containing structures of known dimensions. To
visually validate the quantitative evaluations, qualitative experiments were per-
formed, in which images of three different subjects (a phantom, an ex-vivo rat knee,
and a post-mortem mouse) were acquired with different MRI scanners. The results
show that SRR can indeed improve the resolution, SNR and acquisition time trade-
offs compared with direct high-resolution acquisition.
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2.1 Introduction

A fundamental consideration in any MRI experiment is how to optimally balance
image resolution, signal-to-noise ratio (SNR), and acquisition time. These three
imaging parameters are highly interdependent: higher resolution allows one to ob-
serve smaller details, but typically reduces SNR, and/or increases imaging time.
At the same time, a certain minimum level of SNR is required to distinguish the
signal of interest from system noise, and scan time should be kept low, as MR
imaging resources are limited, costly, and long scan times are uncomfortable for
the patient, and induce motion artifacts in the images. Together, the three param-
eters span a space, and their theoretical relations are well known [35]. Techniques
such as parallel MRI [37, 73], PROPELLER [67], and compressed sensing [55] affect
these relations at the acquisition level. An interesting alternative is to use super-
resolution reconstruction (SRR) methods that combine acquisition strategy with
post-processing.

SRR is the process of producing a high-resolution (HR) image from a sequence
of low-resolution (LR) images, where each LR image transforms and samples the
HR scene in a distinct fashion. The idea was first introduced in the 1980s [94] and
has since grown into a research field of its own [9, 22, 62]. The first example of
SRR applied to MRI was described in a 2001 patent (filed in 1997) [24]. While SRR
methods have been studied in MRI for different applications, most work has con-
centrated on brain MRI [28, 32, 63, 64, 77, 78, 109]. This can be attributed to the fact
that SRR is highly dependent on accurate registration of the LR images [54, 76], and
in brain MRI a simple global motion model can be applied.

Recently, an SRR scheme based on rotation (rather than translation) of the slice
selection direction was extensively investigated in [83]. This scheme, yielding a
more effective sampling of the k-space, allowed the use of algebraic reconstruction
techniques from computed tomography, and the results confirmed the superior-
ity of rotated slice-stacks for SRR. The idea of [83] was extended to slice-stacks of
arbitrary orientations and displacements in [71] where they used a regularized re-
construction method and an efficient affine image transform to reduce resampling
artifacts.

While SRR in MRI is a developing field, showing its potential in resolution en-
hancement [31], a major question from the MRI community is whether SRR has any
advantage over direct HR acquisition when SNR and acquisition times are taken
into account. In this work, we experimentally compare the performance of vari-
ous SRR methods, and investigate their ability to improve the trade-off between
the mentioned imaging parameters compared to direct HR acquisition. After re-
viewing theoretical aspects of SRR in MRI, we briefly describe the six SRR methods
used in our investigation, and present our evaluation framework. The SRR meth-
ods have been selected as being representative of the work in SRR in MRI at the
time of writing. The evaluation of the methods is based on both phantom data
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(allowing quantitative comparisons) and on real image data (allowing qualitative
assessment).

2.2 Theory

2.2.1 Super-resolution in MRI

There is consensus [65, 81] that super-resolution in MRI is not achievable in-plane,
nor in true 3D acquisitions, since the Fourier encoding scheme excludes aliasing in
frequency and phase encoding directions. However, when image contrast require-
ments yield long repetition times (TR) (as in e.g. Tr-weighted images), it will be
significantly faster to acquire 2D slice-stacks than to acquire true 3D volumes, since
the acquisition of the slices can be interleaved. In 2D slice-stacks, the individual
slices are Fourier encoded, but in the through-plane direction there are no inherent
limitations on the frequency spectrum, and aliased frequencies may potentially be
recovered. The amount of aliasing depends on the slice profile which ideally is a
rect function for non-overlapping slices. However, since the slice profile is deter-
mined by the Fourier transform of the finite length slice selection pulse, it will be
only an approximation of the rect function. Due to the aliasing present when the
object is convolved with the slice profile, SRR is possible.

Several strategies can be adopted when acquiring data for an SRR experiment.
We argue, that by acquiring the LR data with rotational increments between the im-
ages, as introduced in [83], a more effective sampling of k-space is achieved than by
shifting the LR images by sub-pixel distances along the slice selection direction. The
latter approach corresponds to increasing the sampling density of the object after
convolving it with the slice excitation profile. The signal is thus merely oversam-
pled. If, on the other hand, the slice selection direction is rotated between each LR
image, then the narrow slice selection direction bandlimit of each image is oriented
in a different direction of the 3D frequency spectrum of the imaged object. In this
case, the LR data-set will contain high spatial frequencies in all three dimensions.

In a typical T,-weighted MR experiment, with an echo time (TE) of 50 ms and
a TR of 2500 ms, a maximum of about 40 slices can be acquired within the TR. To
reduce the slice thickness for a given volume (which is equivalent to increasing the
number of slices), while keeping the contrast (TR and TE) and the in-plane resolu-
tion fixed, the only option is to partition the volume into a number of slice pack-
ages, Ngp, and excite them one at a time. In this way, the acquisition time increases
by a factor Ngp. However, the slice thickness, and thus Ngp, is limited by SNR re-
quirements and the performance of the gradient. The SNR in the final image can be
improved by averaging a number of acquisitions, Navg. When an MR experiment is
constrained as described above, its total acquisition time Taq is given by

Tacq = TR Npg * Ngp - Navg ’ (2-1)
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where Npg is the number of phase encoding steps. The SNR depends not only on
Nayg but also on the slice thickness, h:

SNR o 1y / Navg - 2.2)

2.2.2 The imaging model

Noise

Geometric Down- T
~Transform| Blur _’sampling

Figure 2.1: The imaging model assumed in super-resolution reconstruction. Low-resolution im-
ages (right) are the result of geometric transformation, blurring, and down-sampling of high-
resolution images (left), and the addition of noise.

Since SRR is an inverse problem, it requires an acquisition model to estimate the
HR image underlying the LR images. The imaging model consists of three distinct
sub-models: a parameterization of the object space, a model of the physical acquisi-
tion process, and a statistical model that appropriately describes the noise. An MRI
image can be parameterized by a vector x of pixels (2D) or voxels (3D). The model
of the acquisition process A = DBM decomposes into a linear operator M, which
describes a geometric transform, a linear space-invariant blurring model B, and a
linear downsampling operator D (Fig. 2.1). According to [34] the noise n in MRI
can be assumed to be additive, white and Gaussian when the SNR > 3. Thus, the
acquisition of the k" LR image, yy, is described in vector form by

Yk = Ak X + ng. (23)

Solving the inverse problem corresponds to recovering x given the y; and Ag.
The problem can be formulated as an ordinary least squares (LS) problem,

N
x = argmin ) _ ||yx — Agx| 2, (24)
X k=1

which, vertically concatenating matrices Ay into A, vectors yj into y, and assuming
a Gaussian noise model, has the closed-form maximum-likelihood solution

x = (ATA)"1ATy. (2.5)
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Using additional prior knowledge about the solution, e.g. that it is smooth, Eqgs. (2.4)
and (2.5) generalize to

N
x =argmin y_ ||yx — Agx||* + A [|Cx|? (2.6)
X k=1
and
x = (ATA+ACTC) ATy, (2.7)

respectively, where C is a regularization operator formalizing the prior knowledge,
and A is a scalar weight. Eq. (2.7) is also known as the regularized LS solution.

A direct solution of Egs. (2.5) and (2.7) is generally infeasible, since A € R"*™,
where n and m are the number of voxels in the reconstruction (x) and in all the LR
images (y), respectively. Instead, iterative methods are usually applied to approxi-
mate the solution. In the following, we briefly review six such methods, including
two iterative back-projection methods, two algebraic reconstruction methods, and
two regularized LS solvers.

2.3 Methods

2.3.1 Super-resolution reconstruction methods

Iterative back-projection methods: One approach to solving the inverse problem
of SRR is to start from an initial guess of the HR image, then simulate N LR images
via Eq. (2.3) and use the difference between the simulated and the acquired LR
images to correct the HR estimate. The two steps are applied iteratively. Iterative
back-projection (IBP) [43] is one such method. It solves the LS problem of Eq. (2.4)

by

N
£ = %0 + Y™ Hep(yi — Ax), (2.8)
k=1
where Hpp is a back-projection kernel of choice, and superscript (1) indicates the
iteration number. IBP solves the LS problem and thereby implicitly takes the Gaus-
sian noise model into account. It has been noted [22] that with Hgp = AT, IBP is
equivalent to the steepest descent method. Our implementation follows [43] and
includes the proposed heuristic stabilization and noise reduction schemes.
As anon-regularized LS solver, IBP is sensitive to outliers. An alternative method,

termed robust super-resolution (RSR) [110], modifies IBP by exchanging its update
term with a pixel-wise median of the errors:

£+ = 1) 4 N« median{Hgp (yx — Ax ﬁ(l))}llc\jzl ' (2.9)

RSR approximates IBP and thus the LS solution. However, no analytical solution
exists for this method.
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Algebraic reconstruction methods: The classic algebraic reconstruction technique
(ART) is a special case of the projection onto convex sets (POCS) methods [44, 88].
It was introduced in image processing by Gordon et al. [30]. ART starts from an

initial guess, *(?), and then iteratively updates % one pixel at a time, via
- — (a;, %)
),Z](l+1) _ )A(](l) L AD Y ”<a,”,2x >aij, (2.10)

(1)

where % J denotes the j element in % in the It

iteration, a; is the i row of A, and

ajj is the (i, j)th element of A. ART converges to the minimum norm solution [38],
satisfying
% = argmin ||x||3 subjectto Ax=y, (2.11)
X

the minimum L norm thus functioning as a regularizer.

An ART implementation is easily extended into POCS by applying constraints
to Eq.(2.10) at each projection step [. In our implementation, we applied amplitude
and energy constraints as described in [88].

Regularized least squares methods: The term C in Eq.( 2.6) should incorporate
prior knowledge about the solution. When it does, the method is known as Tikhonov
regularization. The regularization term is usually some norm of an operation (e.g.
identity, first and second order derivative, Laplacian) on the HR estimate X. Regu-
larization makes the underdetermined problem of SRR less ill-posed, but has the
undesirable effect of smoothing sharp features in the image, such as step edges.
In our implementation of a Tikhonov-regularized LS solver (TIK), we used the L;-
norm of the second order derivative of the HR reconstruction as our regularization

term:
22x\2 22x \2 92x\?
lCx|)? = (a@) + (ar%) + (a@) , (2.12)

where r; is the spatial dimension over which the partial derivative is taken. We used
an average of the aligned and upscaled LR images as the initial HR estimate. The
regularized LS problem of Eq.( 2.6) was solved with the conjugate gradient method
and the transforms in A and AT were implemented using bilinear interpolation.

A recently proposed alternative SRR method (LASR) [71] also employs Eq.(2.12)
for regularization and the conjugate gradient method for solution of Eq. (2.6). How-
ever, this method applies A and AT by an affine transformation scheme that mini-
mizes aliasing and spectral distortions.

The experiments with TIK and LASR in this study, were all performed with little
regularization (A = 0.004), except for the in vivo experiments where A = 0.01. These
values were found by experimenting with a range of A-values and qualitatively
determining the best result.
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2.3.2 Evaluation framework

To evaluate whether SRR methods can decrease the slice thickness of MR images at
better SNR and timing trade-offs than direct HR acquisition, we devised an eval-
uation framework, using the relations established above (Egs. 2.1 and 2.2): 1) for
fixed field-of-view (FOV) and Nayg, the acquisition time scales inversely with slice
thickness, 2) for a fixed Nayg the SNR scales linearly with slice thickness, and 3) for
a given slice thickness, /i, the SNR increases with Navg and thus, using Eq.( 2.1),
with the acquisition time by /Tacq-

Quantitative Experiments: To quantitatively evaluate the performance of the SRR
methods, two types of data were used: 1) simulated acquisitions based on the well-
known computer generated Shepp-Logan phantom (SLP), and 2) MRI images of a
Varian phantom.

Simulations: The SLP experiments were performed to investigate the situation in
which the acquisition model is known exactly. In total, 24 anisotropic reformatted
LR slices of 128x32 pixels (frequency encoding direction x slice selection direc-
tion) were simulated from a 512 x512 pixel image, using rotation around the image
center (and the virtual phase encoding axis) in increments of 180/24 degrees (see
Fig. 2.2). Gaussian noise was added, such that the SNR was around 32 dB, which
is within the realistic range for an MRI experiment. From the 24 LR images, eight
sub-sets were created containing n = 1, 2, 3, 4, 6, §, 12, and 24 images, respec-
tively, such that the rotation increments within the sub-sets were 180/n degrees.
From each of these sub-sets, images of 128 x128 pixels were produced by each of
the six SRR algorithms, and by using a bilinear interpolation scheme (INT). To sim-
ulate direct HR acquisition (DAC), six images of 128 X128 pixels, covering the same
2D FOV as the LR simulations, were also produced from the 512x512 pixel image,
again by applying the imaging model. Averaging these images improves the SNR
of the resulting image. According to the inverse relation between slice thickness
and acquisition time, six averaged HR images take the same acquisition time as 24
LR images with four times thicker slices, see Fig. 2.2. This allowed us to compare
the SRR images with the averaged HR images within the same “acquisition time”
range.

MRI phantom acquisitions: A corresponding MRI experiment was performed using
the phantom, containing liquid-filled structures (water doped with copper sul-
phate) yielding homogeneous signal, surrounded by plastic and air, resulting in
signal void. LR data were acquired using a Tr-weighted 2D fast spin echo (FSE)
sequence on a clinical GE 3T system. TR was 2100 ms, TE was 27.4 ms, with an
Navg = 1 and Nsp = 1. The slice-stack consisted of 18 slices (4mm thick) with a
FOV of 128x128 mm, Npg = 128, and a resolution of 1.0x1.0x4.0 mm. The scan
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Figure 2.2: /llustration of the simulation and acquisition scheme of the quantitative experiments.
Upper row: 24 LR images are simulated/acquired while rotating the FOV around the phase-
encoding axis in increments of 180/24 degrees. Lower row: Six HR images of 4 times thinner
slices and 4 times longer acquisition time than the LR images are simulated/acquired, enabling
post-acquisition production of multiple averages images. Note that the image planes shown (both
LR and HR) are spanned by the frequency encoding and slice selection directions. The unit of the
time axis is TrR, the acquisition time of a single LR image.

time per stack (I r) was 73 s. The experiment was repeated 24 times, while the
slice-stack was rotated around the phase encoding direction in increments of ap-
proximately 180/24 degrees.

For analysis, eight sub-sets were picked from the 24 slice-stacks containing n =
1,2,3,4,6,8,12, and 24 stacks, respectively. Each sub-set was selected such that
the rotational increments between its slice-stacks were approximately equal. If we
denote the acquisition time of one LR image by Ty r, each sub-set thus had an ac-
quisition time of n T{ . Reconstruction of 1 mm isotropic resolution images from
the eight LR sub-sets allowed evaluating resolution and SNR as a function of the
acquisition time in the reconstructed images.

For quantitative comparison, isotropic reference images were acquired directly
at 1 mm slice thickness. Having four times thinner slices than the LR images but the
remaining imaging parameters identical to those of the LR images, these required
an acquisition time of 4 T; g each. For a given imaging sequence and resolution, con-
ventional MRI can improve the SNR only by averaging multiple images. Imaging
time increases linearly with the number of averaged images (Eq. (2.1)). This way,
the quality of direct acquisitions (DAC) could be evaluated at time points that were
multiples of 4 Ti g and spanned the same time range as the reconstructed images,
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Fig. 2.2.

Quantitative evaluation measures: We assessed the performance of the six described
SRR methods: IBP, RSR, ART, POCS, TIK, and LASR. We compared the SRR meth-
ods to simple bilinear interpolation of the data-sets (INT) and to directly acquired
HR data-sets (DAC). Resolution (in millimeters) was measured in each image as
the average width of 20 edge profiles, see Fig. 2.3. The edge-width of each profile
was computed by nonlinear LS fitting of the following sigmoid function [32, 83]:

a
1+ exp(—az(x —ay))’

f=a+ (2.13)

where 4.4/a3 is the width of the curve’s rise length from 0.1 to 0.9 for normal-
ized intensity values (a3 = 4.4 corresponds to a rise length of 1 pixel). The SNR of
the evaluation images was computed by dividing the mean of four high-intensity
foreground regions with the standard deviation of a background region. The fore-
ground and background regions-of-interest used for the calculation are visualized
in Fig. 2.3.

Figure 2.3: The edge-width measures are based on the intensity profile of 20 edge-crossing strips
as illustrated in the left figure. The SNR calculations are based on the high-intensity regions and
one background region as illustrated in the right figure.

Qualitative Experiments: To qualitatively evaluate the capabilities of the SRR meth-
ods, four LR data-sets were acquired of four different samples, using three different
scanners. In all cases the LR images were acquired just above the scanner systems’
lower limits on slice thickness. Reconstructions of HR images were thus aiming at
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surpassing these limits. As references, to assess the quality of the reconstructions,
data-sets were acquired, where the plane of interest in the reconstructions were
captured in-plane.

Phantom: The same phantom as described above was scanned using a T2-weighted
2D fast spin echo (FSE) sequence on a clinical GE 3T system. TR was 2100 ms, TE
was 36.5 ms, with Nayg = 1 and Nsp = 1. The 2D slice-stack consisted of 36 slices (2
mm thick), with a FOV of 128 x 128 mm, Npg = 256, and a resolution of 0.5x0.5x2.0
mm. The scan time per stack was 278 s. The experiment was repeated 12 times,
while the slice-stack was rotated around the phase encoding axis in increments of
approximately 180/12 degrees. SRR was performed on an isotropic HR grid of res-
olution 0.5x0.5x0.5 mm.

Post-mortem mouse: A whole-body scan of a post-mortem mouse was acquired on
a 7T Bruker Pharmascan system using a recovery FSE (frFSE) sequence. TR was
6648 ms, TE was 33 ms, with Nayg = 1 and Nsp = 1. The 2D slice-stack con-
sisted of 64 slices (0.5 mm thick), with a FOV of 50x32 mm, and a resolution of
0.125x0.125x0.5 mm. The scan time per stack was 213 s. The slice-stack was ro-
tated around the phase encoding axis in 24 uniform increments of 180/24 degrees.
Due to the scanner’s limited FOV, the mouse was scanned in three sections (head,
chest, lower abdomen). SRR was performed on each section separately on isotropic
HR grids of resolution 0.125x0.125x0.125 mm.

Ex vivo rat knee: An ex vivo rat knee, into which cells labeled with super-paramagnetic
iron oxide (SPIO) particles were injected, was acquired on a 7T Varian animal sys-
tem with a fast recovery FSE (frFSE) sequence. TR was 5600 ms, TE was 7.1 ms, with
Navg = 1and Nsp = 1. The 2D slice-stack consisted of 24 slices (0.4 mm thick), with
a FOV of 26x26 mm, Npg = 256 and a resolution of approximately 0.1x0.1x0.4
mm. The scan time per stack was 252 s. The slice-stack was rotated around the
phase encoding axis in 12 increments of approximately 180/12 degrees. SRR was
performed on an isotropic HR grid of resolution 0.1x0.1x0.1 mm.

In vivo mouse brain: To gain preliminary insight into the potential of in vivo applica-
tion of SRR in MRI, brain images of a living mouse were acquired on a 7T Bruker
Pharmascan system using a RARE T1 weighted spin echo sequence. TR was 680
ms, TE was 8.7 ms, Nayg = 4 and Nsp = 1. The 2D slice-stack consisted of 21 slices
(0.5 mm thick), with a FOV of 150 %256 mm, Npg = 150 and a resolution of approx-
imately 0.1x0.1x0.5 mm. The scan time per stack was 210 s. The slice-stack was ro-
tated in 8 increments of approximately 180/8 degrees around the frequency encod-
ing axis. SRR was performed to an isotropic HR grid of resolution 0.1x0.1x0.1 mm.
As a reference for the anatomical structures seen in the reconstructions, a RARE 3D
T1 weighted gradient echo image was included in the experiment. The resolution
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was 0.1x0.1x0.1 mm, TR was 30 ms, TE was 3.6 ms, and Nayg = 4.

2.4 Results

2.4.1 Quantitative results on simulations

The evaluation results of the simulation experiment are summarized in Fig. 2.4,
which shows the resolution and SNR of the SLP reconstructions versus “acquisi-
tion time”. All SRR methods achieve large resolution improvements for acquisition
times up to 4 Ty r. Especially the regularized least-squares methods (TIK, LASR),
and the iterative back-projection methods (IBP, RSR) achieve substantial resolu-
tion improvements, around a factor 2; the algebraic reconstruction methods (ART,
POCS) in contrast, result in far less resolution gain. Beyond 4 T g LASR, IBP, and
RSR reconstructions show only modest resolution gains. Only the TIK reconstruc-
tions eventually achieve a resolution of 1 mm. This happens around 10 Ty g, and at
24 Tir the resolution is around 0.83 mm. The measured resolution of the directly
simulated HR images (DAC) is around 1.18 mm for all time points. It is surpassed
by TIK reconstructions around 6 T1 . Standard bilinear interpolation (INT) has vir-
tually no resolution enhancing capabilities. In terms of SNR, both IBP and RSR
reconstructions show considerable improvement over the entire time range. TIK,
LASR, and ART reconstructions show a modest upward trend, while the SNR im-
provement of the POCS reconstructions is more pronounced. INT images have a
high SNR that increases with increased acquisition time.

