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ABSTRACT Magnetic resonance imaging (MRI) is a highly significant imaging platform for a variety of medical and research
applications. However, the low spatiotemporal resolution of conventional MRI limits its applicability toward rapid acquisition
of ultrahigh-resolution scans. Current aims at high-resolution MRI focus on increasing the accuracy of tissue delineation, as-
sessments of structural integrity, and early identification of malignancies. Unfortunately, high-resolution imaging often leads
to decreased signal/noise (SNR) and contrast/noise (CNR) ratios and increased time cost, which are unfeasible in many
clinical and academic settings, offsetting any potential benefits. In this study, we apply and assess the efficacy of super-res-
olution reconstruction (SRR) through iterative back-projection utilizing through-plane voxel offsets. SRR allows for high-res-
olution imaging in condensed time frames. Rat skulls and archerfish samples, typical models in academic settings, were used
to demonstrate the impact of SRR on varying sample sizes and applicability for translational and comparative neuroscience.
The SNR and CNR increased in samples that did not fully occupy the imaging probe and in instances where the low-resolution
data were acquired in three dimensions, while the CNR was found to increase with both 3D and 2D low-resolution data recon-
structions when compared with directly acquired high-resolution images. Limitations to the applied SRR algorithm were inves-
tigated to determine the maximum ratios between low-resolution inputs and high-resolution reconstructions and the overall
cost effectivity of the strategy. Overall, the study revealed that SRR could be used to decrease image acquisition time, in-
crease the CNR in nearly all instances, and increase the SNR in small samples.

WHY IT MATTERS Ultrahigh-resolution magnetic resonance imaging is critical for increasing the understanding of a
variety of biological systems. It is a noninvasive strategy that can be repeated to follow the progression of diseases,
monitor growth over broad time frames, and extract a variety of quantitative parameters to monitor tissue structure,
organization, and health. Unfortunately, ultrahigh-resolution imaging comes with increased time costs and low signal/
noise and contrast/noise ratios and is often limited by the overall instrument strength available. Super-resolution
reconstruction is a rapidly growing area that allows for ultrahigh-resolution imaging at clinical strengths, increasing
image clarity in the process. Throughout this article, we assess the validity of the results gained from the application of
super-resolution reconstruction and illustrate the benefits and limitations across various samples.

INTRODUCTION most complaints regarding imaging from human sub-
jects did not pertain to “true” side effects in the sense
that they were caused by the magnetic field (3) and
instead were related to general discomfort caused by
the noise during imaging and the length of imaging
time requiring subjects to remain motionless
throughout the procedure. Some discomfort can be
circumvented through headphones and attempts to
condense imaging time through parameter optimiza-
tion and assessing the key factors most important
for diagnosis. While moving toward ultrahigh-field
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Ultrahigh-field magnetic resonance imaging (MRI) is
increasingly attentive to its overall safety toward its
application in clinical settings. Instrumentation up to
8 T is considered reasonably safe for human subjects
older than infancy, and prolonged exposure has been
shown to have nominal, if any, impacts (1). Reported
side effects were short lived, and homeostasis was
achieved within minutes postimaging (2). Additionally,
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TABLE 1 SNR and CNR values for reconstructed image of
archerfish brain and directly acquired high-resolution image.

Image type SNR CNR

Reconstructed high res. image 8.487 7.428
Directly acquired high res. 6.171 5.000

are some inherent drawbacks as well. Cost is a domi-
neering factor in procuring new high-field instrumenta-
tion, and ultrahigh fields have yet to become common
in clinical settings, although they have slowly been in-
tegrated in some locations. Thus, while obtaining ul-
trahigh-resolution images in ultrahigh-fields with
high signal/noise ratios (SNRs) are the gold standard
for MRI, alternative methods must be investigated to
obtain access to higher-resolution imaging even at
clinical field strengths of 1.5-3 T.