2.4.2 Quantitative results on phantom MRIs

The performance of the six SRR methods, bilinear interpolation, and direct acquisi-
tion on the Varian phantom data is shown in Fig. 2.5. The general trends are similar
to those found with the SLP reconstructions. Only the SNR curves of TIK and LASR
reconstructions are different between the SLP and Varian plots. For reference, the
graphs also include the theoretical curves (THEO) of isotropic 1.2, 1.3, and 1.4 mm
resolution images. It can be observed that the TIK reconstructions surpass the mea-
sured resolution of the DAC images around 15 T g while its SNR at that point is
more than 6 dB higher than that of the DAC images. Furthermore, it can be ob-
served how TIK reconstructions reach a resolution of 1.2 mm already at 5 T . For
acquisition times beyond 12 Ty g, the measured resolution of IBP reconstructions is
around 1.2 mm, while the SNR for this method at 12 T r is 3.0 dB higher than that of
a direct acquisition of 1.2 mm isotropic resolution. At 24 Ty R, this difference is even
4.8 dB. From 4 Ty R to 8 Ty g, the IBP reconstructions reach a measured resolution of
approximately 1.3 mm, while the corresponding SNRs are only slightly (0.5-0.8 dB)
higher than that of the theoretical 1.3 mm resolution image.
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Figure 2.4: Resolution (left) and SNR (right) of the six SRR methods and bilinear interpolation
(solid curves) as a function of acquisition time compared to direct HR imaging (dashed curves)
for the computer generated SLP data. The unit of time along the x-axis is Tr g (the time required
to acquire one LR image).

2.4.3 Qualitative results

The results of the three qualitative experiments are presented in Figs. 2.6, 2.7, and
2.8. The images in Fig. 2.6 show a detail of radial lines from the Varian phantom
and confirm the quantitative results presented in the previous section. The strik-
ing improvement in resolution achievable by SRR is clear by comparison with the
reference anisotropic LR image, in which the lines can be resolved only when they
are perpendicular to the HR dimension of the image. Moving along the radial lines
toward the center, at some point the ability to resolve the lines is lost. This point
occurs earlier for the reconstructions than for the image where the radial lines are
captured in-plane, showing that the latter still has somewhat higher resolution in
that plane. The TIK and IBP reconstructions, which had the highest resolution in the
quantitative evaluation, are sharper than the other reconstructions, and have good
contrast. Over the entire time range, we found that TIK and LASR reconstructions
were the most qualitatively pleasing.

Fig. 2.7 shows the results of the experiments (reconstructed with TIK) on a post-
mortem mouse. The sample axial slices demonstrate that the quality of the recon-
structions clearly improves when an increasing number of LR images is used. In
agreement with the results of the quantitative experiments, it can be observed that
the quality improvement is substantial going from 2 to 8 LR images, while a smaller
effect is seen when going from 12 to 24 LR images. Again, the highest resolution is
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Figure 2.5: Resolution (left) and SNR (right) of the six SRR methods and bilinear interpolation
(solid curves) as a function of acquisition time compared to direct HR imaging at 1 mm (black
curve) and 1.2, 1.3, 1.4 mm (from lower to upper dashed curves) for the MRI data of the physical
Varian phantom. The unit of time along the horizontal axis is Ty g (the time required to acquire
one LR image).

achieved by direct acquisition with the slice of interest in-plane.

Sample results (reconstructed with TIK) of the experiments on an ex vivo rat
knee with SPIO-labeled stem cells inside are shown in Fig. 2.8. The cell cluster is
visible as a darker shadow in the sequence of reformatted LR slices (top row). In
the sequence of SRR images (middle row) the cell cluster is considerably better
visualized. The bottom row shows an LR acquisition where the slice selection and
phase encoding directions were interchanged such that the FOV of the reformatted
images in the top row was captured in-plane. In the first of these two slices, the cell
cluster is clearly visible. However, the distance between consecutive slices is large,
and in the second slice the cell cluster is hardly visible.

Finally, the results of the in vivo mouse brain experiments are shown in Fig. 2.9.
The reconstructions of all tested methods are included and show characteristics
similar to those of the MRI phantom. In all cases, a clear improvement is seen
from the LR images to the reconstruction results. TIK and LASR reconstructions are
sharper than ART and POCS reconstructions, and less noisy than IBP and RSR re-
constructions. The LASR reconstruction is slightly smoother than that of TIK. Com-
paring with the isotropic 3D acquisition, the reconstructions reproduce the anatom-
ical structures seen in that image with a reasonable degree of accuracy.
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2.5 Discussion

In this study we have shown that SRR indeed provides advantages over direct HR
acquisition when SNR and acquisition time are taken into account. While the per-
formance of SRR compared with that of direct acquisitions has been studied before
[32], no framework has previously been presented in the literature that allows thor-
ough analysis of the relations between resolution, SNR, and acquisition time. So
far, the net practical advantage of using SRR has thus remained unclear. To enable
a thorough investigation of this, we designed the evaluation framework presented
in this work. Image quality evaluation is notoriously tricky, the quality cannot be
captured by any one single measure. In our framework we therefore included both
quantitative and qualitative comparisons between SRR and direct HR acquisitions.

Our quantitative results suggest that SRR enables surpassing the resolution
achieved by direct HR acquisition. This confirms the results of [32]. Quantitative
experiments (Fig. 2.5) show that the reconstructions of one SRR method (TIK) sur-
passes the resolution of the direct HR acquisition, while having substantially higher
SNR (> 6 dB) at that time point. However, comparing Fig. 2.6-h with Fig. 2.6-a, this
result is not confirmed. The reason for this discrepancy is most likely that the TIK
algorithm implicitly applies a sharpening filter and amplifies high-frequency con-
tent excessively. This results in overshoot (Gibbs ringing) artifacts at step edges in
the reconstructions, causing the sigmoid function to fit to a more steeply rising edge
and thus underestimate the edge-width.

The IBP reconstructions do not surpass the resolution of the direct acquisition
but approaches and slightly surpasses a resolution of 1.2 mm, while achieving an
SNR of 3.0-4.8 dB higher than a theoretical 1.2 mm resolution direct acquisition, in
the same total acquisition time. As such, the quantitative results in Figs. 2.4 and 2.5
show a clear improvement in the resolution-SNR-acquisition time trade-off.

The experimental results (in particular those illustrated in Figs. 2.6 and 2.8)
highlight the benefits of isotropic resolution. When small structures are to be vi-
sualized with MRI, SRR methods can be employed to surpass the limits on slice
thickness imposed by the scanner system or protocol. The LR images of all four
qualitative experiments have been acquired just above the slice thickness limit and
by SRR reconstructed to isotropic resolution below that limit. In this way, the use
of SRR alleviates the need for careful orientation of the object or acquisition planes,
relaxing experimental conditions.

The ability to compare the performance of SRR methods within the resolution-
SNR-acquisition time trade-off space is an additional result of our study. In this
work we have compared six SRR methods representative of those found in the liter-
ature. The IBP and RSR methods use the data as the only constraint on the solution,
while TIK and LASR incorporate prior knowledge as regularization terms. In the
latter case, a smoother, lower resolution, solution can be expected. However, using
low A-values, the effect of the regularization is limited. ART and POCS yielded the
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overall poorest resolution results. For all six methods, we found that using as few
as four LR images for the reconstruction yielded substantial improvements in res-
olution. This may be related to the anisotropy factor of the LR images, which was
also four in our experiments.

The choice of using the phase encoding axis as the axis of rotation of the LR ac-
quisitions was deliberate for the ex vivo mouse scans. These were acquired in three
parts with a FOV smaller than the whole length of the mouse body. By choosing
the orientation of the read-gradient in the head-foot direction, aliasing was avoided.
This choice causes chemical shift artifacts to change between the LR images and po-
tentially leads to blurring of the reconstructions. We have, however, not observed
this effect in our experiments. By instead choosing the frequency encoding axis as
the axis of rotation, the phase encoding axis changes direction in each rotated slice-
stack. The related change in direction of the motion blurring artifacts between the
slice-stacks, is expected to increase motion blurring when the subject is moving.
We tested this setup in our in vivo reconstructions but did not observe pronounced
blurring.

Good agreement was found between the results of the quantitative experiments
on the computer generated phantom (SLP) and the real phantom (Varian) (cf. Figs. 2.4
and 2.5). The results of the qualitative experiments also confirmed the findings of
the quantitative experiments (cf. Figs. 2.5 and 2.6). This is in line with a previous
observation that the performance of SRR methods on real MRI data can be pre-
dicted accurately by measuring the performance on simulated data if an appropri-
ate model of the imaging system is available [97], and suggests that for future SRR
algorithm development and testing it is valid to use simulated phantoms in the
initial stages and postpone costly MRI experiments to the final stages.

In vivo mouse brain experiments were included in this study to get an idea of
the potential of applying SRR in more practical research settings. We deliberately
did not include these experiments in the trade-off investigation, since an entirely
new set of problems related to motion and blood flow are expected when working
with in vivo data. The results, however, were encouraging: we did not observe any
motion related artifacts in the reconstructions, and the reconstructions reproduced
the anatomical structures seen in the reference 3D acquisition with reasonable ac-
curacy. The experiment shows that in principle SRR is possible in live animals. The
brain, in particular, seems to lend itself nicely to SRR as pulsatile and breath in-
duced motion is limited compared with in the body, and effective means for animal
fixation are available. Our results opens the field for further experiments in this
category.

A complete study of the performance of SRR in MRI is an immense task. Ex-
tensive quantitative and qualitative experiments have already been performed in
[83], that focused on optimizing the acquisition of the LR data, considering the
number of slice-stacks, the slice thickness, SNR in the LR images and more. In this
study, we have constrained ourselves to studying the resolution-SNR-acquisition
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time relationship, and kept all other parameters fixed. These constraints clearly re-
move much of the flexibility normally available in an MRI experiment but they
are necessary to consistently investigate isolated aspects of the imaging process.
Future studies of SRR in MRI should include rigorous comparisons of SRR versus
specific experimental acquisition schemes (high-resolution 3D and interlaced slice
acquisition schemes, different sequence etc.). SRR may prove particularly useful for
MRI methods that inherently suffer from long acquisition times, such as fast spin
echo techniques (FSE, RARE), and inversion recovery methods (FLAIR, IR-SE), es-
pecially when SNR requirements forces the averaging of multiple acquisitions and
thereby prolong the acquisition time. Apart from comparing SNR, CNR, resolution
and acquisition time, future studies should also look into the experimental factors
influencing the real and reconstructed image quality, such as physiological noise,
pulsatile motion (heart, blood flow), slice-to-slice interference, etc.

In conclusion, we have shown that SRR is capable of providing better trade-
offs between resolution, SNR and acquisition time than direct HR acquisition, and
is particularly useful when limits on slice thickness and the number of slices are
imposed by the scanner system or protocol. We have not been able to reproduce
earlier results in which SRR reconstructions surpass the resolution of directly ac-
quired high-resolution images, and suspect that these results could be influenced
by a bias toward overshoot in the resolution measure. We have demonstrated SRRs
potential in application to in vivo MRI, and provided directions for future research
in SRR in MRI. Finally, by the presented evaluation framework we provide a proto-
col for quantitatively evaluating and comparing the performance of SRR algorithms
in MRL
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Figure 2.6: Visual impression of the performance of the SRR methods on the Varian phantom
data. The panels show: (a) the structure of interest in the HR plane of a direct acquisition, (b)
the structure of interest in the LR plane, and the results of (c) INT, (d) IBR, (e) RSR, (f) ART, (g)
POCS, (h) TIK, and (i) LASR, based on 12 LR images. The intensities of each image have been
scaled according to the mean value of a homogeneous high-intensity region in the image.
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Figure 2.7: Axial slices of the full-body mouse scan. The images show: (a) a slice from a direct
acquisition with thick slices but high resolution in the plane shown, (b) one of the LR acquisitions,
and the results of TIK using (c) 2, (d) 3, (e) 4, () 6, (g) 8, (h) 12, and (i) 24 LR images.
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Figure 2.8: Potential of SRR demonstrated on ex vivo data of a rat knee with SPIO-labeled
cells (green arrows). Top row: a sequence of reformatted 2D slices of anisotropic LR acquisition.
Middle row: corresponding SRR slices, reconstructed using 12 LR images and the TIK method.
Bottom row: two slices of anisotropic reference acquisition with target resolution in the plane
reconstructed above. The three sequences all cover approximately the same spatial volume.
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Figure 2.9: Axial slices of in vivo mouse brain. The images show: (a) a direct HR 3D acquisition,
(b) one of the eight LR acquisitions, and reconstructions with (c) INT, (d) IBF, (e) RSR, (f) ART,
(g) POCS, (h) TIK, and (i) LASR, using 8 LR images.
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3D inversion recovery spin echo
manganese-enhanced MRI of the mouse brain
using super-resolution reconstruction

Based on:

E. Plenge*, D. S. Poole*, D.H.]. Poot, E.A.].F. Lakke, W.J. Niessen, E. Meijering,
L. van der Weerd. 3D inversion recovery manganese-enhanced MRI of the mouse
brain using super-resolution reconstruction to visualize nuclei involved in higher
brain function. In review.

Abstract

Visualization of activity in the mouse brain using inversion recovery spin echo (IR-
SE) manganese-enhanced MRI (MEMRI) provides unique contrast but suffers from
poor resolution in the slice encoding direction. In this study, we investigate whether
super-resolution reconstruction (SRR) of IR-SE MEMRI can improve the visualiza-
tion of mouse brain nuclei involved in higher brain function. Quantitative exper-
iments were performed on a phantom containing compartments of various man-
ganese concentrations. Depending on the inversion time of the IR-SE acquisitions
and the manganese concentration, the SRR IR-SE images showed better contrast
than the conventional 3D GE acquisition that was used for comparison. In vivo
experiments were performed using mice that had received manganese using an
implanted osmotic pump. The results show that SRR works well as a resolution-
enhancing technique in IR-SE MEMRI experiments. The SRR IR-SE image visual-
izes a number of brain structures more clearly than the 3D GE image, including
nuclei involved in specific higher brain function.

* Authors labeled with an asterisk (*) contributed equally to this work.
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3.1 Introduction

Manganese-enhanced MRI (MEMRI) is commonly used in rodent studies to visu-
alize neuroarchitecture, neuronal tract tracing, and neuronal activation. Mn2t acts
asa CaZt analog and upon neuronal activation, Mn2t ions enter the neuronal cells
through voltage-gated Ca?" channels. Since the efflux of intracellular manganese is
slow [89], Mn?* will reside in the cells for days after accumulating in regions of the
brain which have been activated. This has the advantage that brain activation per-
formed outside the scanner in awake animals over multiple days can be visualized
[7, 33,41, 60].

In MEMRI studies, T1-weighted 3D gradient-echo (GE) [33, 42, 60, 90, 102, 106]
or spin echo (SE) sequences [7, 52, 84, 96, 100] are most commonly used. A few
groups have demonstrated that inversion-recovery spin echo (IR-SE) could pro-
vide superior image contrast [2, 52, 91]. For IR-SE sequences, however, in vivo 3D
imaging is not possible within reasonable amounts of time, and instead multi-slice
2D images are acquired. The relatively thick slices of such images result in large
partial volume effects which severely hampers visualization of sub-slice-thickness
details.

Recently, an image post-processing technique called super-resolution reconstruc-
tion (SRR) has been demonstrated to improve visualization of the in vivo mouse
brain [69]. SRR is the process of producing a high-resolution 3D MRI from a series
of 2D slice-stacks, where each slice-stack transforms and samples the image space
differently. A major benefit of using SRR in MRI is the possibility of going beyond
the resolution limits of the scanner in the slice selection direction. There is con-
sensus [65, 81] that super-resolution in MRI is not achievable in-plane, nor in true
3D acquisitions, since the Fourier encoding scheme excludes aliasing in frequency
and phase encoding directions. However, in 2D slice-stacks in the through-plane
direction there are no inherent limitations on the frequency spectrum, and aliased
frequencies may potentially be recovered.

The aim of this study is to show that isotropic high-resolution 3D IR-SE images
can be constructed by SRR using several 2D slice-stacks acquired in a time-frame
compatible with in vivo experiments. Additionally, we aim to show that the IR-
SE SRR images offer better contrast properties than the widely used gradient echo
images, and as such constitutes a complementary imaging method.

3.2 Materials and methods

3.21 T1 measurements of the mouse brain after manganese ad-
ministration

To determine the optimal IR parameters, one mouse received a cumulative dose of
300 mg MnCl, /kg body weight (Sigma Aldrich, St Louis, MO, USA) via subcuta-



3D IR-SE MEMRI of the mouse brain using SRR 31

neously implanted 1007D Alzet osmotic pumps (DURECT Corporation, Cupertino,
CA, USA) over 120h, as described in [70]. At the end of this period, T1 and T2 maps
were acquired of one representative slice of the mouse brain using a multi-echo
multi-TR RARE sequence on a 7T Bruker Pharmascan (Bruker, Ettlingen, Germany)
connected to a computer equipped with Paravision 5.1 software (Bruker, Ettlingen,
Germany). The following parameters were used: repetition time (TR)/echo time
(TE) = 100,300,600,900,2000 ms /5,10,15,20,25,30 ms and a flip angle of 180°. The
5 X 6 acquired images were processed in Paravision 5.1 to obtain the T1 and T2
map. The region of interest analysis of the map revealed discrete T1 values be-
tween 650-750 ms, 900-1000 ms, 700-900 ms, 650-700 ms, 850-900 ms, 600-900 ms
in the olfactive bulbs, cortex, hippocampus, superior colliculus, inferior colliculus
and cerebellum, respectively.

3.2.2 Phantom experiments

We constructed a 2% agar phantom consisting of several isolated compartments
containing manganese concentrations of 0.37 mM, 0.34 mM, 0.27 mM and 0.24 mM
MnCl,, with measured T1 values of 650, 720, 900 and 1000 ms, respectively. T1
values were measured with the same sequence as described above. The phantom
was based on the findings in the pilot experiment described above, and the T1 val-
ues were chosen to cover the whole spectrum of values found in the manganese-
enhanced brain. Three sets of 24 IR-SE slice-stacks with varying inversion times (T1)
of 650 ms, 850 ms, and 1100 ms were acquired with the rest of the parameters being
fixed (TR/TE = 2700/8 ms, 1 average, 30 slices of Imm thickness, no gap, field of
view (FOV) =40 x 30 mm, matrix size = 200 x 150, in-plane isotropic resolution of
0.2mm/ pixel, acquisition time (TA) per stack = 6 min). In each of the three sets, the
slice-stacks were rotated in 24 increments of 180/24 degrees around the frequency
encoding axis, see Fig. 3.1. From sub-sets of these 24 rotated acquisitions, images
were reconstructed on an isotropic 0.2 mm resolution grid using SRR. The sub-sets
contained 6, 8, 12, and 24 images; for all these sub-sets the rotations for each slice-
stack were uniformly distributed.

LR 1 LR 2 LR 3 LR 12 LR 13 LR 14 LR 22 LR 23 LR 24

Figure 3.1: /llustration of the rotated acquisition scheme. 24 anisotropic slices of the LR phantom
acquisitions are shown. Rotation is performed around the phase encoding axis.

For comparison, a 3D GE (FLASH) T1W image was acquired (TR/TE = 30/3.2
ms, flip angle = 30, 4 averages, FOV =40 x 30 x 30 mm, matrix size = 200 x 150 x
150, isotropic resolution = 0.2 mm, TA = 45 min). All images were obtained with
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a 7T Bruker Pharmascan (Bruker, Germany), using a 23 mm birdcage transmit-
receive coil.

3.2.3 In vivo experiments

Two mice received a cumulative dose of 300 mg MnCl, /kg body weight (supplier
MnCl,) via subcutaneously implanted 1007D Alzet osmotic pumps (DURECT Cor-
poration, Cupertino, CA, USA) over 120h, as described in [70]. At the end of this
period, the mice were scanned on a 7T Bruker Pharmascan (Bruker, Germany) us-
ing MRI protocols described below.

For reconstruction, sets of 2D stacks were acquired using an IR-SE sequence
with a TR/TE/TI of 2700/8/670 ms, 1 average, FOV = 20 x 15 mm, matrix size
200 x 150, in-plane resolution of 0.1 mm and 30 slices with 0.5 mm slice thickness
(no gap), with a TA = 6.75 min. The inversion time was chosen for optimal contrast
in the hippocampal formation, based on the phantom experiment described above.
12 slice-stacks were acquired by rotating the field-of-view in uniform increments of
180/12 degrees around the phase encoding direction (inferior-superior).