Resolution, within the context of MRI, is the spatial
resolution pertaining to the voxel sizes used
throughout imaging. It is determined by the matrix
size and field of view and, in combination with the
SNR and the contrast/noise ratio (CNR), will impact
the ability to delineate between different structures
(4,5). Spatial resolution is a key component to imaging
that denotes the size of the voxels, with smaller voxels
being less prone to partial volume effects but often

FIGURE 1

suffering from lower SNRs. This can make the final im-
ages noisy and difficult to read due to low signal per
voxel. Increasing the spatial resolution based on imag-
ing parameters alone, such as repetition times (TRs),
echo times (TEs), fields of view (FOVs), and matrix
sizes, is limited in a few different aspects. In particular,
the FOV is limited by probe size and gradient strength,
and increasing the matrix in the phase-encoding
dimension comes at the cost of dramatic scan time
increases (6). Consequently, acquiring ultrahigh-reso-
lution images can be difficult and costly. To circumvent
the high cost with ultrahigh-resolution imaging, an
emerging area of super-resolution reconstruction of-
fers a potential method to increase the accessibility
to high-spatial-resolution images (6—15). Super-resolu-
tion reconstruction (SRR) is a method that involves
acquiring multiple low-resolution images at a series
of offsets within the matrix in the phase-encoding, fre-
guency-encoding, or slice direction (11). It decreases
the time costs associated with high-resolution data
sets and offers the potential for higher SNRs, as well,
due to the increased signal in the images used in the
reconstruction. Conversely, zero padding and zero
filling are alternative methods that can be used to in-
crease the resolution artificially and will generate a
higher-resolution final image while reducing the overall

500 ym

Archerfish high-resolution and reconstructed high-resolution images. Comparison across three slices of the directly acquired

high-resolution images (row A) and the reconstructed high-resolution volume (row B) for the archerfish brain. The directly acquired high-res-
olution image has increased noise as seen by the “salt and pepper” appearance of the background, making it more difficult to assess anatom-
ical structures, while the reconstructed volume demonstrates decreased background noise as well as increased contrast between anatomical
regions. Anatomical regions are denoted in the first top left figure, illustrating regions of the valvula cerebelli, pituitary, and tectal ventricle.
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FIGURE 2 Sagittal and coronal views of the archerfish brain. (4) and (B) demonstrate the preservation of anatomical structures and image
integrity after super-resolution reconstruction to isotropic voxel sizes. (C) and (D) demonstrate the distortions present with the low-resolution

data sets, making it difficult to decipher anatomical structures.

time cost. However, they do not generate true signal in-
formation at these zero-filled or zero-padded voxels.
Among current methods of spatial resolution en-
hancements, zero padding and zero filling are often
the only ones readily equipped with the instruments.
One way of using these methods involves padding
the matrix with zeros along the border of the matrix,
increasing the overall matrix size. Filling these regions
with zeros condenses the acquisition time and in-

creases the matrix size to prevent the “thinning” of
voxels in the phase-encoding dimension. This pro-
cedure, therefore, reduces the overall pixelation of
the image, resulting in an artificially increased spatial
resolution without adding new information. Alterna-
tively, zero filling can be used to fill regions of k-space
with zeros where information between regions of data
acquired is interpolated to fill the unknown signal
based upon the signals of the neighboring voxels

FIGURE 3 Archerfish image reconstruction assessment. (4) The absolute difference between the high-resolution image directly acquired at
14 T. (B) The slice of the high-resolution image taken for analysis. (C) The corresponding slice of the reconstructed image. (A) details the loss
of background noise from the reconstruction compared with the high-resolution image that was directly acquired. This is due to the increased
SNR seen in (C) while maintaining a high degree of anatomical accuracy in the reconstruction. The decrease in noise in (C) also makes it
possible to discriminate between different regions of the brain lost due to the decreased SNR in (B). Anatomical markers are denoted with
white arrows outlining the pituitary, tectal ventricle, superior white and gray zone of the optic tectum, and the periventricular gray zone of

the optic tectum.
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TABLE 2 SNR and CNR comparison of image reconstruction with
varying numbers of low-resolution inputs.