For comparison, two additional scans have been acquired: a) a 2D IR-SE scan as
described above, with 4 averages; b) a 3D T1W GE scan using a 3D FLASH sequence
with a TR/TE of 30/3.6 ms, a flip angle of 30°, FOV =20 x 15 x 12 mm, matrix size
200 x 150 x 120, an isotropic resolution of 0.1 mm, 5 averages, and a total scan time
of 45 minutes. The field of view has been reduced for all the in vivo scans in order
to acquire more anatomical detail, and this allowed also the addition of an extra
average, so that the total scan time remained identical with the phantom scans.

3.2.4 Super-resolution reconstruction

SRR relies on two things: a set of acquisitions of the same scene/object that can be
merged into a higher resolution image, and a model of the imaging process that
can be used to solve the problem of merging the images in the most optimal way.
By acquiring the LR data with rotational increments between the slice-stacks, as
introduced in [83], a more effective sampling of k-space is achieved than by shift-
ing the LR images by sub-pixel distances along the slice selection direction. In this
work the slice-stacks were acquired using a rotated acquisition scheme. The imag-
ing model consists of three distinct submodels: a parameterization of the object
space, a model of the acquisition process, and a statistical model that appropriately
describes the noise. An MRI image can be parameterized by a vector x of pixels
(2D) or voxels (3D). The model of the acquisition process is given by a linear oper-
ator A = DBM, in which M describes a geometric transform, B is a space-invariant
blurring model, and D is a downsampling operator. According to [34] the noise n in
MRI can be assumed to be additive, white and Gaussian when the SNR > 3. Using
and, the acquisition of the kth LR image, y, can thus be described in vector form
by yx = Agx + ng
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The objective in SRR is to solve the above equation over all k for x. In general, a
direct solution of this problem is not feasible since A € R"*™, where n and m are the
number of voxels in the reconstruction (x) and in all the LR images (y), respectively.
Instead, iterative methods are usually applied to approximate the solution. Here we
apply the low aliasing SRR scheme described in [71]. The SRR method is extended
with a bias-field correction step removing inhomogeneities over the each of the
images caused by the variations in coil sensitivity.

3.2.5 Quantitative evaluation measures

For quantitative evaluation of the phantom data we have applied a number of mea-
sures to the phantom reconstructions and the directly acquired GE image. The mea-
sures are based on cuboid sub-regions, (), of the image regions A, B, C, and D
in Fig. 3.2. These regions contain manganese concentrations corresponding to T1
times of 1000 ms, 900 ms, 720 ms, and 650 ms , respectively. To obtain an accurate
measure of the image noise, a large homogeneous sub-region of D was chosen. In
the following, std(Q)x) and mean(Q2x) denote the standard deviation and mean of
the sub-region, (), respectively, in the image region X, where X € A, B,C, D.

¢ Noise: std(Q)p)

¢ Signal-to-noise ratio (SNR): mean(Q ) / std(Q2p)

¢ Contrast: mean(Q)x) — mean(Qy)

¢ Contrast-to-noise ratio (CNR): (mean(Qx) — mean(Qy)) / std(Qp)

¢ Resolution: the average width of 20 edge profiles extracted from a slice in
the image. The edge width of each profile was obtained by fitting a sigmoid
function [69].

3.2.6 Qualitative evaluation

The SRR image and the GE image were rated by an experienced neuroanatomist
(E.L.) for the visibility of the brain nuclei listed in Table 1, on a 3-point scale: not
visible (—), visible but cannot be delineated (4+—), or visible and can be delineated
(4). The neuro-anatomist was requested to list and rate all the visible nuclei in the
mouse brain. To avoid a potential bias towards one of the sequences, he was not
informed about the aims of this study. Both the coronal and the axial views were
used together in order to identify (coronal slices) and confirm (axial slices) the nu-
clei. In addition, a relative rating was done, specifying which of the two techniques
provided the best contrast for each individual structure.
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Figure 3.2: The noise, contrast, SNR and CNR calculations are based on measurements inside
the rectangles of the left sub-figure. The resolution measure is based on intensity profiles of 20
edge crossing strips in the right sub-figure.

3.3 Results

3.3.1 Quantitative results of phantom acquisitions

Fig. 3.3 shows example slices from corresponding locations in the GE acquisition
and in SRR reconstruction of IR-SE acquisitions with varying TIs of 650 ms, 850 ms,
and 1100 ms using 24 slice-stacks. In the following we shall refer to the IR-SE re-
constructions of varying TIs as TI650, T1850 and TI1100, respectively. It is seen how
the contrast between the regions (D and A in Fig. 3.3) of low (0.24 mM) and high
(0.37 mM) manganese concentrations is considerably higher in the reconstruction
of the TI650 images than in the other IR-SE images and the GE image.

This observation is confirmed by the quantitative results in the middle row of
Fig. 3.4. Here, it can be seen that the contrast between regions A and D is almost
two times higher in the TI650 images than in the GE image. The difference in CNR
is not as pronounced because of the higher noise of TI650 images. Compared to
T1850 and TI1100, both contrast and CNR are higher in the TI650 images.

Contrast and CNR has also been measured between regions of smaller differ-
ence in manganese concentrations. In regions A and B the manganese concentra-
tion is 0.37 mM and 0.34 mM, respectively, resulting in T1 values of 650 and 720 ms.
In regions C and D the concentrations are 0.27 mM and 0.24 mM, with T1 values
of 900 and 1000, respectively. The results of these measurements are shown in the
upper and lower rows of Fig. 3.4. The contrast between the regions with high man-
ganese concentration A and B, is best in the GE images, while the contrast between
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Figure 3.3: Phantom juxtaposition: From top-left to bottom-right: GE scan, and IR-SE SRR im-
ages of TI=650 ms, TI=850 ms, TI=1100 ms. The four compartments, labeled A, B, C, and D,
contain manganese concentrations of (A) 0.37mM, (B) 0.34mM, (C) 0.27mM and (D) 0.24mM
MnCh, characterized by T1 values of 650, 720, 900 and 1000 ms, respectively. Each SRR image
was reconstructed from 24 rotated LR images. The contrast in each image has been normalized
to the range of the minimum and maximum intensities of the image.

regions of low concentrations, C and D, as well as the contrast between regions of
high versus low concentrations, A and D, is best for the TI650 images. While these
rankings hold for the CNR as well, it must be noted that the CNRs between these
regions are low, especially between the low concentrations regions where it is < 1,
making detection of small structures very difficult (see section 3.4).

Fig. 3.5 groups measurements of noise, SNR, resolution, and acquisition time
of the IR-SE images and the GE image. Due to implicit averaging performed by
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the SRR algorithm when redundant information is available (when we use more
LR images than strictly necessary to cover the k-space), the noise in the recon-
structions decreases. This explains the corresponding increase in SNR (and CNR
in Fig. 3.4). The resolution of the images reconstructed by SRR increases substan-
tially compared with the interpolated images. Even when only 6 LR images are
used for the reconstruction, the resolution is substantially increased. Finally, in the
lower right sub-figure of Fig. 3.5, the acquisition times are given to allow assess-
ment of the acquisition time/image quality trade-off. Measurements on a single LR
image, up-sampled by cubic interpolation to HR grid size, have been included in
Figs. 3.4 and 3.5 (1 LR group) for reference.

3.3.2 Qualitative results of in vivo acquisitions

Fig. 3.6 shows corresponding coronal and axial slices extracted from the 2D ref-
erence scan, the SRR image and the GE image. The resolution enhancement due to
SRR is obvious. Though the SRR image has a lower SNR than the GE image, a num-
ber of brain structures are more clearly discernible from the surrounding tissues in
the SRR image than in the GE image. To exemplify the unique contrast properties
of IR-SE MEMRI, arrows have been used in Fig. 3.7 to indicate the location of a
number of identified nuclei. For the complete list of identified nuclei, please refer
to Table 1.

In the present study, the MRI images were primarily inspected in the coronal
direction, as this orientation corresponds to most histological brain atlases and is
the most familiar orientation for neuroanatomists. Axial slices have been used to
confirm the findings. A total of 41 nuclei were identified in either the GE (32 nuclei)
or the SRR IR-SE image (32 nuclei). The visualization of these nuclei were subse-
quently compared between the images. Out of these 32 nuclei identified in the GE
image, 9 are visible only in the GE image, 6 are best visible in the GE image, and 12
are equally visible in the GE and SRR IR-SE images. On the other hand, there are 9
nuclei which are visible only in the SRR IR-SE image, and 5 that are best visible in
that image. With the TI chosen in this study, the following regions became visible
in the reconstructed IR-SE image: the primary and secondary motor cortex, nucleus
accumbens, the hypothalamic paraventricular nucleus, the periaqueductal grey, the
superior and the inferior colliculi, substantia nigra, and the nuclei of lateral lemnis-
cus. Also, the visibility of the following nuclei was improved: the nucleus of the
lateral olfactory stria, the islands of Calleja in the olfactory tubercle, the habenula,
the ventral pallidum and the central grey of the pons. The significance of this mod-
ified contrast for scientific neurological investigations will be discussed below. A
list of biological functions, based on textbook literature [45], has been included for
each mentioned nucleus/region.
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Figure 3.6: Axial (top row) and coronal (bottom row) slices of the mouse brain. Left: Anisotropic
LR IR-SE acquisition using 4 averages. Middle: SRR IR-SE image using 12 LR images. Right:
GE image. Note that the LR IR-SE and the SRR IR-SE slices do not correspond exactly due to
a small rotational offset around the inferior-superior axis. The contrast in each image has been
normalized to the range of the minimum and maximum intensities of the slice.
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Figure 3.7: Comparative cranial view of the main brain nuclei (partially) visible in the GE T1W
image (two left columns) and the SRR IR-SE image based on 12 rotations (two right columns).
The Bregma coordinate is specified under each image. The abbreviations used in the image are
specified below. Gl: glomerular layer of olfactory bulb; GIA: glomerular layer of accessory olfac-
tory bulb; Epl: external plexiform layer of the olfactory bulb; BST: bed nucleus of stria terminalis;
pir: piriform cortex; lo:lateral olfactory tract; LGP: lateral globus pallidus; Sch: suprachiasmatic
nucleus; MHb: medial habenular nucleus; Ce: central amygdaloid nucleus; Rt: reticular nucleus
of thalamus; Sl: substantia innominata; ZI: zona incerta; CAZ2: field CA2 of hippocampus; CA3:
field CA3 of hippocampus; VLL: ventral nucleus of lateral lemniscus; Pn: pontine nuclei; GCL:
granular cell layer of the cerebellum.
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3.4 Discussion

3.4.1 Phantom experiments

For a well-chosen TI, in our case 650 ms, IR-SE yields better contrast than a GE
sequence. Using SRR, the resolution of the IR-SE images can be improved dramati-
cally, making these images a potential alternative to GE imaging in MEMRI. In the
quantitative experiments of this study, we have confirmed results from previous
studies [91] showing the unique and superior contrast of IR-SE MEMRI. In addi-
tion, we have shown that using SRR we can achieve a resolution that is close to
that of the GE image, within an acquisition time that is compatible with in vivo
experiments.

As seen in Figs. 3.4 and 3.5, there seems to be a correlation between the contrast
and the noise in the images. The high-contrast TI650 images, for example, have a
high noise-level as well. These images also have a slightly lower resolution than the
TI1850 and TI1100 images. There is no theoretical optimum in the trade-off between
contrast, noise and resolution but as a rule of thumb, the well-established Rose
criterion [35] requires a minimum “visibility” of around 4 for detection of an object
by human observers. An object’s “visibility” depends on the CNR and the size of
the object in number of voxels, N, and is defined by CNRVN. In 3.4, we see that
the CNR between regions A and D is well above 4 for all IR-SE images and the GE
image, and it is very likely that single voxel objects (N = 1) can be distinguished.
As for the regions A and B, the CNR of the IR-SE images is lower than 4, and we
cannot expect to be able to separate single-voxel objects. The CNR of T1650 images
is 2 and an object should thus consist of at least 4 voxels for it to be visible according
to the Rose criterion. Between the regions C and D the CNR of the IR-SE images is
higher than that of the GE image. The largest CNR (T1650 using 24 slice-stacks)
is, however, only slightly larger than 0.6. For this CNR, objects must contain 40-50
voxels to be visible under the Rose criterion.

Based on the quantitative results, we chose to use IR-SE SRR images based on
12 LR images for the qualitative evaluations of the visibility of mouse brain nuclei.
While the acquisition time of 12 LR images (1 hour 21 minutes) is longer than that
of the GE image (45 minutes), it remains compatible with in vivo experiments. If
shorter acquisition times are required, a trade-off with resolution and CNR is nec-
essary. In Fig. 3.5 it is seen, that if 8 or 6 LR images are used for SRR reconstruction,
the acquisition time is reduced by 25% and 50%, respectively, while the resolution
and SNR decrease by much smaller percentages.

3.4.2 Invivo experiments

Due to its high resolution, a 3D image enables the identification of small nuclei
that are not visible in the relatively thick slices of a 2D image (see Fig. 3.6). As
seen in Fig. 3.7, a considerable number of manganese-enhanced brain nuclei can be



3D IR-SE MEMRI of the mouse brain using SRR 43

identified in 3D MEMRI images acquired with either a GE sequence or produced by
SRR IR-SE. Some of these nuclei are equally visible in both types of images, some
are better visible in one image type than in the other, and yet others are not visible
at all in one of the two types of images. The reason for this resides in the choice of
the inversion time.

In the present study, based on the phantom experiments that simulated the ex-
perimentally determined T1-values of hippocampus and cortex after manganese
administration, TT was chosen to yield maximum contrast between these two re-
gions (TI = 650 ms), while still retaining sufficient background signal to identify
the brain. This approach sensitizes the acquisition to nuclei with T1 values in this
range. By selecting a different TI, different nuclei can be brought forth. TI can thus
be tuned to optimally visualize the nuclei of interest. In contrast, a standard 3D GE
sequence results in visualization of manganese-enhancement over a broader range
of tissue T1 values. Thus this sequence may be more suitable for exploratory stud-
ies.

Structures that were more clearly identified using IR-MEMRI included many
that are of interest in neuroscience. In particular, the study of planned, coordinated
and oriented motor activity benefits from the improved contrast in the IR MEMRI
image. Nuclei of interest include the mouse motor primary and supplementary cor-
tex, which are of central importance for the investigation of the motor control, or-
ganization of voluntary movement, as well as learning and precise coordination
of complex movements. The pontine central grey is also involved in the motion
coordination, by relaying (proprio)sensorial and motion information to the cerebel-
lum, the superior colliculus integrates the visual and motor sensorial information,
while the inferior colliculus is responsible with sound localization and audio-motor
integration. The lateral lemniscus is also contributing to the localization of sound
sources. The spatial orientation of the mouse during motion cannot be considered
in the absence of olfactive information - the islands of Calleja and the nucleus of the
lateral olfactory stria are involved in the processing and integration hereof.

Other processes of interest involving manganese-enhanced nuclei include the
regulation of autonomic responses by the paraventricular nucleus and, together
with the hippocampal regions and the amygdala, the response to stress and its re-
lated pathologies. The ventral pallidum and substantia nigra are involved in the
inhibitory regulation of thalamic and brain stem activity via GABA-ergic and re-
spectively dopaminergic activity, and are crucial for the understanding of reward
mechanisms, various addictions and a wide range of positive emotions. The habe-
nula modulates dopaminergic activity and nucleus accumbens is involved as well
in the regulation of a wide range of pleasant emotions and addictions. Last but not
least, the role of the periaqueductal grey in the maintenance of consciousness, in
analgesia, as well as its involvement in various forms of behavior, such as defen-
sive and sexual actions, is indisputable [45].

It is worth mentioning that the regions mentioned above are enhanced due to
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the fact that they are all involved in the regular daily activity of the mouse. When
disorders are modelled in manganese-administered mice and induce a markedly
increased or impaired activity in brain regions other than the ones mentioned above,
the optimization of the TI prior to the investigation is a requirement for a good vi-
sualization of these regions.

3.4.3 Conclusion

In conclusion, we show in this study that while the classical approach to MEMRI
of the mouse brain by means of 3D TIW MRI is appropriate for exploratory stud-
ies, super-resolution reconstructed IR-SE 3D images allow a targeted investigation
of brain activation patterns and is a valuable complementary tool for manganese-
enhanced studies. Moreover, the methods presented here are equally valuable for
other applications, such as white matter lesion detection, where high-resolution 3D
IR-SE would provide better contrast and resolution.
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Interactive local super-resolution
reconstruction of MRI whole-body mouse
data: applications to bone and kidney
metastases
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Abstract

A resolution enhancing post-processing technique called super-resolution re-
construction (SRR) has recently been demonstrated to improve visualization and
localization of micro-structures in small animal MRI. In such cases, however, the
size of the animal under investigation can be very large relative to the size of the
structures of interest. Solving the SRR problem thus becomes very expensive, in
terms of both computation time and memory requirements. In this chapter we in-
troduce local SRR to overcome these problems. We present a novel method that
combines state-of-the-art image processing techniques from the areas of articulated
atlas-based segmentation, planar reformation and SRR, and that allows researchers
to efficiently capture both global and local scales in whole-body small animal MRI.
The approach is validated in two case studies involving CT, BLI and MRI data of
bone and kidney tumors in a mouse model. We show that local SRR MRI is a com-
putationally efficient complementary imaging modality for the precise description
of tumor metastases, and that it provides a high-resolution alternative to conven-
tional MRL

* Authors labels with an asterisk (*) contributed equally to this work.
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4.1 Introduction

In pre-clinical small animal research on skeletal complications of cancer, imaging
modalities like bioluminescence (BLI), CT, and MRI are conventionally used. Such
imaging techniques allow non-invasive studies on the metastatic behavior of tu-
mors [87]. BLI gives an indication of metastatic tumor growth anywhere in the body
(e.g. bones, liver and lungs), but the spatial resolution is not sufficient to distinguish
between lesions located in close proximity to each other and to actually localize all
individual metastatic processes in an organ. CT gives excellent contrast in calcified
tissue and can be used to study tumor-induced changes in the bone, but due to lack
of soft tissue contrast it is less suitable to image organs such as liver and lungs.
MRI is the preferred imaging modality for imaging liver and lung metastases as it
gives sufficient anatomical detail and good contrast between the organs and tumor
masses. So, whereas BLI can be used to indicate the total tumor burden in an organ,
MRI will give information on the exact location, size and number or metastatic le-
sions in that organ. Together, CT, MRI and BLI provide a comprehensive picture of
the tumor and metastases development and spread in the entire body.

The sensitivity of MRI for small lesions is, however, relatively low compared
to BLI, and the most robust pre-clinical protocols are still 2D MRI experiments,
with relatively thick slices. This slice thickness results in a large partial volume ef-
fect, making precise detection and localization of tumors difficult, especially for
early stage tumors and micro tumors [27]. Recently, a resolution enhancing post-
processing technique called super-resolution reconstruction (SRR) has been demon-
strated to improve visualization and localization of micro-structures in molecular
MRI [69]. In a metastatic disease model, however, the size of the object under inves-
tigation (the mouse/rat) relative to the size of the structures of interest (the tumors)
can be very large. When attempting to capture both global and local scales in an
image, this translates into a large field of view at high image resolution, result-
ing in images of tens of millions of voxels. In such cases, solving the SRR problem
becomes very expensive, in terms of both computation time and memory require-
ments. Exploring large data-sets in this way calls for conceptual new-thinking.

In this study, we overcome the computational issues of whole-body SRR by the
combination of state-of-the-art methods from the areas of articulated atlas-based
segmentation of whole-body small animal data [3, 46, 47, 48, 51], planar reformation
[50], and SRR in MRI [69, 71]. We integrate these concepts into a novel localized
approach to SRR that enables global-to-local exploration of e.g. whole-body mouse
MRI data. The idea is similar to that of well-known web-based geographical maps,
where it is possible, from a global overview image, to zoom in on a detail of interest.
Guided by user interaction or by registration to images of higher sensitivity, such
as BLI, local volumes of interest (VOIs) can be identified in the low-resolution MR
image. From the global low-resolution overview these VOIs are then enhanced by
SRR to show a higher level of detail.
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The aim of our study is thus to determine whether SRR-MRI is a feasible method
for improving visualization of tumors in small animal imaging. By feasibility we
refer to two aspects:

¢ Image quality: when the number of low-resolution images is constrained by
acquisition times compatible with in vivo experiments, does our local SRR
method improve the visualization of small anatomical details over conven-
tional imaging methods?

¢ Computational feasibility: can the local SRR computations be handled on a
desktop machine in a close-to-real-time time frame?

In the following sections, we first introduce our approach to local SRR in MRI.
We briefly describe its components (for details we refer to previously published
work in which each of the components has been thoroughly validated) and vali-
date our approach in two case studies with bone and kidney tumor visualization,
respectively.

4.2 Materials and methods

4.2.1 Experimental mouse model and imaging

To test the SRR approach, BLI, CT and MRI were acquired in a mouse model of
metastasizing breast cancer. One female, Balb/c nu/nu mouse of 19.5 g was used. At
7-8 weeks of age, the mouse was injected with 4T1-luc2 [8, 49] breast cancer cells
(100 pl, 150,000 cells) into the left heart ventricle under 2% Isoflurane anesthesia.