Number of images for reconstruction SNR CNR

3 15.593 6.959
4 16.431 7.000
6 21.752 8.723
12 28.830 11.533

(5,16,17). Overall, zero padding and zero filling do not
generate any new information about the regions where
signals were not originally acquired/sampled and
instead are methods to reduce pixelation and improve
acquired spatial resolution based upon the additional
clarity in the final images.

Alternatively, SRR, based upon modeling the image
process, can produce new images at increased spatial
resolution based upon a series of data sets acquired
at low spatial resolutions (6,12,18). While SRR is not
a novel technique, it has recently gained a high degree
of focus from the imaging community. There are a va-
riety of methods in which to employ SRR, from neural
networks to a variety of algorithms that utilize low-res-
olution (LR) inputs to reconstruct a high-resolution
(HR) image (8,9,15,19). The predominant focus of
this study was to utilize the basic idea that low-
spatial-resolution images acquired at an offset

High-Resolution Image

SRR-25

SRR-100

contribute new, unknown information to the previous
data set acquired that can be estimated and used to
generate higher-spatial-resolution data sets and
assess the accuracy of the HR estimate against
directly acquired counterparts for scans acquired
with rapid imaging with refocused echo pulse se-
quences (rapid acquisition with refocused echo
[RARE]). The image modeling operates upon known
geometric information to estimate the HR images,
which are then used to predict the expected LR im-
ages. The error between the estimated LR data set
and the acquired LR data set is minimized to improve
the estimate for the final HR image (12,18).

Here, we applied iterative back projection to perform
SRR for conventional RARE sequences that allows for
higher-spatial-resolution images without compro-
mising scan time. To directly compare the loss of
the super-resolution techniques when applied to
RARE imaging sequences, directly acquired HR im-
ages are also obtained at ultrahigh-field strengths of
14 T to measure any deviations from the anatomical
structures within the subjects of interest. Further-
more, the impact on the number of LR data sets was
briefly examined along with the acquisition of LR im-
ages in 2D and 3D and their impacts to the SNRs
and CNRs of the reconstructed images.

SRR-50

Anatomical Reference

Corpus Callosum
Striatum
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FIGURE 4 Reconstructed images from 3D low-resolution data. Images of the corresponding slices between the high-resolution image
directly acquired and then various reconstructions. SRR-# indicates the offset between the low-resolution inputs, with a larger number indi-
cating fewer low-resolution inputs used in the reconstruction. An additional image is labeled with three anatomical regions for reference.
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We applied this method to the brains of both rats and
archerfish because of several aspects that made them
useful for assessing SRR. First, rats are an established
model system for human neurological disorders and
have been widely used for research (20,21). Their
brains are also large enough to perform physiological
experiments in live animals under conventional MRI
settings, that is, these experiments on rats are highly
comparable to those used for human patients in clin-
ical settings. Moreover, standard rat atlases are avail-
able (22-25), making rats a perfect choice for testing
new imaging methods like SRR. Archerfish, which
have a recently published brain atlas (26), are
becoming an increasingly important model for brain
research because of their specialized hunting mode
(27,28). These fish shoot down insects above the water
surface with high precision and therefore have evolved
a highly effective visual system including a more pro-
nounced optic tectum located in the dorsal midbrain.
Improving high-spatial-resolution MRI with SRR repre-
sents an attractive option for enhancing imaging possi-
bilities that are currently limited to larger specimens
only. In other words, by applying SRR to MRI of archer-
fish, we aim to improve existing MRI methodologies for

specimens that, compared with rats and other mam-
mals, have a somewhat disadvantaged brain/body
ratio such that their brains are relatively smaller
compared with the rest of the body. Close comparisons
between rats and archerfish, therefore, are very infor-
mative for developing enhanced high-spatial-resolu-
tion MRI methodologies, which is the objective of this
study. In addition, the application of the new methodol-
ogy to two animal models that are evolutionary distant,
like rats and archerfish, gives hope that this technique
will be applicable to a wide range of specimens.