After 2-3 weeks BLI and CT scans were made in vivo. The anesthesia applied
was Ketamine:RomPun:PBS (1:1:1), approximately 60 ul/20 g. This was followed
by an ex vivo MRI scan. The mouse was euthanized to allow flexibility in the MRI
experiments and test different acquisition parameters.

The mouse, lying on its belly, was taped to an in-house made PMMA holder that
was used in all three scanners. For BLI imaging, the Xenogen™™ VIVO Vision IVIS
3D scanner (Alameda, CA, USA) was used. The acquisition was done at a range of
wavelengths between 580-680 nm, at 20 nm intervals with an acquisition time of 10
seconds per wavelength. One of the 8 BLI images is presented in Fig. 4.1.

Micro CT data was acquired on a SkyScan' 1076 in vivo X-Ray Microtomo-
graph microCT scanner (Aartselaar, Belgium) at a resolution of 35 pm. The acquisi-
tion was performed with a step size of 1.4 degrees over a trajectory of 360 degrees
(voltage = 49 kV, current = 200 pA, exposure time = 100 ms, filter: AL. 0.5 mm,
frame averaging = 1).

Several strategies can be adopted when acquiring MR data for an SRR experi-
ment. By acquiring the low-resolution slice-stacks with rotational increments around
either the frequency or the phase encoding direction, as introduced in [83], a more
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effective sampling of k-space is achieved than by shifting the low-resolution images
by sub-pixel distances along the slice selection direction. In this fashion, a whole-
body scan of the post mortem mouse was acquired on a 7T Bruker Pharmascan’™
system using a fast spin echo (FSE) sequence. TR was 5300 ms, TE was 53.2 ms,
with Ngyg = 4. The 2D slice-stack consisted of 40 slices (0.5 mm thick), with a FOV
of 70 x 45 x 20 mm, and a resulting resolution of 0.125 x 0.125 x 0.5 mm. The scan
time per stack was 13 min. The slice-stack was acquired at 4 angles with uniform
increments of 180/4 degrees around the phase encoding direction. In this study, we
performed SRR on sub-sets of two and four low-resolution images. In the sub-set
of two images, the angular increment between them was 180/2 degrees.

To compare the SRR results with a standard fast scan, an additional 2D scan of 5
minutes was performed. A FSE sequence was used, with a slice-stack that consisted
of 40 slices (0.5 mm thick), with a FOV of 70 x 45 x 20 mm, a resolution of 0.25 x
0.25 x 0.5 mm TR = 5300 ms, TE = 55.452 ms, Ny = 4.

Animal experiments were approved by the local committee for animal health,
ethics and research of Leiden University Medical Center.

Figure 4.1: A BLI image of the mouse image to validate the proposed approach. The arrows
indicate the different tumor locations: humerus (red), femur (green), kidney (blue).
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Figure 4.2: Overview of the interactive local SRR of MRI mouse data applied to two case studies.
A: After rigidly registering CT to MRI, articulated atlas-based segmentation is performed (A1).
Subsequently, articulated planar reformation is applied to the segmented MRI and the data is
visualized in the standardized atlas space (A2). The user can now interactively select any low-
resolution bone of interest guided by the BLI images. A high-resolution SRR image of the humerus
with a tumor is presented. B: BLI+MRI mouse data are first co-registered (B1) to define the VOIs
(B2) using the BLI. A VOI is interactively selected for performing SRR. A high-resolution SRR
image of the kidney with metastases is presented.
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4.2.2 Interactive local SRR

The local SRR method integrates a series of processing and analysis steps, which de-
pend on the available complementary data (CT, BLI, etc.) and vary in their level of
user interaction. The overview of the presented method can be seen in the flowchart
depicted in Fig. 4.2: First, within of a set of low-resolution MRI images, potential
VOIs are identified. In our approach this step is either based on user input or it
is automated, as described below. Its output is one or more VOIs containing po-
tentially relevant structures. One or more of these VOIs can now be selected for
subsequent local SRR.

The methods for segmentation and selection of VOIs are highly specific to the
biological problem and to the available complementary data. In the following, we
present two situations typical in small animal tumor imaging, in which BLI+CT
(case study A) and BLI only (case study B) are used as complementary modalities
to MRI (see Fig. 4.2). Each situation presents a different level of automation and
requires a different degree of user interaction. The way the relevant information is
extracted differs with the choice of the imaging modalities for the study at hand.
In case study A, the level of user intervention is minimal. The whole-body mouse
is automatically segmented using an articulated atlas. Guided by the BLI, the user
can then select the VOIs with tumors for further SRR reconstruction, visualize the
results side-by-side with the CT data, and, in case a tumor is present near a bone on
one side of the body, compare it to the contralateral side, where most likely there
is no tumor. In case study B, user interaction is necessary to co-register the BLI to
the MRI data to define the VOIs. After that, the user can select among the VOIs in
which the BLI signal indicate the presence of tumors for SRR reconstruction and
further high-resolution visualization and analysis.

4.2.3 Case study A: MRI+CT+BLI

This case study was set up to explore the value of SRR-MRI to image bone metas-
tases as a complementary modality to CT, BLI and conventional MRI. In this sec-
tion, we describe our approach to super-resolution bone MRI.

Articulated atlas-based bone segmentation of CT and MRI mouse data

First, rigid registration of the CT scan to one of the low-resolution MR images was
performed [51]. Rigid registration was sufficient in this case because the mouse was
fixated in the same animal bed during all imaging procedures and during transport
between scanners. The bones were segmented in the CT image using the articulated
MOBY mouse atlas [47, 82] (Fig. 4.2c). The fully automated approach presented in
[3] was used for this purpose. To deal with the large articulations between bones
and/or bone groups, the registration of the atlas to the CT data used a hierarchical
model tree. First, a coarse alignment of the MOBY atlas to the CT skeleton was per-
formed. This was followed by the stepwise alignment of the individual atlas bones
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to the CT data, using the ICP algorithm [6]: we started with the skull, after which
each bone was accurately registered to the correspondent bone in the data. Given
the CT-to-MR registration parameters, the transform obtained in the segmentation
of the whole-body CT data was propagated to the MR. Figs. 4.2b and 4.2c show the
atlas fitted to the CT and MRI data-sets, respectively.

Articulated planar reformation of MRI data

Using the obtained transformations between each bone in the atlas and the low-
resolution MR image, articulated planar reformation [9] can be applied to map the
labeled data into a standardized atlas space. This method automatically creates a
VOI for each bone, which is based on a principal component analysis of the bone
shape. By constructing the VOIs in this manner, the final reformatted images are
aligned with the principal axes of the bones [50].

Interactive selection of VOI

Upon segmentation and reformatting, the user is presented with a global view of
the segmented bones, see Fig. 4.2d. Guided by the BLI signal, the user can now
interactively select a bone for SRR reconstruction.

4.2.4 Case study B: MRI+BLI

This case study was set up to explore the value of SRR-MRI as a complementary
modality to BLI and conventional MRI when CT data is not available for establish-
ing anatomical correspondence. In practice, this is usually the case for soft tissue
tumors, where bone metastases and bone resorption are not expected. In this sec-
tion, we describe our approach to super-resolution MRI of kidney tumors.

BLI-to-MRI mouse data registration

After acquisition, the BLI images are registered to one of the low-resolution MR
images using a landmark-based approach [51]. A minimum of three landmarks is
selected. The location of each landmark is indicated in one of the low-resolution MR
images and in two separate BLI images at different angulations. Using the known
angle between the two BLI images, back projection is used to find the correspond-
ing point in the three-dimensional space. This point is then paired with the point in
the MR image and registration is performed. Typical landmarks include the snout
and limbs because they are most easily identified in both modalities.

BLI-based VOI localization and segmentation

BLI-based VOIs can be localized by simple thresholding on the raw BLI signal.
Once the coordinates of the VOIs in world space are known, the BLI-to-MRI reg-
istration transform is used to map the VOIs onto the chosen low-resolution MR
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image. The VOIs are then propagated to the remaining low-resolution MRI images
using the transform parameters of these acquisitions. Finally, VOIs are extracted
and can be used for SRR.

4.2.5 Super-resolution reconstruction

When a VOI has been selected and propagated to all rotated low-resolution MRI
images, local SRR can be performed on the volume. SRR is the process of produc-
ing a single high-resolution image from a sequence of low-resolution images, where
each low-resolution image transforms and samples the high-resolution scene in a
distinct fashion. It is an inverse problem in which the acquisition process is mod-
eled as a linear operator on the high-resolution image. When the high-resolution
image is vectorized and put into a large vector, the acquisition of the low-resolution
image k can be modeled as yy = Ajx + ny, where n is Gaussian noise [34]. The lin-
ear operator Ay models the transform due to the rotation of the field of view of the
kth image as well as the point spread function of the acquisition.

The objective in SRR is to find an x that minimizes the difference between yy
and Ayx for all k simultaneously [69]. In general, a direct solution of this objective
is not feasible since it involves many operations with all Ay € R"*™, where n and
m are the number of voxels in the reconstruction (x) and in a low-resolution image
(y), respectively. Instead, the reconstruction is obtained by iterative methods such
as the conjugate gradient method. In this study, we apply the method described
in [71], which is a Tikhonov-regularized least-squares solver that implements an
affine transformation scheme that minimizes aliasing and spectral distortion. The
SRR method is extended with a bias-field correction step removing inhomogeneity
over the images caused by variations in coil sensitivity.

4.2.6 Software platform

All computational experiments described beneath were implemented in MATLAB
R2009b™M and performed on a 2.80 GHz Intel Xeon™™ with 12 GB RAM, Windows™™
PC.

4.3 Results

4.3.1 Case study A: MRI+CT+BLI (bone tumors)

Local SRR images of the right femur and humerus with metastases were recon-
structed at different levels of quality using 2 and 4 low-resolution images, and
compared with conventional MRI, BLI and CT. In addition, reconstruction times
of individual bones were compared with that of the entire mouse.
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Figure 4.3: Right femur. From left to right: a CT scan, a fast MRI scan, one low-resolution im-
age, and SRR reconstructions, each based on a different number of low-resolution images. Two
orthogonal slices of the same VOI are shown to illustrate the effect of the SRR in a 3D volume.
The orange dashed line indicates where the yz-slice (bottom) intersects the xy-slice (top). The
red arrows points to the (micro) tumor in the knee. The green arrow points to another location,
outside the tumor, at which recovery of the fine details is obvious. The CT and all the MR images
are shown in the coordinate system associated with the principal axes of the bone, and Fast 2D
and the low-resolution (1 LR) volumes are resampled to isotropic resolution beforehand. Image
contrast on the MRI images was increased for visualization purposes. For all MR images the
corresponding frequency spectra are shown, above and beneath the xy-slices and the yz-slices,
respectively, demonstrating enhanced high-frequency content.
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Figure 4.4: Right humerus. From left to right: a CT scan, a fast MRI scan, one low-resolution
image, and SRR reconstructions each based on a different number of low-resolution images. Two
orthogonal slices of the same VOI are shown to illustrate the effect of the SRR in a 3D volume.
The orange dashed line indicates where the yz-slice (bottom) intersects the xy-slice (top). The
red arrows point to the tumor. The green arrows point to some of the locations where recovery of
the fine details is the most noticeable. The CT and all the MR images are shown in the coordinate
system associated with the principal axes of the bone, and Fast 2D and the low-resolution (1 LR)
volumes are resampled to isotropic resolution beforehand. Image contrast on the MRl images was
increased for visualization purposes. For all MR images the corresponding frequency spectra are
shown, above and beneath the xy-slices and the yz-slices, respectively, demonstrating enhanced
high-frequency content.
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In the BLI (Fig. 4.1), three distinct signal areas were observed, the smallest one at
the position of the right femur (green arrow). The user therefore manually selected
the right femur for SRR of the MRI data, using 2 or 4 low-resolution images for
the reconstruction SRR(2), and SRR(4) respectively (see Fig. 4.3). The arrows in the
BLI and the SRR(2) and SRR(4) images point to a tumor adjacent to the medial
chondyle. This tumor is neither visible in the CT image, nor in the fast 2D MRI
or in the raw low resolution image (1 LR). When using 2 low-resolution images
for SRR, the image quality increases and the tumor becomes discernible. Using 4
low-resolution images further improves the visibility of the tumor and its margins.

BLIalso showed a high intensity area at the location of the right humerus (Fig. 4.1,
red arrow). The tumor is not visible on CT. The fast conventional MRI scan does
show the tumor, but, due to the relatively thick slices, the tumor margins are blurred,
particularly in the transverse plane. As before, the image quality improves when
using more low-resolution images, showing a clear delineation of the tumor, with
SRR(4) being sharper and less noisy than SRR(2).

To assert that SRR produced an actual resolution enhancement, frequency spec-
tra were produced by applying a windowed Fourier transform to the shown MRI
slices. The resolution enhancing effect in Figs. 4.3 and 4.4 is clear: when more im-
ages are used for reconstruction, the spectrum of the SRR image contains more
high-frequency content than the low-resolution images.

Table 1 shows how the SRR reconstruction times scale approximately linearly
with the size of the low-resolution data-set. Since one low-resolution image of the
entire mouse contains approximately 20 million voxels, and a typical VOI contains
around 250,000 voxels, we accelerate the reconstruction by approximately a fac-
tor 80. From the table, it also follows that the SRR times scale approximately lin-
early with the number of low-resolution images used. While the entire mouse takes
more than 40 minutes to reconstruct using 4 low-resolution images, the VOI can
be reconstructed within 1-2 minutes. The segmentation and selection of VOIs steps
described above, each take less than a minute to perform.

2 LR images 4 LR images
Femur 56 98
Tibia-Fibula 38 75
Pelvis 79 151
Sternum 31 63
Humerus 48 83
Ulna-Radius 41 78
Whole-body 1282 2479

Table 4.1: Reconstruction times in seconds for each reconstructed right bone and the whole-body
of the mouse, using 2 and 4 low-resolution images.
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Figure 4.5: Right kidney. From left to right: a fast MRI scan, one low-resolution image, and SRR
reconstructions each based on a different number of low-resolution images, of the right kidney.
The red and yellow arrows point to two different tumors. Two orthogonal slices of the same VOI
are shown to illustrate the effect of the SRR in a 3D volume. The green arrows point to other
locations where the improvement in image quality is particularly noticeable. The orange dashed
line indicates where the yz-slice (bottom) intersects the xy-slice (top). In all the MR images, the
xy-view is the in-plane direction of the scans. Note that the metastatic lesion seen in the BLI
image (Fig. 4.1, blue arrow) actually consists of numerous lesions as shown on MRI scans. For
the Fast 2D and the low-resolution (1 LR) the selected views are resampled to isotropic resolution
and the image contrast on the MRI images was increased for visualization purposes. Note that
for these images the shown slices do not correspond exactly to the SRR views. For all images
the corresponding Fourier spectra are shown, above and beneath the xy-slices and the yz-slices,
respectively.
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4.3.2 Case study B: MRI+BLI (kidney tumors)

BLIshowed a single high signal intensity around the area of the right kidney (Fig. 4.1,
blue arrow). Local SRR images of this area were reconstructed at different levels of
quality and compared with conventional MRI and BLI. Fig. 4.5 shows orthogonal
slices of the kidney for the different image types (fast 2D MRI, one low-resolution
image, and SRR on 2, and 4 low-resolution images). On the BLI in Fig. 4.1, the
spatial resolution is too low to determine whether multiple tumors are present,
but on MRI one large tumor and several small metastases can be detected. Most
of these are readily detectable on the fast 2D MRI, and the low resolution (1 LR)
image. However, the tumors appear blurred and cannot be clearly delineated. In
such images, the smallest metastases will be lost due to partial volume effects, but
will be recovered in the SRR(2) or SRR(4) images. The high 3D resolution of the
SRR scans also shows that most of these metastases are located in the renal cortex
and medulla, whereas the renal pelvis is relatively clean. Again, we asserted the
resolution enhancement due to SRR by producing frequency spectra of the shown
images.

4.4 Discussion

4.4.1 Relevance to tumor research and other biological applica-
tions

Conventionally, bone resorption and metastases in soft tissues (such as kidney, lung
and liver) are visualized using BLI+CT and BLI+MRI, respectively. In this study, we
have explored the value of adding SRR-MRI to improve soft tissue tumor detection.
In two case studies, we have shown how an integrated approach, combining state-
of-the-art technologies from the area of image processing with the use of multiple
imaging modalities, can be used to detect and study bone and soft tissue metastases
with much greater sensitivity than by the conventional methods.

In case study A, we saw how BLI is a sensitive method to visualize luciferase-
positive tumors in a living animal. The BLI signal intensity is proportional to the
size of a tumor mass, and BLI can thus be used to give a rough estimate of both
size and localization of the lesion. In the case of bone metastases, the location and
subsequent bone pathology are usually determined using CT [4]. However, in case
study A there was no visible bone pathology in the CT scan. When local SRR-MRI
was performed, guided by the BLI signal, these images provided the location, size
and shape of tumors in the limbs of the animal and confirmed that these metas-
tases were, indeed, soft tissue tumors located outside of the bone. In the conven-
tional fast MRI of the femur, the tumor could not have been identified without the
guidance of the BLI images. The SRR-MRI, on the other hand, clearly showed a
nodular structure that could be identified as a tumor (Fig. 4.3). In the humerus im-
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ages, which contain a large tumor outside of the bone, it can be appreciated how
the delineation of the tumor boundary becomes much sharper in the SRR-MRI than
in the fast scan and the single low-resolution MR image (see Fig. 4.4; note that the
improvement in image quality is especially noticeable when using a high zooming
factor). The method thus, has the potential to support detailed quantitative studies
of e.g. metastases development and assessment of treatment response.

In case study B of kidney metastases, CT was not used, as this modality gives
insufficient soft tissue contrast without the use of contrast agents. BLI indicated the
presence of a cancerous lesion in or around the kidney (Fig. 4.1, blue arrow). MRI
revealed numerous independent metastases in the kidney (Fig. 4.5), which is not
possible with BLI alone due to its limited spatial resolution. Moreover, SRR-MRI
allows the researcher to not only distinguish, but also to clearly delineate different
tumors in close proximity. This cannot be achieved with conventional MRI, as il-
lustrated in Fig. 4.5. SRR-MRI can thus provide added value in studies where the
number of metastases is an important parameter and where experimental treatment
is used to intervene with the metastatic process. For instance, a researcher can dif-
ferentiate between renal, adrenal and peri-renal cancerous lesions with SRR-MRI
but not with BLI

BLI remains the preferred standard measurement for active tumor size as the
signal originates only from living cells and not from a necrotic core or cells killed
by a certain treatment. Light, however, only has a limited penetration in bone and
the bone can thus mask the BLI signal coming from small tumors which grow on
the inside the bone, making these tumors appear smaller than they actually are.
Having an MRI data-set in which the tumor can be identified and measured clearly
helps overcoming these limitations.

An additional point to be made is the possibility to use BLI with SRR-MRI as
an alternative for the CT anatomical reference, particularly in longitudinal studies
where the repeated exposure to radiation in a CT scan may become a confounding
factor or cause adverse effects [40].

Apart from oncology, the presented work flow may be of value in many research
areas that requires whole body examination for local (sub-slice-thickness sized) ef-
fects. Examples are the homing of labeled stem cells after systemic injection, or
imaging of systemic inflammatory diseases.

4.4.2 Post mortem to in vivo SRR-MRI

In this study, we have applied our approach to post mortem image data. However,
we have well-founded reasons to believe that our results translate to in vivo imag-
ing. The SRR quality depends on the amount of artifacts induced by animal move-
ment. Such artifact are reduced by fast LR acquisitions and accurate subsequent
registrations. While accurate non-rigid registration of soft tissue structures, such as
liver and kidney may be possible, SRR is expected to be most successful for rela-
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tively rigid structures, such as the brain, bone, and tissue surrounding bone: cases
in which rigid registration will yield accurate alignment of the low-resolution im-
ages. In [69], we showed SRR reconstructions of an in vivo mouse brain, and several
studies have validated the assumption of accurate motion estimation in applica-
tions of SRR in fetal brain MRI [28, 77].

4.4.3 Interactive local SRR

One of the results of this work has been the development of an approach that inte-
grates recent progress in the areas of articulated atlas-based segmentation of whole-
body small animal data, planar reformation and SRR in MRI into a novel localized
approach to SRR that enables global-to-local exploration of e.g. whole-body mouse
MRI data. Together with the preliminary results first published in [48], we have
provided a global solution to three possible scenarios that takes into account the
availability of complementary data: (i) only MRI is available [48], (ii) MRI+BLI is
available, (iii) MRI+CT+BLI is available. From first to last scenario, the proposed
approach decreases in the required level of user interaction to segment the data
into possible VOIs. Depending on the biological problem, the more complemen-
tary data available, the higher the level of automation of the approach and the more
data there is for the user to explore, i.e.: in the approach of case study B (MRI+BLI),
the user can choose only among VOIs in which BLI signal is present, for a subse-
quent SRR reconstruction. Alternatively, (if CT is available) the user can select any
bone for the SRR reconstruction and thus compare left with right, compare a bone
with a tumor, with the same bone without a tumor on the contra-lateral side, etc.
Naturally, the more complementary data available in a study, the more information
one can extract. Thus, while in (i) only MRI information is available, in (iii) one can
fully integrate the information provided by the BLI (which quickly locates tumor
growth and indicates tumor burden) together with the anatomical information pro-
vided by the CT (used to study tumor induced changes in the bone resorption) and
the soft tissue information provided by MRI (which can provide information about
the size and the number of metastases).