MATERIALS AND METHODS

Imaging archerfish

Recently, archerfish have been studied in the context of their pecu-
liar lifestyle and feeding habits, especially their ability to shoot
down their prey, and in applications in learning about visual process-
ing in species with no cortex (27,28). Unfortunately, imaging small
samples, such as the archerfish brain, can make it difficult to achieve
high spatial resolution with reasonable SNRs. This is due to the
increased distance between the subject and the transmitter and
receiver coils leading to a depressed SNR. Additionally, to obtain
high spatial resolutions, matrix sizes must increase correspondingly
due to the high level of tissue variation within a small region, which

SRR-25 SRR-50
FIGURE 5 Reconstruction quality assess-
ment from 3D low-resolution data. The absolute
differences between the reconstructed images
with offsets of 25, 50, 75, and 100 um and the
SRR-75 SRR-100 .

directly acquired high-resolution images. The
image depicts the large volume of noise that
is excluded from the reconstructed images as
seen by the salt and pepper noise throughout
the images difference.
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FIGURE 6 Noise removed with increased quantity of low-resolu-
tion inputs. Difference between the 25 um reconstruction and the
100 um reconstruction offsets with varying numbers of low-resolu-
tion inputs demonstrating the increased noise in the 100 um re-
construction strategy that is excluded from the 25 um offset
reconstructions.

High-Resolution Image

SRR-75

SRR-25

SRR-100

decreases the signal per voxel further, exacerbating the SNR
dilemma. Therefore, an archerfish brain was used as our initial sub-
ject of investigation for the use of SRR as it represents an important
subject in neuroscience research while also presenting with a key
complication seen in MRI. A perfused and fixed archerfish brain
was placed within a 20 mm glass tube and filled with phosphate
buffer solution and imaged in a 30 mm diameter probe. Anatomical
imaging was performed four times to acquire axial slices using a T,
RARE imaging sequence with a TR/TE of 2500/30.22 ms, a RARE
factor of 16, 2 averages, and a matrix size of 256 x 256. One image
acquisition series focused on acquiring the HR data set directly with
a spatial resolution of 100 x 100 x 100 um for a total scan time of
5 h and 41 min. The remaining LR images were acquired with a
spatial resolution of 100 x 100 x 300 um and a through-plane offset
of 100 um for a total imaging time of 1 h and 53 min per data set.
Images were acquired in 3D to keep duty cycles low and with enough
slices to cover the full sample length from olfactory bulb to the end
of the cerebellum.

Imaging rat brains

In translational and comparative neuroscience, rats serve as proxies
for human neurological and psychiatric disorders, assist in the study
of cancer progression, and lend themselves to more flexible interven-
tions than their alternative small-animal counterparts (21). For this
reason, rat brains were also imaged, as they are frequent subjects
of study in translational research examining connectivity and other
brain formations to grasp a deeper understanding of complex pathol-
ogies. Ex vivorat brains wereimaged immersedin Fomblinina28 mm
flat bottom glass MRI tube and imaged in a 30 mm diameter probe.

SRR-50

Anatomical Reference
Cerebellum

FIGURE 7 Reconstructed cerebellum images from 3D low-resolution inputs. Selected slices of the rat cerebellum from high-resolution and
reconstructed data sets for reconstruction accuracy measurements. Image headers denote the image type (high resolution directly acquired
and super-resolution reconstruction) and the offset used in collecting the low-resolution data sets.
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Imaging parameters were as follows: TR/TE = 2500/22 ms, RARE fac-
torof 10,1 average, a matrix size of 289 x 289, and a slice thickness of
300 um for the LR data sets, with 12 data sets acquired with 25 um
offsets in the slice selection direction. The scan time was 1 h and
29 min and 50 s per LR data set, or 17 h and 58 min for all 12 LR
data sets. The HR data set was acquired with 12 averages and a slice
thickness of 100um for a spatial resolution of 100 x 100 x 100 um
and would have taken 53 h and 54 min to acquire. To maintain a
reasonable time frame, fewer slices were acquired (from over 200
to 10) to condense imaging time to 25 h.