4.4.4 Image quality vs imaging time

A major constraint when applying SRR in small animal MRI is the limited acqui-
sition time that in vivo experiments allow. Each of the low-resolution images takes
a certain amount of time to acquire and acquisition of multiple such images may
quickly exceed the time in which a mouse can be kept sedated. It was shown in
[69], that relatively few images are necessary to achieve significant improvements
in the image quality. In this study we have limited the number of low-resolution im-
ages to four, with a total acquisition time of 52 minutes, a realistic acquisition time
for in vivo experiments. If the experimental setting allows it, the number of low-
resolution images used can be extended at the expense of additional acquisition
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time. This will have some positive effect on the resolution. For an optimal coverage
of k-space, the number of low-resolution images should be at least 77/2 x F, where
F is the anisotropy factor, i.e., the slice thickness relative to the in-plane resolution.
In our case, that would mean using 7 low-resolution images. Using more than this
number of low-resolution images will not have a significant impact on the resolu-
tion but will increase the SNR slightly (for an in-depth study of these trade-offs, we
refer the interested reader to [69]).

The main advantage of SRR in small-animal MRI is that it enables obtaining
isotropic images in scenarios where T2-weighted image contrast is desired, requir-
ing long repetition times and therefore long scan times, particularly for a 3D acqui-
sition. By combining a small number of relatively fast thick-slice acquisitions with
SRR, an isotropic resolution close to the original in-plane resolution is obtained.
For comparison, direct acquisition of a 3D fast spin echo image with the same res-
olution and acquisition parameters would take about 28 hours and thus is clearly
infeasible.

4.4.5 Reconstruction times

For large data-sets, the SRR method is limited by the memory available on the com-
puter. For the conjugate gradient solver, up to 5 data structures, each the size of the
final reconstructed image, and 2 additional data structures, each the size the total
low-resolution data, must be kept in memory simultaneously. For large 3D data-
sets, this soon becomes impossible, even on a high-performance desktop computer.
The interactive approach to locally reconstruct VOIs presented here, allows over-
coming the time and memory limitations of the SRR technique. However, as shown
in Table 1, the time for the best quality SRR result, i.e., using 4 low-resolution im-
ages, is still in the order of minutes (mean time = 91.3 s). The mean time for SRR
using 2 low-resolution images is 48.8 s. These results are still far from the real-
time target for this approach. Since the results presented here were acquired on
a MATLAB™ implemented prototype, the computation times will decrease by re-
implementing the algorithm in a C/C++ and GPU programming environment com-
bination.

44.6 Conclusions

By combining a number of state-of-the-art image processing techniques, we have
enabled a global-to-local exploration of whole-body mouse MRI. We have shown
that the SRR-MRI is a valuable complementary modality in studies of tumor metas-
tases. Using only a few low-resolution images, and a total acquisition time compat-
ible with in vivo experiments, we have reconstructed SRR MR images from which
detailed information about soft tissue metastases, not available in conventional
imaging modalities, can be inferred. This cannot be obtained from direct MR ac-
quisition within a feasible acquisition time.
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Chapter 5

Super-resolution reconstruction using
cross-scale self-similarity in multi-slice MRI

Based on:

E. Plenge, D.H.J. Poot, W.J. Niessen, E. Meijering. Super-resolution reconstruc-
tion using cross-scale self-similarity in multi-slice MRI. In Proceedings of the 16th
International Conference on Medical Image Computing and Computer-Assisted Interven-
tion: Part 111, pages 123-130, Berlin, Heidelberg, 2013. Springer-Verlag. 2013.

Abstract

In MR, the relatively thick slices of multi-slice acquisitions often hamper visual-
ization and analysis of the underlying anatomy. A group of post-processing tech-
niques referred to as super-resolution reconstruction (SRR) have been developed
to address this issue. In this study, we present a novel approach to SRR in MRL
The approach exploits the high-resolution content usually available in the 2D slices
of MRI slice stacks to reconstruct isotropic high-resolution 3D images. Relying on
the assumption of local self-similarity of anatomical structures, the method can be
applied both to a single slice stack and to the combination of multiple slice stacks
that differ in the orientation of their field of view. We evaluate the method quanti-
tatively on synthetic brain MRI and qualitatively on MRI of the lungs. The results
show that the method outperforms state-of-the-art MRI super-resolution methods.
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5.1 Introduction

In magnetic resonance imaging (MRI) sequences that require long repetition times,
conventional 3D imaging is usually not possible due to infeasible acquisition times.
In such cases, 2D multi-slice imaging is the common alternative. However, due to
hardware induced limitations on gradient strength, requirements on signal-to-noise
ratio (SNR), constraints on acquisition time, and other factors, the slices are usually
relatively thick compared to the in-plane resolution. Such anisotropy negatively af-
fects visualization and hampers the analysis of underlying processes and anatomy.
The isotropy and resolution of images may be improved by super-resolution recon-
struction (SRR) methods [28, 69, 71, 98].

SRR methods are often divided into two groups: 1) methods that base the high-
resolution (HR) reconstruction on a single image only, and 2) methods that com-
bine the information from multiple low-resolution (LR) images of the same object,
acquired under varying fields of views, to reconstruct an isotropic HR image. In
both cases, the so-called inverse problem of recovering the HR image is ill-posed:
the number of constraints imposed by the data (the LR voxels) is, in general, lower
than the number of parameters that we aim to recover (the HR voxels). To make the
problem well-posed, regularization is applied. By adding prior knowledge of the
probability density function of the HR solution, the maximum-a-posteriori (MAP)
solution can be found. Prior knowledge could be that the solution is smooth, piece-
wise smooth, or sparse under a certain transform. A properly chosen prior thus not
only stabilizes the process but also guides it towards a plausible outcome.

Recently, a quite different prior has proven to be very powerful for natural im-
ages: example-based self-similarity. The self-similarity prior is based on the obser-
vation that small-scale structures tend to repeat themselves throughout an image.
This concept has been widely applied in image processing tasks such as compres-
sion, denoising, inpainting, and SRR [21], and has spawned a number of method-
ologies including image hallucination [5], sparse coding using learned dictionaries
[20, 57], and non-local means (NLM) [10].

In [5, 25, 29], the idea of cross-scale self-similarity was investigated. A common
feature of these example-based methods is the formulation of a parent/child struc-
ture in which the nearest-neighbor of an input LR-patch is sought among the LR-
parents of HR-child-patches in either a database [5] or in the image itself [29]. The
idea of a correspondence between LR and HR patches for SRR was also applied for
regularization of an iterative MAP optimization scheme [21] and later in the context
of sparse coding using learned dictionaries [104, 108].

Though the literature on self-similarity-based SRR in natural images is rich, the
results are only slowly translating into the field of biomedical image processing.
In the context of MRI, the most prominent contributions have been based on the
NLM-method. In [77] and [58], isotropic high-resolution T1-weighted images were
used to enhance the resolution of T2-weighted slice-stacks. In [59], upsampling was
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Figure 5.1: Left: Quantitative check of self-similarity in a T2 weighted brain MRI from BrainWeb
[13]. Similarity between the 10% axial 7x7 patches with the highest variance and all coronal and
sagittal 7x7 patches was evaluated. For several similarity thresholds, the fraction of axial patches
is plotted as function of the number of coronal and sagittal patches exceeding the threshold.
Similarity is measured as the inner product between the patches (after vectorization and unit
length normalization). Right: Example of local self-similarity in the cortex. The yellow arrows point
at a similar cortex structure in the axial (top), coronal (middle), and sagittal (bottom) slices.

performed on an MRI image using only information from the image itself by iter-
atively applying NLM-denoising to an interpolated version of the image itself. In
[18], an application of self-similarity across scales was introduced as a generaliza-
tion of the NLM-method.

In this thesis, we propose a novel approach to SRR in multi-slice MRI, based on
the concept of cross-scale self-similarity [18]. Multi-slice 2D MRI scanning yields
two native scales simultaneously: one at in-plane resolution and one defined by the
slice gap and slice thickness in the slice-selection direction. Local self-similarity of
anatomical features occurs both within and across these scales (Fig. 5.1), which we
exploit to achieve SRR. Our method can be applied to both a single image and to
multiple images, thus transcending the methodological division described above.
We describe our method (section 5.2), show its performance by comparing it quan-
titatively and qualitatively with a baseline interpolation scheme and a state-of-the-
art SRR algorithm (section 5.3), and we summarize the findings and contributions
of this study and discuss limitations and future perspectives (section 5.4).
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5.2 Method

5.2.1 From single-scale to cross-scale self-similarity

Our method is developed from one of the most successful applications of image
self-similarity: the non-local means (NLM) method [10]. It exploits image self-similarity
by locally representing the image as a weighted average of similar patches found
elsewhere in the same image. In [72], NLM was derived as a special case of the MAP
estimator, in which the posterior, p(HR|LR), is estimated directly from the available
HR examples, given the input LR image.

In NLM the ith pixel in image u, defined over the domain (), is given by

, 1 C o
NLM(u(i)) = c(i) Y w(i,ju(j), (5.1)
jeQ
where
[aW (@)W (D3,
wi)=e # " and Ci)= Y w(ij). (5-2)
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N (k) is a square patch of a fixed size centered on pixel k, and ||.[|3, is the norm,
weighted by a Gaussian with standard deviation 4, and / is a filtering parameter
that controls the decay of the weights as a function of the norm.

In [18], the NLM denoising method is generalized to consider self-similarities
across scales. A HR example image v is used to modify the NLM expression in
Eq. (5.1), leading to a cross-scale NLM expression:

. 1 Ny
esNLM(u(i)) = == Y_ w(i, j)v(j), (5.3)
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Here, D maps u onto a HR lattice, and H, is a linear degradation model (which
may include geometrical warp, blur, and more) of a degradation z. Egs. (5.3)-(5.4)
show how HR patches v(j), whose degraded versions are similar to an up-scaled
LR patch u(7), are used to update the HR estimate csNLM(u(7)).

Our method is a special case of csNLM. In the limit, when & — 0, the weight of
the first nearest neighbor becomes infinitely large. The cross-scale super-resolution
expression becomes

csSR(u(i)) = w(j])w(l,])v(]) =v(j) with j< argmax w(i,j). (5.5)
! ]
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Since a search for the first nearest neighbor involves finding the distance to all
patches in (), there is no large computational gain of using only the first nearest
neighbor. In the following we shall, however, constrain ourselves to do so, and
later we demonstrate that the first nearest neighbor is indeed sufficient to improve
resolution and image quality considerably.

5.2.2 MRI Super-resolution using cross-scale self-similarity

From a 2D viewpoint, MR slice-stacks contain both LR and HR images. The in-plane
slices are isotropic HR and the orthogonal slices containing the slice-selection direc-
tion are anisotropic LR. Using the knowledge of 2D self-similarity of 3D anatomi-
cal structures (Fig. 5.1), we can apply Eq. (5.5) as follows: Let u denote the 2D LR
slices of a reformatted slice-stack, let D be an interpolation operator that maps the
LR slices onto a 2D HR grid, and H, a number of blurring kernels applied to the
in-plane slices v. We search for the nearest neighbor of u(N(D(i))) over all HR
patches j, at all blurring levels z, in H(v(N (f))).

A multi-scale dictionary

To create a strict correspondence between HR and LR features, the 2D HR slices
are blurred at multiple scales using an approximation of the point-spread function
(PSF) of the upsampled LR slice, or of the combination of multiple upsampled LR
slices when more LR images are available. The reason multiple blurring levels are
applied is to enrich the model and possibly capture cross-scale self-similarity at
scales besides the two native ones (relevant for recursive structures such as vessel-
trees). The vectorized versions of all HR patches (or a randomly selected subset
thereof) are appended column-by-column into a matrix structure. The correspond-
ing vectorized patches of the blurred versions of the HR slices are appended to this
matrix, also column-by-column, such that each blurring level is represented by a
contiguous block of patch-vectors in the matrix structure. The columns of the ma-
trix are then normalized to have a Euclidean norm of 1. The normalization factors
are saved for later rescaling. Adopting the terminology of the sparse coding litera-
ture, we shall call this matrix a dictionary. It is in this dictionary, that we search for
the nearest neighbor of each LR patch.

The reconstruction process

An initial HR estimate is created by interpolating and aligning the available LR im-
ages onto a 3D HR grid. The slice-stack is traversed, LR slice by LR slice. That is,
for the case when a single slice-stack is available, the direction of traversal should
not be the original slice selection direction, but any of the two others. When using
multiple LR slice-stacks, the direction can be chosen arbitrarily. Around each pixel
in each of the traversed slices, a 2D patch (of e.g. 7x7 pixels) is extracted. Accord-
ing to the cross-scale self-similarity assumption, the underlying HR patch of this
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LR patch will (to a high degree of approximation) be present among the in-plane
patches collected in the dictionary. For each LR patch, its nearest neighbor (NN)
is sought in the dictionary. The NN of an input patch is defined as the dictionary
column that has the maximum inner product with the vectorized and normalized
(to Euclidean unit of 1) input patch. Having found the NN of an LR input patch,
the underlying HR estimate can be retrieved from the HR block in the beginning
of the dictionary (e.g. by applying a modulus operation on the dictionary index
of the NN). The HR patch is scaled back to its original intensity by applying the
rescaling factor that was saved when normalizing the dictionary. The HR patches
are inserted into the grid and averaged where they overlap.

5.3 [Experiments and results

The method was evaluated quantitatively and qualitatively using simulated MRI
brain data. Additional qualitative experiments were performed using real MRI data
of the lungs. For both brain and lung images, the evaluations considered two appli-
cations: SRR of a single slice-stack, and SRR using three orthogonal acquisitions. In
this second application, two variants were tested. In the first, the proposed method
was initialized from an averaged upsampled image, while the second variant was
initialized with the output image of an iterative regularized maximum-likelihood
SRR method.

5.3.1 Image data
Simulated brain MRI

The simulated brain MRI was obtained from the publicly available BrainWeb database
[13]. To simulate a common case from anatomical neuro-imaging, T2-weighted slice-
stacks were generated as follows. Two isotropic HR (1x1x1 mm) T2-weighted
images with intensity non-uniformity of 20%, and noise-levels of 3% and 9%, re-
spectively, were downloaded. From each of the two HR images, slice-stacks were
obtained by application of a 1D Gaussian PSF in the slice-selection direction. The
full-width-half-maximum of the PSF was equal to the downsampling factor applied
in the slice-selection direction. By varying this factor as well as the slice-selection
direction, three orthogonal slice-stacks (axial, coronal, sagittal) were generated for
downsampling factors of 3, 5, 7, 9. Thus, a total of eight sets, each containing three
orthogonal slice-stacks, with resolutions of 1x1x3 mm, 1x1x5 mm, 1x1x7 mm,
and 1x1x9 mm, were generated from the two original images with noise-levels of
3% and 9%.
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Lung MRI

The lung MRI data was acquired on a 1.5 Tesla GE scanner. Axial, coronal, and
sagittal slice-stacks of a test-subject with the lung in expiratory state were acquired
during breath hold. A 2D gradient-recalled steady-state sequence (TE =2.2 s, TR =
0.75s, flip angle = 35 degrees, number of averages = 1) was used, having a scan time
of 15 seconds per slice-stack. The field of view was 400x400 mm, the acquisition
matrix was 128 x160, yielding an in-plane resolution of 3.125x2.5 mm. The slices
were reconstructed by the scanner to a grid of 256 x 256 with uniform pixel-sizes of
1.56 x1.56 mm. 40 slices were acquired per stack with a slice thickness of § mm.

5.3.2 Implementation details
Features

For the reconstruction experiments in this study all parameters were set empiri-
cally. Raw intensity patches of size 7x7 pixels were used in all SRR experiments.
This size was chosen to provide a good balance between the quantitative perfor-
mance and the visual image quality or the reconstructions.

Dictionaries

The dictionaries were trained on the central 2/3 of the slices of the available slice-
stacks to reduce the data load while including the central parts of the brain. Sub-
sequently, a mask was applied, that included the brain region and a rim of the
background wide enough to include entire patches. The HR slices were blurred
at two scales, empirically set so as to achieve good performance. Patches of HR
and blurred slices were extracted at corresponding locations. To further reduce the
dictionary size, a random subset of 3/4 of the dictionary atoms were discarded,
while maintaining the correspondence between the patches at the three scales. In
the single slice-stack experiments, where less slices were available, the dictionary
was augmented by rotating all patches by 90 degrees and appending these to the
non-rotated patches. For the lung reconstructions, the dictionaries were trained on
the central part of the images, containing lung, heart, trachea, stomach and a bit of
the surrounding tissue.

5.3.3 Quantitative evaluation

The proposed method, which we will refer to here as patch-based super-resolution
(PBSR), was evaluated for the application to 1) a single axial slice-stack (siPBSR),
2) the combination of three orthogonal slice-stacks (3orthoPBSR), and 3) for post-
processing of the result of another SRR method using three orthogonal slice-stacks
(LASR+PBSR). The PBSR processing was based on initial estimates of the HR im-
age. These were created from the available data by cubic interpolation in the case
where a single slice-stack was available, and either the average of three interpolated
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and aligned orthogonal slice-stacks(3orthAvg), or another SRR method (LASR) [71],
in the case where three slice-stacks were available. The performance of these meth-
ods on their own was also measured. All methods were evaluated on the eight sets
of simulated brain images.

For quantitative evaluation of the reconstruction quality, we applied two mea-
sures, peak-signal-to-noise ratio (PSNR) and the structural similarity index (SSIM)
[101]. To compute these measures, a noise-free HR T2-weighted image of 1 x 1 x
1 mm was downloaded from the BrainWeb database. PSNR of the reconstructed
image % with respect to the true HR image x is defined as

2
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and L the dynamic range of x. In SSIM two local patches at the same location i in x
and X are being compared. The mean SSIM between x and X is
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where iy(;) and oy ;) are, respectively, the mean and standard deviation of the lo-
cal image patch y(i). C; and C; are small positive constants to avoid numerical
instability, for which we used the default values of [101].

The results of the evaluations are shown in Fig. 5.2. As expected, lower noise
and thinner slices yield better reconstructions. Also, according to expectation, lower
noise and thinner slices yielded better reconstructions, and in most cases the recon-
structions based on three slice stacks were better than the ones based on a single-
stack. More interestingly and importantly, it can be seen that applying PBSR on an
initial HR estimate, consistently improves the PSNR and SSIM of the resulting im-
ages. For example, siPBSR consistently outperforms cubic interpolation. In all cases
except one, either 3orthoPBSR or LASR+PBSR ends up on top. Furthermore, the dif-
ference in the performance of the two SRR methods, LASR and 3orthoPBSR, is of
interest. Both methods find the initial registration parameters of the three orthogo-
nal volumes using a low-aliasing affine transformation model, which is an integral
part of the LASR method [71], but besides that, they can be compared as indepen-
dent, stand-alone SRR methods. It is seen how 3orthoPBSR tends to perform better
on small slice-thicknesses, and LASR better on thicker slices.

5.3.4 Qualitative evaluation

Figure 5.3 shows a number of coronal brain MR images reconstructed from either
one or three LR slice-stacks generated from the original HR image with a noise level
of 3%. Reconstructions using two different slice thicknesses, 3 mm and 7 mm, are
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shown. It can be seen that the images that have been processed with the proposed
PBSR method (images e, f, g, k, I, m) appear both sharper and less noisy than the
images that they were created from (images b, ¢, d, h, i, j). Interpolation artifacts,
especially visible at the bright skull-rim in images (b) and (h), are completely re-
moved in image (e), while partially removed in image (k). In image (e), details such
as the layers on the top right and left part of the skull become better discernible
after PBSR processing. In image (j), reconstructed with the LASR method, an oscil-
lating artifact pattern, due to the thick slices, is visible over the entire image. These
artifacts are reduced by the PBSR and edges in image (m) appear sharper and more
regular.

In Fig. 5.4, axial reconstructions of the lung MRI are shown. As a general remark,
these images nicely display the potential of using multi-image SRR for MRI slice-
stacks: comparing image (a), an interpolated coronal slice-stack, with images (b, c,
e, f) where three orthogonal slice-stacks are combined using more or less advanced
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Figure 5.3: Coronal slice of the simulated brain images, reconstructed using six methods: (a)
the noise-free HR reference image, (b) cubic interpolation, (c) 3orthoAvg, (d) LASR, (e) siPBSR,
(f) 3orthoPBSR, (g) LASR+PBSR. The reconstruction method of (h)-(m) corresponds to (b)-(g).
Refer to text in section 5.3.3 for method nomenclature. Reconstructions (b)-(g) are based on slice-
stacks of 3 mm slice thickness and (h)-(m) are based on slice-stacks of 7 mm slice thickness.

SRR methods, the difference is striking. Comparing the SRR images based on three
slice-stacks with each other, again, the PBSR images (e, f) appear sharper and less
noisy than the images they are based upon (b, c). PBSR based on a single slice-
stack (d) also looks sharper and less noisy than the original interpolated image
(a), but in this case it is difficult to assess whether (d) becomes a more accurate
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Figure 5.4: Axial slice of the lung data reconstructed using the six methods. Methods and image
order are the same as listed for Fig. 5.3. The lung MRI data are courtesy of P. Ciet and H. Tiddens
(Erasmus MC).

representation of the underlying anatomy. Comparing (c), reconstructed by LASR,
and (e), reconstructed by PBSR, we observe that, while reconstruction artifacts are
clearly present in the LASR reconstruction (especially along the edges of the image)
and not in PBSR, detailed structures in the vessel tree are sometimes better visible
in the LASR images.

5.4 Discussion

The main contribution of this chapter is the idea of exploiting redundancy across
scales in an MRI slice-stack for SRR. This idea is especially appealing because of
the vast amounts of such data that could potentially be enhanced using the pro-
posed method. Cross-scale self-similarity has previously been exploited for SRR in
MRI [58, 59, 77], but the present study is the first that takes explicit advantage of
the relation between structural features in the HR slices of a slice-stack and in the
orthogonal LR slices.

Our quantitative evaluation revealed that applying PBSR on an initial HR esti-



74 Chapter 5

mate consistently improves the PSNR and SSIM of the resulting images. The fact
that the PBSR improves the HR estimate of another SRR method (LASR) is worth
noting. LASR obtains a regularized maximum likelihood estimated after an iter-
ative procedure that takes into account the acquisition process while maintaining
global data consistency. The improved performance when applying PBSR on the
LASR estimate indicates that the imaging data contain valuable information that is
not exploited by the LASR method but can be exploited using a self-similarity prior.
The improvements in siPBSR over the cubic interpolated slice-stacks is small when
measured by PSNR. SSIM reports slightly larger improvements, and is known to
agree more with the human perception of image quality than PSNR, which cor-
responds with the observations in the qualitative evaluations (e.g. Fig. 5.3(be)),
where the siPBSR image looks more similar to the true HR image.

The experiments conducted in this chapter only present a limited evaluation
of the proposed method. In future work we plan to study how the patch size and
the number of patches in the dictionary affect the performance of our method. In
the experiments performed for the present chapter we generally found that smaller
patches (e.g. 5x5 pixels) improved the quantitative performance, while degrading
in visual quality, and vice versa for larger patches (e.g. 11x11 pixels). The number
of blurring levels of the dictionary is another free parameter whose effect on the
performance should be thoroughly tested. Such results may, however, not general-
ize easily, since they will be dependent on the specific anatomy, and on the image
quality. Also, we have used only the first NNs for our reconstruction. Using an av-
erage of the first n NNs may improve the results. Imposing a structural coherency
constraint between overlapping/neighboring patches may also have a positive ef-
fect.

The method has high computational complexity (O(n|(QY|)). It would be interest-
ing to see how a dictionary of a smaller size would perform in terms of reconstruc-
tion quality. For example, it would be interesting to apply the dictionary learning
methods of [104, 108], in which a more compact, while still redundant, representa-
tion of the image subspace is achieved.

In this chapter we have presented an SRR method for MRI slice-stacks based on
cross-scale self-similarity. The results of both quantitative and qualitative evalua-
tions revealed that it exploits valuable image information missed by another state-
of-the-art SSR method. While the preliminary experiments presented here demon-
strate that our method improves the quality of MRI slice-stacks, further investi-
gations are needed to study the extent to which this improves diagnostic quality,
accuracy of segmentations, and registration quality.
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Abstract

In this work we introduce a generalization of the sparse representations classifi-
cation (SRC) methodology. In conventional SRC, a voxel is classified by represent-
ing its features by two or more class-specific dictionaries and assigning the voxel
to the class whose dictionary yields the minimum residual. We generalize SRC by,
for each voxel, repeating this procedure a number of times, obtaining multiple non-
overlapping sparse representations and their residuals with respect to each dictio-
nary. Subsequently, we fuse the residuals into a more statistically informed and
robust class assignment. We name this approach multiple sparse representations clas-
sification (mSRC) and validate it for three applications: pixelwise classification of 2D
texture images, lumen segmentation in carotid MRI, and bifurcation point detection
in carotid MRL In all three applications mSRC outperforms basic SRC. We compare
our method with K-nearest neighbor and support vector machine classifiers.
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6.1 Introduction

The use of learned, overcomplete dictionaries and sparse representations of sig-
nals has been shown to yield state-of-the-art performance in reconstructive image
processing tasks [20, 57, 58], and in the recent years, the methodology has found
application in the image analysis domain as well [56, 103]. In this chapter, we first
describe how learned overcomplete dictionaries and sparse representations have
been used for voxelwise classification tasks. Then, we introduce a powerful gener-
alization of the conventional so-called sparse representation classification (SRC) that
allows a more exhaustive exploitation of the redundancy of the overcomplete dic-
tionaries. We begin with an introduction to the concepts of dictionaries and sparse
representations.

When a signal can be represented by a number of coefficients that is much
smaller than the number of components in the signal itself, it is said to have a
sparse representation. More formally, a signal x € R" is said to be sparse over a
dictionary D € R"*™, if there exists a vector a € R™ with low Lo-norm, ||al|o, such
that x = Da.

In the context of image processing and analysis, the signal x is often simply
a vectorized patch of image intensities. The patch is extracted from the image as
a descriptor or feature of the voxel in the patch center. The size of the patches is
chosen such that they capture the structures that are relevant for the task at hand.
Other types of features can be generated, e.g. by applying filters to the images that
emphasize particular structures of interest, or dimensionality reducing operations
that find more compact feature descriptors.

A learned dictionary is a set of vectors, usually concatenated into a matrix. The
dictionary can consist of features that have been extracted directly from a database
of images, or it can be derived from this database in a training stage to yield a more
compact representation of the training data. The individual vectors of a dictionary
are called atoms. This terminology is commonly used in the literature, and we will
adopt it here as well.

In the context of sparse representations, most studies have focused on overcom-
plete dictionaries, meaning that m > n for a full rank D. In fact, the overcomplete-
ness of a dictionary is directly related to its ability to represent a signal sparsely.
Consider a large dictionary; as this dictionary grows, it becomes increasingly likely
that the signal itself is present in the dictionary (up to a scaling factor). As the dic-
tionary shrinks, it becomes necessary to combine an increasing number atoms from
D in order to maintain the expressiveness of the dictionary. In this way, sparsity
arises directly from the overcompleteness, and at the same time it provides a natu-
ral constraint to the underdetermined system x = Da [12, 53, 61, 85]. We note that
example-based regularization methods such as non-local means (NLM) [10] and
hallucination [5] are based on similar principles.

It has been shown that learned dictionaries generally outperform analytical
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ones [20], and in this study we focus on learned overcomplete dictionaries that
incorporate the sparsity prior via the learning process. An excellent overview of
the evolution of dictionaries for sparse representation is given in [80].

6.1.1 Sparsity and self-similarity of the data

In the image domain, sparse representations can be applied because small-scale
structures tend to repeat themselves throughout an image or a group of similar im-
ages. This phenomenon is also known as self-similarity. Textures, for example, are
by definition highly self-similar (we define a texture as a local structure that repeats
itself many times over a contiguous image region) and they often have a very accu-
rate sparse representation by dictionaries trained on similar images (see [66] for an
overview of sparse modeling of textures). Natural images are generally rich in tex-
ture and other repeating structures and abundant with self-similarity [111]. Think,
for example, of the leaves in an image of a tree, the faces in a crowd of people, or
the windows of houses in a street view. The bulk of studies on dictionary learning
and sparse representations have considered this type of images.

Completely different images are produced in the medical imaging domain (MRI,
CT, Ultra-sound). These images tend to be piecewise smooth (at least in the noise-
free case) and often do not contain any texture at all. Self-similarity does exist
though. Consider, for example, the set of slices of an MRI of a brain or a vessel-
tree. Both within and between such slices, much of the content will be repeated and
local features can be well approximated by features elsewhere in the image or in
other, similar, images. This is illustrated in Fig. 6.1.

Each curve plotted in the figure shows the average correlation between patches
sampled from a carotid MRI, and the 100 best non-overlapping sparse represen-
tations of each patch using a dictionary trained on other carotid MRIs. By non-
overlapping we mean, that each atom is used only once in these 100 sparse repre-
sentations; after it has been used, it is removed from the dictionary. The dictionaries
have been trained and tested using varying patch sizes and sparsity-levels, i.e. the
number of atoms used for sparse representation.

The figure essentially shows, that patches in a carotid MRI can be well repre-
sented as a linear combination of atoms in a dictionary trained on patches from
other carotid MRIs. A second observation is that this dictionary is sufficiently re-
dundant to accurately represent the new patches many times with non-overlapping
sets of atoms. This reveals a massive redundancy in the dictionary and in this study
we show how this redundancy can be exploited to improve sparse representation
classification.

6.1.2 Sparse representation classification

If one thinks of a dictionary as a distribution, then the sparse representation of a
new signal, using the dictionary, can be seen as a sample from the distribution. If
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Figure 6.1: lllustration of the redundancy of dictionaries trained on a carotid MRI data-set. The
dictionaries had 1000 atoms and were trained under varying sparsity-levels and patch sizes:
3 x 3 x 3 voxels (left) and 7 x 7 x 7 voxels (right). Approximately 1000 patches were sampled
randomly from a test image (a carotid MRI not included in the training-set) and represented using
the dictionaries. The graphs show the average correlation of the sampled patches with their first
100 non-overlapping sparse representations using the dictionaries.

the new signal is similar to the training data (say, both are images of brick walls),
then it will be well approximated by the dictionary and thus likely under the dis-
tribution. If, however, the signal is of a very different type (say, an image of a grass
field), then its representation will be less accurate, and the signal less likely under
the distribution. This reasoning naturally leads to the use of dictionaries for classi-
fication.

Sparse representation classification (SRC) denotes a group of methods that use
dictionaries and sparse representations for classification. In the basic SRC scheme,
a dictionary is learned for each class, and classification of a new signal is done
by finding the dictionary that sparsely represents the signal with the minimum
residual.

In this chapter, we present a powerful generalization of SRC that is based on
the observations in Fig. 6.1, described above: Instead of extracting a single signal
representation from each dictionary, we find multiple non-overlapping sparse rep-
resentations, and for each dictionary we fuse the multiple representation residuals
into a soft class assignment. In this way, the statistical robustness of the classifier
increases in the same way that flipping an unfair coin multiple times will improve
our guess on which face it is more likely to show. We dub the approach multiple
sparse representations classification (mSRC) and test it on three different applications:
texture classification, carotid MRI lumen segmentation, and bifurcation detection
in carotid MRI. In all applications, we compare the performance with conventional
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SRC, K-nearest neighbor (K-NN) and support vector machine (SVM) classifiers.

In the rest of this chapter, we first review previous work in the field of SRC. In
section 6.3, we provide details about the mSRC method. The experimental design is
described in section 6.4, followed by the results in section 6.5, and finally, in section
6.6, we discuss our findings and point out future directions in mSRC research.

6.2 Previous work

Early works in the field of SRC include [86] and [39] that both considered the prob-
lem of texture classification. In the method of [86], overcomplete dictionaries are
trained for multiple types of textures. Classification of a new sample is performed
by associating it with the texture type whose dictionary results in the minimum
residual error, essentially implementing the idea described above. Such dictionaries
are called reconstructive because they focus on the task of accurate representation,
and they lead to a generative classifier.

In [56], the concept of discriminative dictionaries was proposed with the notion
that for classification purposes a dictionary should not only represent a certain class
of structures well, but also represent structures from other classes poorly. For train-
ing of the dictionary, a cost function is formulated over the dictionaries from all
classes simultaneously. The cost function includes a discriminative softmax func-
tion that penalizes a dictionary’s accurate representation of signals from the wrong
class. The method was applied to texture classification and object detection.

Another discriminative approach was described in [74]. Here, discrimination is
achieved by including the inter-dictionary coherence in the training cost function,
promoting dictionaries that are more distinct. The method was applied to textures,
object detection and digit recognition.

An entirely different path was taken in [103]. In this method a single dictionary
is used for face recognition. The dictionary is not trained but consists of many face
images of a number of persons. A new face image is represented as a sparse linear
combination of all faces/atoms in the dictionary. Subsequently, the atoms used in
the sparse representation are split into their respective classes and the residual with
respect to the input image is calculated per class. The input image is associated with
the class that yields the minimum residual.

Instead of basing classification on the representation residuals only, in [105] the
trained classifier takes the sparse coding coefficients into account. Using a struc-
tured dictionary, created by concatenating class-specific sub-dictionaries, the Fisher
discrimination criterion is imposed to decrease intra-class scatter and increase inter-
class scatter of the coefficients of the training data. Classification is based on the
reconstruction error as well as the distance to a mean coefficient vector learned
during training. The method was tested on face, digit, and gender recognition.

In the context of MRI, the sparse representation based methodology has mainly
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been applied for image processing tasks like denoising and super-resolution [58, 68,
77]. Recently, however, the methodology has been applied to MR image analysis,
specifically, segmentation.

In [15], an approach, heavily inspired by the NLM-method [10], was applied
to hippocampus and ventricle segmentation. The method is an adaptation of atlas-
based segmentation to the local self-similarity paradigm in which images that have
been annotated by experts are pre-registered to the target image and classification
of a target voxel/patch is performed by weighting the labels of the most similar
patches in a local neighborhood in the atlas images. In [14], this method was shown
to work well for detection and grading of Alzheimer’s disease. In [79], a similar
approach was applied to general brain structure segmentation.

In [92], two approaches to hippocampus segmentation in MRI were presented.
Both rely on a registered set of atlas images and dictionaries extracted for each voxel
in the target image. In the first approach, all patches in a neighborhood around the
target voxel position are extracted from the labeled training data and used directly
as the voxel’s dictionary. After a target patch has been coded using the dictionary,
it is assigned to the class whose contributing patches yield the minimal reconstruc-
tion error, much like in the approach of [103] described above. Sparse coding is
performed using elastic nets [112]. In the second approach, discrimination is incor-
porated by adding a classification error term to the dictionary training objective
function, thus training a dictionary and a classifier simultaneously. A target patch
is classified by first representing the patch sparsely using the dictionary and then
applying the classifier to the sparse coding coefficients.

SRC has also been applied to prostate segmentation in CT images [26]. In a series
of steps, involving feature selection among a number of context and appearance
features, dictionary training by elastic nets [112], and a linear regression step that
trains a soft classifier from the representation residuals, a discriminative classifier is
created. Classification of a new sample is done over a number of iterations in which
the classification results are refined by updates to the context features.

Through the years, the basic SRC idea, as proposed by [86], has been modi-
fied in various ways in order to improve its performance or adapt it to specific
classification tasks. While these objectives have been achieved, the complexity of
the approaches have increased and involved processing pipelines have been built
around the SRC to effectively perform the given tasks. In this work, we focus on
how the basic SRC can be improved by a generalization that takes the exploitation
of the dictionary redundancy one step further. As such, the idea presented in the
following can be adapted to many of the methods described above.
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6.3 Methods

6.3.1 Dictionary learning

There are several ways to learn a dictionary (for an overview, see [80]). In this study
we adopt the K-SVD algorithm [1], which is a relatively efficient method that in-
corporates the sparsity prior in the training process. Given a set of Ly-normalized
training signals X = [x1xz...xp1], K-SVD attempts to solve the following problem:

r]I)1i1§1||X—DA||% st. lajllo<T Vi, (6.1)

where A = [aja...a)] is the set of corresponding sparse coding vectors, T limits the
number of non-zero coefficients in each a;, and || - || is the Frobenius norm. The
problem is a combinatorial one and a solution is, in general, intractable. K-SVD,
however, approximates the solution by alternating between a greedy sparse coding
step using the current dictionary estimate, and a dictionary update step. K-SVD has
been shown to converge to a dictionary that is very close to the optimal one [19].

6.3.2 Sparse coding

Given a dictionary, D, the goal in sparse coding is to represent a signal x as a linear
combination x = D4, where 4 is sparse. We wish to solve

d=argmin||x —Dal|; st |lallo<T, (6.2)
a

where T is the maximum number of atoms to be used. As in dictionary training, the
solution to this system is in general intractable. Instead, a locally optimal solution
can be found by a greedy approach, e.g. orthogonal matching pursuit [93].

6.3.3 Sparse representation based classification

In basic SRC, the central voxel of an image patch is classified according to how well
the patch is represented by the class-specific dictionaries. After a dictionary D; has
been trained for each class i € {1..N} of image content, classification of a new
patch X,y can be performed by evaluating the representation errors

ei(xnew) = ||Xnew - DiaiH% Vi, (6.3)

where §; has been found using Eq. (6.2). From the class errors e; a pseudo-probability
measure, p(Ci), is computed, leading to the following class assignment rule:

i* = argmax p(C;), where p(C;))=1-— ‘i

6.4
1 e (6-4)
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6.3.4 Multiple SRC

The underlying idea of mSRC was explored in [23], where the following question
was posed for a denoising application: "Suppose we are served with a group of
competing sparse representations, each claiming to explain the signal differently.
Can those be fused somehow to lead to better results?" The answer came out posi-
tive. Though our approach is different than that of [23], the proposed generalization
of SRC follows from the similar intuitive idea, that by fusing the residuals of multi-
ple non-overlapping sparse representations for each dictionary, a more robust class
estimate of a given signal can be obtained.

The residuals of the non-overlapping sparse representations of a signal X0, are
obtained by iteratively solving Eq. (6.3) for all classes i. After each iteration j, each
dictionary D; is updated by removing the atoms that are non-zero in the current
sparse coding vector &;, that is, the atoms that are used in the jth sparse representa-
tion of x;.. Using L iterations, the voxel is assigned to

L
it = argmaprj(Ci) , (6.5)
|

where p;(C;) is the pseudo-probability of class i found in the jth iteration.

As seen in Fig. 6.1, subsequent representations, j > 1, are still highly accurate. It
is our hypothesis, that the accumulation of information in the pseudo-probability
derived from these representations will improve the performance of our classifier.

6.4 Experimental design

SRC is a generic methodology, and in the computer vision literature it has been
shown to work for a number of different applications (texture classification, object
detection, face and digit recognition). To validate and explore the performance of
our mSRC approach, we have chosen three different application settings. The first,
is texture classification using texture images from the Brodatz database [75]. The
second, is carotid artery lumen segmentation in MRI, where the centerline of the
carotid is given. Finally, the approach is applied to bifurcation point detection in
carotid artery MRI. In the following subsections we describe the design of each of
these experiments in detail.

Besides testing the effect of fusing multiple sparse representations for classifica-
tion (mSRC), we perform a series of experiments in which we optimize the mSRC
parameters for the given task. The main free parameters of the dictionary training
process are the feature (i.e. patch) size, the sparsity-level, and the size of the dic-
tionary. We implement grid search strategies to find the optimal parameter settings
using a data-set dedicated to parameter tuning.
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In each experiment, we compare mSRC with basic SRC, K-nearest neighbors (K-
NN), and support vector machine (SVM) classifiers. The used SVM applies a radial
basis function kernel. This kernel was chosen because it is the most commonly used
in the SVM literature. Furthermore, it makes SVM a nonlinear classifier and in that
way similar to the other methods. We used the SVM implementation of [11].

In SVM, three parameters were optimized: patch size, the SVM parameter C,
which weighs the significance of wrongly classified samples during training, and
the parameter 7, which is a parameter of the radial basis function kernel. In [11],
it is recommended to test the following ranges: C € {2_5,2_3,...,213,215 }, and
v € {2’15,2’13,...,21,23 }. The grid search optimization was performed in this
range, although in some cases the range was extended to improve performance.
In the K-NN experiments, the patch size and the values of K were optimized for
performance.

In the K-NN experiments the training-set was the same as those for mSRC, given
below. In the SVM experiments, due to the time complexity of the training process,
only 1500 training samples per class were used for each experiment. These sam-
ples were picked from random locations in each class-specific part of the training
images.

6.4.1 Texture classification

The Brodatz texture data-set has been used in a number of studies of SRC. For this
study, three textures (D21, D28, and D77) were selected to accommodate a basic test
of our hypothesis that using multiple sparse representations for classification works
better than using a single one. D21 and D77 are textures of two types of cloth fabric,
while D28 shows a rock surface, see Fig. 6.2. The texture images were split into a
training part of size 480 x 640 pixels and a test part of size 160 x 640 pixels. Three
pairwise classification experiments were performed using hit-rates (the ratio of cor-
rectly classified pixels) for evaluation. It is investigated how the performance of
mSRC varies with the number of sparse representations used. A dictionary size of
1000 atoms was used, and a grid search optimization was performed on patch sizes
of {(3%3),(5%x5),(7x7),(9%x9),(11 x 11)}, and sparsity-levels of {1,3,5,7,9}.
In each pairwise experiment, the size of the training-set was approximately 300,000
samples per class.