An additional iteration involved using 2D LR data sets to recon-
struct the 3D HR acquired image. To maintain a reasonable duty cy-
cle of under 10%, slices were condensed to 10 slices for a slice
thickness of 300 um for the LR data set, and the RARE factor was
decreased to 6. TRs and TEs were 2500 and 22.45 ms for both LR
and HR data sets, and an average of 2 was used in the LR acquisi-
tion. Slice offsets of 50 um were used to generate two possible re-
constructions. Imaging time for the LR data sets was 4 min and 5
s, for a total of 24 min and 30 s for the full LR data set acquisition
of six separate image series. A comparable 3D HR data set was ac-
quired directly with 100 um isotropic spatial resolution across 30 sli-
ces with 12 averages for a total imaging time of 12 h.

In order to determine at which point the SRR technique no longer
captures the information between successive steps, or the point at
which the information gained is no longer sufficient to reconstruct
the higher-resolution goal, the 2D LR images were again acquired
with 400, 500, and 600 um slice thickness. The imaging parameters
changed slightly depending upon the slice thickness. The 400 and
500 um data sets were acquired with a TR/TE of 2500/11 ms and a
RARE factor of 4 for a total imaging time of 3 min. The 600 um data
set was acquired with a TR/TE of 2500/22.45 ms and a RARE fac-
tor of 6. An additional HR data set was acquired with a TR/TE of
2500/16 ms and a RARE factor of 6 for the 400 and 500 um data
sets, with 100 um isotropic spatial resolution to obtain the echo
at the shortest available time point as was done for the 400 and
500 um data sets. Each image series was performed with a 100
and 50 um offset to perform two reconstructions with varying
levels of LR inputs. Then, the SRR iterative back projection was
used to reconstruct 100 um isotropic spatial resolution data sets,
and the SNR, CNR, and absolute difference between the recon-
structed HR image and the directly acquired HR image were
determined.

Instrumentation

All imaging was performed on a Bruker WB 600 MHz (14 T) MRI with
an exchangeable MICWB40 probe. The 30 x 40 mm radiofrequency
coil was used throughout all imaging. Imaging software to control
parameter input was Paravision 6.0.1. All computation for SRR
was done through MATLAB R2022a (MathWorks, Natick, MA, USA).

SRR

The images were modeled based on Yy = DyByGyX + Ex, k =
{1...N}, where {Y,}X~1 is the sets of LR images (6,12,18). Dy is
the decimation operator, set based upon the decrease in spatial reso-
lution from an HR estimate (X) to the LR Y. By is the blur operator,
which is based on the point spread functions of the sensors within
the instrumentation (11,12,18,29). G, is the geometric transformation,
which brings all the input images to the same point and, if unknown,
can be determined based upon image registration (18). X is the esti-
mated high-spatial-resolution image, and E; is additive noise (12).
The values for G, were known based upon the offsets used in the
slice selection direction for the LR series. D, was set based upon the

SRR-100

FIGURE 8 Reconstruction quality assessment of cerebellum im-
ages. The absolute difference images of the cerebellum between
the high-resolution image directly acquired from the instrumentation
and the reconstructed images with various offsets and number of in-
puts. The header signifies which reconstructed image is assessed in
each image, with SRR-# indicating the offset (in micrometers) used
in the low-resolution images for input.

translation from low-spatial-resolution data sets to the 100 um
isotropic data set. For SRR, the blur operator By is considered
spatially invariant for simplicity, and the slice selection profile is
often used in its place (12). However, a Gaussian function can be
used to approximate the blur operator as well. For the reconstruc-
tion, the pulse profile for slice selection was modeled, and a
Gaussian function was estimated that closely mimicked the excita-
tion profile modeled. Finally, an iterative back-projection method
was used to estimate the HR image and generate the SRR. The
back-projection approach uses a back-projection kernel to update
the current estimations of the HR reconstructions such that the
LR images generated based upon the HR estimation have minimal
errors between themselves and the ground-truth LR images ac-
quired (6,12,18,29). Essentially, the back-projection kernel weights
contributions from the low-spatial resolution pixels to update
the current estimate of the high-resolution output until the error
of the estimated and directly acquired low-resolution images,

~n 2
SN (Y — ¥}))), is minimized (6,12,18). The initial guess has
been shown to have no impact on the convergence of the final solu-

tion, and for this study, an average of the low-spatial-resolution im-
ages were used to start the reconstruction (18).

TABLE 3 SNR and CNR of 2D and 3D data sets.

Dimensions of data set SNR CNR
2D 7.447 2.654
3D 13.035 3.375
The overall spatial resolution for both data sets was

100 x 100 x 300 um.
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RESULTS

After reconstruction of the low-spatial-resolution ar-
cherfish image at 100 x 100 x 300 um into a high-
spatial-resolution image at 100 x 100 x 100 um, the
SNR of the white matter and the CNR of the gray
and white matter were determined. SNRs were deter-
mined based upon the methods suggested by NEMA
(method 4) where the signal is taken from an ROI
within the white matter of the brain and the noise is
determined as the average noise from four ROls
outside of the sample (generally selected as the four
corners of the image) and scaled by a Rayleigh distri-
bution factor of 0.66 (30). The CNRs were determined
between the gray and white matter of the brain by the
differences between the signals divided by the noise
(5). Compared with the directly acquired HR image,
the SRR technique with a 100 um offset yielded an in-
crease in SNR from 6.171 to 8.487 and an increase in
CNR from 5.000 to 7.428 as seen in Table 1.

The overall imaging time to acquire the HR data set
was 5 h and 41 min. The LR data sets took 1 h and
53 min to acquire, per data set, leading to a total imag-
ing time of 5 h and 39 min, a slightly depressed imag-
ing time overall, with increased SNRs and CNRs
indicated in the images seen in Figure 1.

The use of SRR to reconstruct the HR archerfish
brain removed the distortion that was seen within

SNR

SRR-100
Micron
Offset

12.167

SRR-50
Micron
Offset

12.582 3.952

High-
Resolution
Directly
Acquired

73.671 1.082

the LR data sets, as shown in Figure 2. While the
100 x 100 x 300 um volume produces sagittal and
coronal images that appear condensed to fewer slices,
distorting the anatomy, the 100 um isotropic recon-
struction provides a more accurate representation of
the anatomical structures in all imaging planes.

To determine the accuracy of the reconstruction, an
image difference was calculated for the SRR and HR
images of the archerfish. As seen in Figure 3, the im-
age difference demonstrated the loss of noise seen
as the “salt and pepper” signal along the outer edges
of the image and within the brain itself. Ultimately,
the reconstruction made a reasonable approximate
for the high-spatial-resolution image, with the largest
loss between the two images coming from noise
rather than signal from true anatomical details.

The LR images of a rat brain acquired with various
increments of 25 um offsets were used to perform re-
constructions with increasing numbers of image in-
puts to examine the impact on the number of
images used in reconstruction and SNR and CNR im-
provements. As seen in Table 2, as the number of im-
ages used in the reconstructions increased, so did the
SNRs and CNRs accordingly.