6.4.2 Carotid artery lumen segmentation

Segmentation of the carotid artery lumen is relevant for investigating the state and
progression of atherosclerotic disease [36, 99, 107]. In this application, we pose the
segmentation of the carotid arteries in MRI as a voxelwise classification problem,
in which the carotid centerlines are given to guide the segmentation. Examples of
cropped slices of a carotid artery MRI are shown in Fig. 6.3.
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Figure 6.2: The three Brodatz textures being used for the texture classification experiments. From
left to right: D21, D77, D28.

A data-set consisting of 29 MR images of the head and neck region of 29 pa-
tients was used. The MRIs were proton density weighted 2D spin echo images of
resolution 0.5 x 0.5 x 0.9 mm, and size 256 x 256 x 51 voxels, acquired with a 1.5
T scanner. For all 29 subjects, the left and right carotid centerlines and the lumens
were annotated by experts. The data is a sub-set of the data used in [36] .

The images were bias-corrected with the method of [95], and split into two sets:
one was used for parameter tuning, the other was used for the final experiment
using the found optimal parameters. The set of images used for parameter tuning
consisted of 8 images selected randomly from the full set of 29 images. Parameter
tuning was performed by leave-one-out tests. The tuned parameters were feature
size, the sparsity-level, and dictionary size. The remaining 21 images were parti-
tioned into a training-set consisting of 11 images and a test-set consisting of the
remaining 10 images.

In each experiment, the training data was organized by extracting cubic (in
voxel-space) patches centered on all voxels inside the annotated lumen regions of
each training image. This resulted in approximately 14,000 lumen samples from
each of the 7 training images. A corresponding number of background patches
were extracted in each training image, from random locations in a tubular region
around the lumen. This region was defined around the annotated centerline with a
diameter of 31 voxels. All patches were vectorized and principle component anal-
ysis (PCA) was performed to reduce the dimensionality. The components with the
lowest 0.1% of energy were discarded. Lumen and background dictionaries were
trained on these signals.

Before segmentation, each MRI image was split into a left and a right part, such
that only a single carotid was present in each resulting image. A tubular region of

The data can be obtained via http:/ /ergocar.bigr.nl/
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Figure 6.3: Cropped slices 10, 20, and 30 (left to right) of the left carotid of subject 1 in the carotid
MRI data-set. The arrows point to the common carotid artery (left image), the carotid bifurcation
point (center image), and the internal and external parts of the carotid after the bifurcation (right
image).

interest (ROI) with a diameter of 31 voxels, was generated around the annotated
centerline. At each voxel in the ROI, cubic patches were extracted and, after vec-
torization, projected into the lower-dimensionality space obtained by PCA during
training. After assigning each voxel in the ROI to either foreground (carotid lumen)
or background by mSRC, a simple 2D connected component procedure was per-
formed: for each slice in the voxelwise classification image, a logic OR operation
was performed with the corresponding slice of an inflated version of the centerline
(diameter of 7 voxels). In each slice, only the connected component that included
the inflated centerline was considered lumen in the final segmentation.

Using the annotated carotid artery lumen as ground truth, the Dice overlap
score [17] was used for evaluation.

A two-stage parameter tuning process was performed for SRC and mSRC. First,
using a dictionary of 1000 atoms, a grid search optimization was performed on
patch sizes of {(3 x3 % 3),(5x5x5),(7x7x7),(9%x9x%x9),(11 x11 x 11)}, and
sparsity-levels of {1,3,5,7,9}. Next, the best performing sub-set of the patch sizes
were selected for a 3D grid search in which the additional parameters were the
sparsity-levels, with the values listed above, and dictionaries with 200, 500, 1000,
2000, 4000 atoms, respectively.

6.4.3 Carotid artery bifurcation detection

Detection of the bifurcation in carotid artery MRI is useful for carotid centerline
extraction, segmentation, and registration (in multimodal imaging or longitudinal
studies). For this experiment the MRI data-set of 29 subject was partitioned into the
same parameter tuning set and a test-set as described in the previous section, and
the same bias-correction method was applied. In all 29 subjects an expert annotated
the bifurcation point and lumen of the left and right carotid arteries. An example
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of a bifurcation point can be seen at the arrow tip in the central image of Fig. 6.3.

The bifurcation point dictionary was trained on image patches extracted in a
region of 7 x 7 x 7 voxels centered on the annotated bifurcation points. To extend
and introduce more variability into the training-set, a number of rotations were ap-
plied to the training images, and at each rotation, patches were extracted around
the annotated (correspondingly rotated) bifurcation points and added to the bifur-
cation point training-set. This resulted in approximately 4500 samples from each of
the 7 training images. For each rotation, and each image, a corresponding number
of patches were sampled at random locations in the rest of the image. The set of
angular rotations were -30, -20, -10, 0, 10, 20, and 30 degrees, rotations were done
around the slice selection direction. Before training of the bifurcation point and
background dictionaries, all patches were vectorized and PCA was performed to
reduce the dimensionality. The components with the lowest 0.1% of energy were
discarded.

As in the carotid artery segmentation experiments, the test images were split
into their left and right halves, such that only a single bifurcation was present in
each test image. Rectangular left and right ROIs were generated such that the an-
notated bifurcation points in all 29 images were contained in the ROIs. The sizes of
the left and right ROIs were 42 x 65 x 39 and 47 x 52 x 39 voxels, respectively. To re-
duce computation time, bifurcation point detection was performed inside the ROIs
only. A class response image was generated by assigning a pseudo-probability to
each voxel of it being the bifurcation point, and the voxel with the highest response
was classified as the bifurcation point. While the class assignment in SRC, mSRC,
and SVM is done by a continuous range of pseudo-probability values, in K-NN the
soft class assignment is discretized into K levels. To decrease the likelihood of hav-
ing multiple maximum response points, large values of K were used in the tuning,
and a Gaussian filter with o = 0.5 voxel was applied to the class response image.
To make conditions uniform, this filter was applied to the response images of all
four methods.

Using the annotated bifurcation points as ground truth, the distance in millime-
ters between the detected and annotated bifurcation points was used as evaluation
measure.

A two-stage parameter optimization was performed for SRC and mSRC. First,
using a dictionary of 1000 atoms, a grid search optimization was performed on
patch sizes of {(3 x3x3),(5x5x5),(7x7x7),(9%x9x%x9),(11 x11 x 11)},
and sparsity-levels of {1,3,5,7}. Next, the best performing sub-set of patch sizes
were selected for a 3D grid search in which the additional parameters were the
sparsity-levels, with the values listed above, and dictionary size, with values of
{500, 1000, 2000,4000} atoms.
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6.5 Results

6.5.1 Texture classification

The results of the pairwise classifications are shown for patch sizes 3 x 3 and 5 x 5
pixels and sparsity-levels of {1,3,5,7,9} in Fig. 6.4. For patch sizes of 9 x 9 pixels
and larger, the results improve to near perfect classification (hit rates > 0.99).

The positive effect of using mSRC is clear from the plots. The hit-rates generally
increase with the number of representations used. It can also be seen how the rate
of improvement decreases with the number of representations.

An exception is the results obtained with a sparsity-level of 1: after an initial
improvement in performance when using 2-4 sparse representations, a small but
consistent decay is seen for higher numbers of sparse representations. Another ex-
ception to the positive effect of mSRC is seen in the top-left and mid-left sub-plots,
for sparsity-levels of 9. Here, a clear negative effect of using multiple representa-
tions is found, and the hit-rates move asymptotically towards 0.5, that is, a seem-
ingly random class assignments. In both cases, the hit-rate is quite poor when using
just a single sparse representation.

A final observation from Fig. 6.4 is that when only a single sparse representation
is used, a sparsity-level of 1 performs best. When using multiple sparse representa-
tion, higher sparsity-levels perform better. This effect is discussed in more detail in
section 6.6.

In Fig. 6.5 the performance of mSRC is compared with that of basic SRC, K-
NN, and SVM for the pairwise texture classifications. For SVM, the patch size, and
the parameters C and y were optimized. For visualization purposes, only the SVM
results with the optimal v = 2719 are included in the figure.

For small patch-sizes, the performance of SRC and mSRC is generally inferior
to that of K-NN and SVM (in fact, in several cases not even in the displayed hit-rate
range) but for larger patch sizes, all methods perform very well.

SRC with a sparsity-level of 1 generally performs almost as good as the highest
scoring sparsity-level of mSRC. For sparsity-levels larger than 1, mSRC consistently
outperforms SRC.

6.5.2 Carotid artery lumen segmentation
Parameter tuning

In Fig. 6.6, the results of the parameter tuning for carotid artery lumen segmenta-
tion are shown. In these experiments the dictionary size is 1000 atoms. It can be
seen how the segmentation performance generally improves with the number of
sparse representations used, resembling the results of the texture experiments. As
in the texture experiments, an exception to the trend occurs (in some of the cases)
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for sparsity-levels of 1: after a small increase, the performance decreases slightly
when using more sparse representations.

It is clear that the patch size has a significant impact on the segmentation per-
formance, which increases when going from a patch size of 3 x 3 x3to7 x7 x 7
voxels. The highest Dice scores obtained with patch size 9 X 9 x 9 are slightly bet-
ter than those of 7 x 7 x 7. Experiments were also performed with patch sizes of
11 x 11 x 11 voxels but the results of these were inferior to those of patch-sizes of
both7 x 7 x 7and 9 x 9 x 9 voxels and have not been included.

The effect of the sparsity-level is clear for small numbers of sparse representa-
tions. When using only a single sparse representation, there is a consistent order to
the performance of the sparsity-levels: using 1 atom yields best performance, fol-
lowed by using 3, 5, 7, and 9 atoms. Interestingly, this general order was also seen
in the texture experiments. When more sparse representations are used, sparsity
levels of 3, 5, and 7 consistently outperform sparsity-levels of 1 and 9.

Further experiments were performed to examine the influence of the dictionary
size on the performance. The results are visualized in Fig. 6.7 for dictionaries of
{200, 500, 1000,2000,4000} atoms using SRC and mSRC with 15 sparse representa-
tions. For mSRC, the performance of dictionaries of sizes 2000 and 4000 atoms is
very similar and only slightly better than when using a dictionary of 1000 atoms.
The overall optimal parameters are a dictionary size of 2000 atoms, a patch size of
9 x 9 x 9 voxels, and a sparsity-level of 7 atoms. These parameters were used to test
the method on the test-set.

For the reference methods, the optimal parameters were found by parameter
tuning as well. For SRC, the following parameters yielded the best Dice score: dic-
tionary size of 500 atoms, a patch size of 7 x 7 x 7 voxels, and a sparsity-level of
1. For K-NN, patches of size {(3 x 3 x 3),(5 x5x5),(7x7 x7),(9x9x9),(11 x
11 x 11)} voxels and Ks of {1,11,21,31,41} were tested. The optimal parameters
for K-NN were found to be a patch size of 3 x 3 x 3 voxels and a K of 31. For SVM,
the same patch sizes were tested and the optimal parameters were a patch size of
3x3x3,C=2andy =271,

Performance on test-set

The results of the experiments are shown in Fig. 6.8. The best performance, mea-
sured by median Dice score, was achieved by mSRC (0.855) followed by K-NN
(0.845), and SRC (0.779). SVM performed considerably worse than the other meth-
ods with a Dice score of 0.440.

6.5.3 Carotid artery bifurcation detection
Parameter tuning

The results of the parameter tuning in the bifurcation detection experiments are
shown in Fig. 6.9. Again, the patch size has a clear effect: for larger patch sizes, the
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bifurcation points are detected with smaller median distances to the ground truth
points, and the seemingly erratic effect of the sparsity-level is reduced.

The effect of using multiple sparse representations is not clear. For patch sizes of
9 x 9 x9and 11 x 11 x 11 voxels, when using more than one sparse representation
there is a tendency of decreased distance to the ground truth points, but in many
cases this effect reverses when using a high number of representations. From these
plots we find that using nine sparse representations yields the best results, but in
the lack of a clear trend, no general conclusion can be drawn.

The heatmap visualization in Fig. 6.10 shows the effect of dictionary size and
sparsity-level for given patch sizes. Based on the results in Fig. 6.9, nine sparse rep-
resentations were used here. Again, it is hard to draw general conclusions about the
effect of the parameter settings from these plots, but there is a tendency for lower
sparsity-levels to perform better. The optimal settings for mSRC are a dictionary
size of 500 atoms, a patch size of 9 x 9 x 9 voxels, a sparsity-level of 1, and the nine
sparse representations as determined by the previous experiment (Fig. 6.10). These
parameters were used for mSRC bifurcation detection on the test-set.

For the reference methods, the optimal parameters were found by parameter
tuning as well. For SRC, the same parameters were tested as for mSRC. The op-
timal set of parameters were found to be a dictionary size of 500, a patch size
of 9 x 9 x 9 voxels, and a sparsity-level of 7. For K-NN, patches of size {(3 x
3x3),(5x5x%5),(7x7x%x7),(9%x9x9),(11 x 11 x 11)} voxels and K-values of
{100,200, 300, 400, 500} were tested. The optimal parameters for K-NN were found
to be a patch size of 5 x 5 x 5 voxels and a K of 200. For SVM, the same patch sizes
were tested and the optimal parameters were a patch size of 3 x 3 x 3, C = 8192,
and y =271,

Performance on test-set

The results on the test-set are shown in Fig. 6.11. The best performance, measured
by median distance, of the detected bifurcation points to the ground truth, was
achieved by K-NN (1.35 mm), followed by mSRC (1.46 mm), and SRC (2.06 mm).
SVM performed considerably worse than the other methods with a median dis-
tance of 9.71 mm.

6.6 Discussion

In this work we have presented a generalization of the basic SRC classification
scheme, an approach which we have called multiple SRC and that coincides with
SRC in the case where L = 1in 6.5. The effectiveness of the generalization relies on
an extended exploitation of the statistical redundancy of the dictionaries.
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6.6.1 mSRC versus SRC (effect of the number of representations)

In Figs. 6.4 and 6.6, the effect of using multiple sparse representation for voxel-
wise classification is clear. For sparsity-levels higher than 1, the classification per-
formance increases considerably. The largest increase in performance is seen for the
first few additional representations.

In the texture classification experiments there is little gain by using mSRC over
SRC. For small patch sizes there is some improvement in performance but for larger
patches both methods yield near perfect classification. In fact, all tested methods
(depending on the parameter settings) yield near perfect classification in these ex-
periments (see Fig. 6.5), so the problem may be too easy for an informative compar-
ison of the methods.

In the carotid artery lumen segmentation problem, on the other hand, there is a
clear difference in the performance between SRC and mSRC. While SRC performs
reasonably with a sparsity-level of 1, there are pronounced improvements in per-
formance when using mSRC in combination with higher sparsity-levels and patch
sizes larger than 3 x 3 x 3. In the following we shall discuss in detail how these
parameters interact.

6.6.2 Effect of patch size

The patch size has a significant impact on the classification performance, not only
for (m)SRC, but also for K-NN and SVM. This was to be expected, since it is the
patch size that determines whether sufficient local information is captured to en-
able class discrimination. In the degenerate case of using a single voxel as the fea-
ture, no discriminative properties are present (intensity information is discarded in
(m)SRC due to the scaling factor in its generative model). The patch can also be-
come too large. If a patch captures more than the essential features of a class, then
its distance to other samples of the class increases and its properties do not general-
ize to discrimination. So, for every application, the patch size should be optimized
against the scale of the structural components of interest and the image resolution.

As noted in section 6.1, there is a qualitative difference between the highly tex-
tured natural images, and the piecewise smooth medical images. The textures in-
cluded in this study are highly repetitive, and a good descriptor should capture
at least a few periods of such repetitions. In Fig. 6.5 it is seen that a patch size of
5 x 5 or 7 x 7 in the texture experiments is sufficient to capture the discriminative
structures for both mSRC and the reference methods. Larger patches perform even
better but due to a larger overlap they are expected to perform poorly in border
regions of adjacent textures.

In the carotid MR images, patch sizes of 7 X 7 x 7 and 9 x 9 x 9 capture the dis-
criminative structures well for (m)SRC, in both the segmentation and bifurcation
point detection experiments. Interestingly, for this application K-NN and SVM per-
form better for smaller patch sizes (3 X 3 x 3 and 5 x 5 x 5) than for larger ones.
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The reason for this may be that both K-NN and SVM include the patch intensity in
their class model, and that small patches are sufficient to capture the intensity.

6.6.3 Effect of sparsity-level

Given a dictionary size, the sparsity-level determines the flexibility of the represen-
tation. The higher the sparsity-level, the easier it becomes to approximate a given
signal, be it from the dictionary’s class or not.

One clear result to be observed from Figs. 6.4 and 6.6 is that the flexibility pro-
vided by higher sparsity-levels does not help in SRC (that is, mSRC using 1 repre-
sentation): in all plots, the classification/segmentation performance is ordered by
the increasing sparsity-levels, with a sparsity-level of 1 on top.

When a single representation is used, the representation errors are high, and so
are the differences between the errors from the various class dictionaries. When the
representation power of a dictionary increases by using higher sparsity-levels, the
errors decrease, as does the difference in error between the class dictionaries.

This effect was confirmed by an experiment illustrated in Fig. 6.12. The plots
show the sum of squared errors (SSE) (normalized by the sum of squares of the
corresponding input signals) of the representations in a carotid lumen segmenta-
tion. In the plots the noise level is shown as constant line in the bottom of each
sub-figure. The noise level is based on the standard deviation of the lumen region
o:

M NO’Z
noise = — _—, 6.6
METY o
where M is the number of feature vectors in the entire ROI, and N is the dimension-
ality of the feature vectors, and x;; denotes the jth element of the ith feature vector
of the ROL.

It is seen, that for a sparsity-level of 9 (Fig. 6.12, bottom row), both the correct
and the incorrect dictionaries yield representation errors close to the noise level.
When the representation error gets lower, it becomes more influenced by the noise
and so does the classification. In mSRC, due to the slightly lower accuracy (higher
normalized SSE) of the subsequent representations, the effect of overfitting is re-
duced (see Fig. 6.12, right column). We thus reason, that the improvement of the
classification/segmentation results, when using high sparsity-levels and multiple
representations, are caused by a joint effect of statistical accumulation of evidence of
class relationship and a reduction of overfitting in subsequent representations.

6.6.4 Effect of dictionary size

The dictionary size also provides flexibility in the representation. The larger/more
overcomplete the dictionary, the more sparsely a signal can be represented. The



94 Chapter 6

effect of dictionary size has been tested for the carotid segmentation and bifurca-
tion experiments. The results are displayed in Figs. 6.7 and 6.10. While the latter
figure does not show a large impact of the dictionary size (or other parameters for
that matter), in Fig. 6.7 we notice at least one effect: in SRC (top row) the size of
the dictionary has only a small influence on the performance, and increasing the
sparsity-level (as we discussed above) has a small negative effect. In mSRC (bot-
tom row), however, the dictionary size has a pronounced positive impact on the
results, although mainly for high sparsity-levels.

The lower performance when using a small dictionary size and high sparsity
in mSRC may be easily explained: having high sparsity-levels and small dictio-
naries, the proportion of atoms that are removed after each representation simply
becomes too large: after 15 representations with a sparsity-level of 9, 135 atoms
have been removed from the dictionary. The good performance of large dictionar-
ies, on the other hand, may be explained by the increased redundancy of large dic-
tionaries. Using larger dictionaries, we can expect to accurately represent signals
a larger number of times than with smaller dictionaries. According to this reason-
ing, a dictionary of 4000 atoms should perform better than one of 2000 atoms. This
is, however, not the case in our experiments. The explanation may be the same as
in the case of high sparsity-levels: the redundancy provided by large dictionaries
increases the chance of overfitting.

6.6.5 mSRC for classification, segmentation, and point detection

The mSRC method performs well in all the three tested settings and our hypothesis
of improved performance over SRC has been confirmed. In the texture classification
and lumen segmentation experiments, the effect of fusing multiple representations
is nicely reflected by the increasing hit-rates and Dice scores.

The texture classification experiment presented a problem that was easily solved
by mSRC as well as SRC and the two reference methods under the right parameter
settings. However, mSRC did outperform SRC in the difficult case when a small
patch size was used.

The carotid lumen segmentation problem resembles the problems of prostate
and hippocampus segmentation in [26] and [92]. The results of these experiments
add to the evidence of the applicability of SRC methods in medical image analysis.
In this application, we have seen the most clear example of the improvement in
mSRC over SRC, and mSRC also clearly outperformed the reference methods K-
NN and SVM.

In the bifurcation point detection, the results of mSRC were reasonable (though
not as good as K-NN), but the curves and heatmaps in Figs. 6.9 and 6.10 look some-
what erratic. Two tendencies are clear though: First, fusing 3 representations in
mSRC consistently works better than SRC. Second, larger patches lead to more sta-
ble performance and apparently less dependence on the sparsity-level. It is clear,
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that further experiments are needed to investigate the effect of the mSRC parame-
ters in this setting.

One important difference between the classification and segmentation experi-
ments and the point detection task is a huge difference in the statistical basis of the
results. In the classification and segmentation settings, the hit-rate and Dice scores
are based upon thousands of voxelwise classifications. In the point detection task,
a single voxel in a ROI of 100,000 voxels must be found, and the median distance
measure shown in the result figures is based on only 16 such detections (20 in the
experiment on the test-set). To properly test the effect of mSRC for bifurcation point
detection, a much larger test-set would be needed.

6.6.6 Future work

In this study, we have presented the idea of fusing multiple sparse representations
into a more statistically informed and robust classifier. We have provided a thor-
ough validation of the method and compared it with two baseline methods. Our
approach generalizes SRC and any classification method that uses sparse represen-
tation and one or more overcomplete dictionaries should in principle be able to
exploit the mSRC idea. In the future, it would be very interesting to see how the
mSRC approach works when applied to other SRC methods and for other applica-
tions.

A potential drawback of SRC, in the form that we have presented in this study,
is that it is independent of intensity information. While this property is advanta-
geous in settings such as lumination invariant object detection or texture classifica-
tion, it essentially disregards the most informative feature in many types of images,
including medical ones. It would be of great interest to re-introduce the intensity in-
formation in the classification, for example by including the sparse coding vectors,
in which the scaling information is stored.

6.6.7 Conclusion

In summary, we have presented a novel and effective generalization to the basic
SRC classification scheme. Where basic SRC uses the residuals of a single sparse
representation per class for classification, the presented method fuses multiple sparse
representations. The method relies on the joint effect of the statistical accumulation
of evidence of class relationship over the multiple representations, and a reduced
risk of overfitting in the representations that follow the first one. The resulting clas-
sifier is more accurate than the basic SRC.
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Figure 6.4: Results of the pairwise texture classification experiments. Top tow: classification of
texture D21 and D28. Middle row: classification of texture D21 and D77. Bottom row: classification
of texture D28 and D77. Experiments with patch sizes of 3 x 3 x 1 and5 x 5 x 1 pixels are shown
in left and right columns, respectively. Note that the y-axes of the plots are scaled differently to
allow appreciation of the effect of using multiple sparse representations.
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Figure 6.6: Dice scores in carotid segmentation experiments for parameter tuning. The sub-plots
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Figure 6.7: Heatmaps of carotid lumen segmentation results. Numerical and color coded Dice
scores are shown for dictionary sizes {200,500, 1000,2000, 4000}, patch sizes {(7 x 7 x 7), (9 x
9x9),(11 x 11 x 11) }, and sparsity-levels {1,3,5,7,9}. Top row: a single representation is used
for classification. Bottom row: 15 representations are used for classification.
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Figure 6.8: Boxplots of the lumen segmentation performance of SRC, mSRC, K-NN, and SVM
on the test-set.
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Figure 6.11: Boxplots of the bifurcation detection performance of SRC, mSRC, K-NN, SVM on
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Multiple sparse representations for classification in MRI

103

Sparsity-level = 1

Sparsity-level = 1

0.25- 0.25 +
: £ : i
o02r i 02 [ i
H : % i
15} i w i
@ 0.15- 1 i - 2 015 |
M ' H 2 |
3 ! 3 i
N i ] 8 i
s K] | I
£ £ T
5 i 5 |
Z o1 i 7;| Z o1 1
0.05 ;| 0.05- —i — ;, T
e lum/lum_dict lum/bgnd_dict bgndibgnd_dict bgnd/lum_dict M lum/lum_dict lumibgnd_dict bgnd/bgnd_dict bgnd/lum_dict
Region/Dictionary Region/Dictionary
Sparsity-level = 9 Sparsity-level = 9
0.25[ 0.25
0.2 0.2
w w
&3 0151 8 0.15]
M 2 :
3 3 :
N L i
8 s I
3 £ :
5 5
Z 041 Z 041 N
i i
H ;i £ i §
0.05 I i 0.05 I I
[ = ! : [:; T : e
e lum/lum_dict lum/bgnd_dict bgndibgnd_dict bgnd/lum_dict e lum/lum_dict lumibgnd_dict bgnd/bgnd_dict bgnd/lum_dict
Region/Dictionary Region/Dictionary
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Summary and Discussion
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In this thesis, we have investigated super-resolution reconstruction (SRR) and
self-similarity and their application in MRI. We have explored the feasibility of SRR
in MRI, both from a general point of view and for several specific applications in
small animal imaging. We have developed a new SRR method that exploits multi-
scale self-similarity properties that are specific to multi-slice MRI. The exploration
of self-similarity in MRI was continued in a study of its application for voxelwise
classification. This effort resulted in another new method.

Below, we briefly summarize the contributions of each of the five studies in-
cluded in this thesis. This will be followed by a discussion of a number of issues
encountered in the studies. Finally, perspectives for future research and applica-
tions are provided.

71 Summary

We began, in chapter 2, by presenting an extensive experimental study of the trade-
off between resolution, SNR and acquisition time of SRR in MRI and a comparison
of these parameters to direct high-resolution 3D imaging. The main conclusion was
that when resolution is limited in the slice-selection direction and the visualization
and detection of critical events is hampered, then SRR provides a simple strategy
to extend the capabilities of the scanner. In addition, it was clear from the trade-off
analysis and experiments that SRR may be a better strategy than direct 3D imaging
when SNR requirements make it necessary to average multiple 3D acquisitions.

Armed with the capabilities of visualizing structures smaller than the intrinsic
resolution of the MRI scanner, we identified and addressed the specific research
problem of mouse brain nuclei visualization in chapter 3. The mouse brain has a
diameter of about 15 mm. The study of brain substructures, or nuclei, obviously
requires high imaging resolution. In manganese-enhanced mouse brain MRI, 3D
gradient echo (GE) imaging sequences are usually applied due to their ability to ob-
tain isotropic resolution. It has been shown that using inversion recovery spin echo
(IR-SE), a 2D imaging sequence, results in different contrast properties. For studies
that involve visualization of brain nuclei, however, the anisotropy of such images
severely limits how well they can be analyzed. In the study, we demonstrated how
SRR can produce isotropic IR-SE images of approximately 0.1 x 0.1 x 0.1 mm, in
which a large number of nuclei could be identified, and more importantly, that a
number of these nuclei were better visible in the SRR IR-SE images than in the GE
images. In manganese-enhanced mouse brain imaging, SRR IR-SE thus constitutes
an imaging method complementary to conventional GE images.

SRR methods can be a computationally expensive. In chapter 4, a practical ap-
proach to overcoming this issue was presented. Inspired by the functionality of
Google Maps, an interactive image visualization tool was devised that allowed
global-to-local exploration of a full-body mouse. The result was a much improved
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visualization of small tumors and other potential structures of interest. The key con-
tributions of the study were the facilitation of a near real-time SRR process, and the
reproduction of superior visualization by SRR in yet another experimental setting.

In the second part of the thesis, we considered image self-similarity and sparse
coding using learned dictionaries, and specifically its application to MRI recon-
struction and voxelwise classification. This work focused on methodological inno-
vation and basic validation of the proposed methods.

In chapter 5, we explored the simple idea of exploiting self-similarity across the
two native scales in an MRI. The high-resolution information available in-plane of
a slice-stack was used as a 2D prior for the reconstruction of the anisotropic planes
that includes the slice-selection direction. The method can be applied to both single
and multiple slice-stacks. The results indicated that the cross-scale self-similarity
prior is capable of exploiting image information that is not used by a conventional
state-of-the-art Tikhonov-regularized SRR method.

In chapter 6, other applications of self-similarity in MR imaging were consid-
ered. The redundancy of a dictionary trained on a head and neck MRI was shown
quantitatively. This was used to motivate a generalization of the basic sparse rep-
resentation classification (SRC) scheme by using multiple sparse representations.
Our experiments showed that the generalized method improved classification. In
addition, they revealed an effect of reduced susceptibility to over-fitting in the clas-
sification process.

7.2 Discussion

The research described in this thesis points to a number of advantages, application
areas and future opportunities in the fields of SRR and self-similarity in MRL. In the
first part of the thesis, we have shown the capabilities of SRR and presented many
arguments in favor of (at least considering) SRR for a range of MRI applications.
In the second part, we have shown the potential of exploiting the self-similarity
in MR images for a variety of applications: SRR, classification, segmentation and
detection. Considering the thesis as a whole, there are a few issues that should be
of interest to the research community.

7.2.1 Resolution measures

An obstacle when validating resolution enhancement is the lack of a good quanti-
tative measure. In many studies, the peak signal-to-noise ratio (PSNR) is used. This
measure captures the distance between a ground truth noise-free high-resolution
image and the reconstructed one. It does, however, not distinguish between reso-
lution enhancement and denoising, while both resolution and noise are affected by
the reconstruction process. Another popular way of measuring resolution, is by fit-
ting a sigmoid function to 1D profiles over step-edges in the reconstructed image.
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One of the parameters in the sigmoid function controls the width of the transitional
part of the function and can thus be used as a measure of the edge-width. The prob-
lem with this measure is that the presence of sharp edges does not necessarily equal
a high resolution of the reconstructed image. Instead, such edges can be the result of
a bias in the reconstruction process, introduced by the regularizer. Consider, for ex-
ample, Tikhonov and total variation (TV) regularization, which impose smoothness
and piecewise smoothness of the solution, respectively. In Tikhonov-regularization,
edges as well as homogeneous areas are smoothed. In TV-regularized reconstruc-
tion, the smoothness is local to the piecewise constant regions and edges will thus
not be smoothed, but rather, enhanced. There is, however, no difference between
these two methods that will allow us to observe smaller structures in the TV im-
age than in the Tikhonov image. Edge-width thus becomes a measure of sharpness
rather than resolution.

While quantitative measures do provide information about the image quality in
terms of SNR and sharpness, resolution is best appreciated qualitatively. In phan-
toms with structures such as the radial line pattern in the phantom used in chap-
ter 2 the relative resolution of multiple competing images is readily available. We
therefore recommend that resolution capabilities of new reconstruction methods
are demonstrated and compared to other methods on such phantoms.

7.2.2 Information loss and artifacts from regularization

A risk of any under-sampled reconstruction scheme in which prior knowledge is
used for regularization, is that the regularization process removes essential details
or introduces artifacts that confuse the interpretation of the reconstructed images.
In medical images, where pathologies are often indicated by subtle details, this is
an especially sensitive issue. As described above, Tikhonov regularization leads to
smooth images, also in locations that are not supposed to be smooth.

The self-similarity prior is susceptible to the same problems of discarding infor-
mation and introducing artifacts. Instead of guiding the reconstruction towards a
realistic solution by imposing analytical constraints, image statistics are used to
constrain the solution. The self-similarity prior assumes the presence of similar
structures within an image or over a group of images. If a detail, e.g. a pathology
such as a small lesion, is nof present in the training data, then it will be difficult to
reconstruct this area accurately, and important information could be lost. This issue
was addressed in [77], where high-resolution T1-weighted brain images were used
for SRR reconstruction of T2-weighted slice-stacks that contained multiple sclerosis
(MS) lesions not visible in the high-resolution T1 images. The recovery of the lesions
was successful but the authors noted that the topic needs further investigation.
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7.2.3 Towards practical tools

We are well aware that SRR is just one among many approaches to improve the
resolution-SNR-acquisition time trade-off in MRI reconstruction. The alternatives
include parallel imaging and compressed sensing technologies. One advantage of
SRR compared to these other approaches, is that it is a post-acquisition reconstruc-
tion method. It relies on conventional 2D sequences and no scanner software modi-
fications or additional hardware are necessary to create the high-resolution images.
In that sense, it is an extremely simple and inexpensive way of enhancing the reso-
lution capabilities of a given MRI system.

Planning and performing an SRR-MRI acquisition of an anatomical or patho-
logical structure is simple. The multiple low-resolution images should be acquired
in a rotated or orthogonal fashion, such as described in chapters 2-5. The user-
interaction in the SRR process is limited: In the conventional Tikhonov regularized
method, only the weight of the regularization is set by the user. For the cross-scale
self-similarity SRR method, the blurring kernels of the dictionary should be tuned
for optimal performance. Both these interactions are done once for a specific appli-
cation setting. After this, SRR can be performed on new images without any user
inputs.

Any sparse representation classification scheme relies on an accurately anno-
tated training set. When such a set is available, tuning of the method parameters
should be performed as described in chapter 6. Successfully performing a segmen-
tation, such as the carotid artery segmentation, relies on a strict and standardized
imaging protocol, preferably including a image quality check. In the MRI data-set
used in chapter 6, there were several images that were blurred or otherwise ar-
tifacted. The segmentation performance would improve if such acquisitions had
been excluded by visual inspection and repeated.

A standardized imaging protocol also allows simple heuristics to be applied in
the image analysis pipeline. In the MRI slice-stacks used in chapter 6, for example,
the left and right carotid arteries, including bifurcation points, are present in all
acquisitions. Furthermore, the left carotid artery is located in the left half of the
slice-stack, and the right carotid artery in the right half. Finally, in all slice-stacks
the carotid arteries stretch over all slices, bifurcating somewhere inside the slice-
stack. If this information is available a priori, it can help simplify the segmentation
task and provide possibilities for sanity checks of the solution.

7.24 Decoupling acquisition and reconstruction

We saw in chapter 5 that the self-similarity prior improved the quantitative and
qualitative results over the Tikhonov-regularized reference method. This indicates
that information was activated by the dictionary and the patch-based reconstruc-
tion process that was not readily available in the low-resolution data itself or was
removed by the Tikhonov-regularization. This opens the door for a new way of
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thinking about image acquisition and reconstruction, in which image statistics are
used to decouple the two. There is enough data out there to base the statistics on. In
MRI protocols, it is common practice to include multiple acquisitions (often using
multiple sequences) of the subject in order to enhance the information. Much of the
information content of such a set of images is clearly self-similar, and this may be
exploited to yield sparser sampling or, alternatively, improved image quality.

Another interesting possibility, would be to use dictionaries trained on class
specific image content to regularize the scanner side reconstruction of MRI images,
e.g. in a compressed sensing setup. In this way, analysis might be performed during
reconstruction. This may be a relevant option in studies where mainly quantitative
metrics, such as e.g. white or gray matter volume, are of interest.

Successfully exploiting SRR and self-similarity to enhance the quality and anal-
ysis of medical images, opens a wealth of opportunities for statistical image pro-
cessing. It can improve high-end scanning systems, but also boost the performance
of current clinical scanners, improving image-based diagnostics at a lower cost.
The partial decoupling of sensing and representation provided by the dictionaries
could allow data to be shared across centers, and data acquired on low-end scan-
ning systems could be reconstructed or analyzed using libraries of data acquired
on high-end scanners in other parts of the world. Such advances would empower
remote and low-resource medical facilities to perform improved health care and
research.
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Samenvatting

Dit proefschrift beschrijft onderzoek naar super-resolutie reconstructie (SRR) en
zelf-similariteit, en de toepassing daarvan in magnetische resonantie imaging (MRI).
In dit onderzoek is de mogelijke meerwaarde van SRR in MRI bestudeerd, zo-
wel vanuit algemeen oogpunt, als voor een aantal specifieke toepassingen bij de
beeldvorming van kleine proefdieren. Ook is een nieuwe SRR methode ontwik-
keld, waarin gebruikgemaakt wordt van zelf-similariteit op verschillende schalen,
hetgeen van toepassing is op MRI-technieken waarbij een 3D beeld wordt verkre-
gen door het scannen van meerdere 2D plakken (multi-slice MRI). Zelf-similariteit
in MRI is verder verkend voor toepassing in voxel-gebaseerde classificatie. Dit on-
derzoek heeft geresulteerd in een nieuwe classificatiemethode. De bijdragen van de
vijf onderzoeken die in dit proefschrift worden beschreven (hoofdstukken 2 tot en
met 6) kunnen als volgt worden samengevat.

Hoofdstuk 2 presenteert de resultaten van een uitgebreid experimenteel onder-
zoek naar de wisselwerking tussen resolutie, signaal-ruisverhouding, en de opna-
metijd van SRR in multi-slice 2D MRI, en de vergelijking met directe 3D beeld-
vorming op hoge resolutie. De voornaamste conclusie is dat wanneer de resolutie
beperkt is in de richting loodrecht op de 2D MRI plakken, waardoor de visualisa-
tie en detectie van kritieke structuren wordt belemmerd, SRR een simpele strategie
biedt om de mogelijkheden van de scanner uit te breiden. Bovendien kan SRR een
betere strategie zijn dan directe 3D beeldvorming, wanneer eisen met betrekking
tot minimale signaal-ruisverhouding het noodzakelijk maken het gemiddelde van
meerdere 3D opnames te berekenen.

De mogelijkheid die SRR biedt om structuren kleiner dan de intrinsieke reso-
lutie van de MRI scanner te visualiseren wordt in hoofdstuk 3 toegepast voor de
bestudering van substructuren in de hersenen van muizen. Het muizenbrein heeft
een diameter van ongeveer 15 mm. Onderzoek naar de substructuren of kernen van
de hersenen vereist dus een hoge beeldresolutie. In met mangaan verrijkte muizen-
hersenen worden bij de MRI opnames gewoonlijk 3D gradiAfint-echo (GE) beeld-
vormingssequenties gebruikt vanwege hun vermogen om isotrope resolutie te ver-
krijgen. Er is gebleken dat het gebruik van inversion recovery spin echo (IR-SE), een
2D beeldvormingssequentie, resulteert in andere gunstige contrasteigenschappen.
De anisotropie van de resulterende afbeeldingen beperkt echter in ernstige mate
de analyse van hersenkernen. In dit hoofdstuk wordt aangetoond dat met SRR iso-
trope IR-SE beelden van ongeveer 0,1 x 0,1 x 0,1 mm kunnen worden verkregen,
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waardoor een groot aantal kernen kan worden geAfdentificeerd. Een nog belang-
rijkere bevinding is dat een aantal van deze kernen beter zichtbaar is in de SRR
IR-SE afbeeldingen dan in de GE afbeeldingen. In dergelijke studies vormt SRR IR-
SE dus een beeldvormende methode die complementair is aan de gebruikelijke GE
methode.

SRR methoden kunnen veel rekenkracht vereisen en resulteren in grote da-
tabestanden. Hoofdstuk 4 beschrijft een praktische oplossing voor dit probleem.
GeAfnspireerd door Google Maps introduceren we een interactieve visualisatie-
methode waardoor het hele lichaam van een muis onderzocht kan worden met
superieure resolutie. De methode resulteert in veel betere visualisatie van kleine
tumoren en andere structuren die van potentieel belang zijn. Samen met de resul-
taten van het voorgaande hoofdstuk toont dit de veelzijdigheid aan van SRR voor
verschillende toepassingen. De belangrijkste bijdrage van het in hoofdstuk 4 be-
schreven onderzoek is de implementatie van een bijna real-time SRR methode.

In de laatste twee onderzoeken is gekeken naar zelf-similariteit en schaarse co-
dering van beeldinformatie door middel van aangeleerde lexicons van beeldstruc-
turen, en de toepassing daarvan in MRI reconstructie en voxel-gebaseerde classi-
ficatie. Het onderzoek was voornamelijk gericht op methodologische innovatie en
experimentele verificatie van de mogelijkheden van de voorgestelde methoden.

In hoofdstuk 5 wordt het idee onderzocht om zelf-similariteit tussen de twee in-
trinsieke schalen van een multi-slice 2D MRI scan te gebruiken voor SRR. De hoog-
resolute informatie in de afzonderlijke MRI plakken wordt daarbij ingezet als 2D
prior voor SRR in de richting loodrecht op de plakken. De voorgestelde methode
kan worden toegepast op zowel een enkele scan als op meerdere scans onderling.
De gepresenteerde resultaten geven aan dat de methode in staat is om beeldinfor-
matie te benutten die niet wordt gebruikt door een conventionele doch geavan-
ceerde SRR methode gebaseerd op Tikhonov-regularisatie.

Tenslotte wordt in hoofdstuk 6 gekeken naar de toepassing van zelf-similariteit
op voxel-gebaseerde classificatie van MRI beelden van het hoofd en de hals. Er
wordt kwantitatief aangetoond dat aangeleerde lexicons van de relevante beeld-
structuren redundante informatie bevatten. Deze redundantie wordt vervolgens
gebruikt om een bestaande methode voor voxel-gebaseerde classificatie, de zoge-
heten schaarse-representatie classificatie (SRC), te veralgemeniseren. In SRC wordt
elke relevante beeldregio gerepresenteerd door een eigen lexicon. In de classificatie-
stap wordt voor elk voxel bepaald door welk lexicon een klein gebiedje rondom dat
voxel het beste gerepresenteerd wordt. Het voxel krijgt vervolgens het label van het
betreffende lexicon. In SRC wordt de representatie doorgaans bepaald door slechts
een paar elementen uit het lexicon. De voorgestelde veralgemenisering van SRC
bestaat hierin dat dit proces meerdere keren wordt herhaald, met verschillende ele-
menten uit het lexicon, teneinde meer bewijsmateriaal te verzamelen om te kunnen
bepalen tot welke beeldregio het voxel behoort. De gepresenteerde experimenten
tonen aan dat de veralgemeniseerde methode de classificatie verbetert.
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