When comparing the loss between the reconstruc-
tion and the HR images, it was anticipated that as
the number of LR inputs increased, the SNR would in-
crease as the noise decreased and that the accuracy

FIGURE 9 Reconstruction with 2D, 300 um slice thickness inputs. The SNR and CNR of reconstructed images of the rat brain from a 2D low-
resolution input compared with the directly acquired high-resolution image. Anatomical features are detailed with arrows with red indicating
the striatum, white indicating the corpus callosum, and gold denoting the anterior commissure.
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of the reconstruction would increase as well. Two
different regions were chosen to examine the adher-
ence to the HR image based upon tissue complexity
for the 3D reconstructions. Figure 4 demonstrates
the reconstructions and the HR comparisons for the
frontal region of the brain after intensity normalization
for a more accurate depiction of loss between images.

The absolute differences between the HR and recon-
structed images as seen in Figure 5 demonstrate the
loss of substantial noise between the reconstructed
and HR images taken with only two averages. Howev-
er, there was no apparent difference in the amount of
loss, whether through anatomical details or noise, be-
tween the different reconstructions.

Upon closer inspection, an increase in the amount of
noise lost between each of the reconstructions as the
number of LR inputs increase becomes evident, which
corresponds to the increasing SNR and CNR for the re-
constructions. The difference between the loss in the
reconstruction with 25 um offsets and 100 um offsets
is shown, enhanced for clarity, in Figure 6.

Similar results were seen upon comparison of cere-
bellar slices, as seen in Figure 7. The decreased noise
in the HR image of the cerebellum allows for closer
inspection of the anatomical accuracy of the recon-
structions. As seen in Figure 8, the greatest difference

5-Image
Reconstruction

SNR 24.197
CNR 11.129

10-Image
Reconstruction

SNR 29.233
CNR 11.557

High-Resolution
Directly Acquired

SNR 32.169
CNR 14.111

FIGURE 10

between the HR and reconstructed images is in the
loss of noise and some edge integrity; ultimately, the
reconstruction still closely adheres to the directly ac-
quired HR images.

When performing the reconstructions with 2D LR
data sets, it was immediately clear that the SNR and
CNR of the LR resolution inputs were decreased in
contrast to the LR data sets acquired in 3D, which
would likely impact the final image clarity of the recon-
structed images. The SNR and CNR of the 2D and 3D
LR data sets with a total spatial resolution of
100 x 100 x 300 um are seen in Table 3.

After reconstruction, the impact of utilizing 2D LR in-
puts for the reconstruction was shown to decrease the
overall achievable SNR compared with a directly ac-
quired HR image. However, the CNR was still
increased in the reconstruction compared with the
directly acquired image, as seen in Figure 9. The im-
ages were reconstructed with LR data sets of
100 x 100 x 300 um with either a 100 um offset for
a three-image input in the reconstruction or a 50 um
offset for a six-image input reconstruction to a
100 x 100 x 100 um HR image.

Finally, after reconstruction with varying ratios be-
tween LR inputs and HR construction, the general find-
ings indicated that the reconstruction began to suffer

Increasing slice thickness for low-resolution inputs to 500 um. Reconstruction with 100 x 100 x 500 um low-resolution data sets

using 5 images with a 100 um offset and 10 images with a 50 um offset compared with a directly acquired high-resolution image with 100 um
isotropic resolution. The partial volume effect is most readily seen in the corpus callosum denoted by red arrows in the first slice.
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from partial volume effects at 1:4, which increased
dramatically at 1:5 and 1:6. This indicates that the
ideal ratio between LR inputs and HR reconstructions
falls somewhere in the 1:3 and 1:4 region. At 1:2 ratios
between LR and HR images, the time enhancements
are not sufficient to prevent direct acquisition
compared with utilization of the SRR technique. Figure
10 demonstrates the partial volume effects that
decrease the accuracy of the reconstruction with a
1:5 ratio of LR input/HR reconstruction.

Due to the 300, 600, 400, and 500 um slice thickness
data sets having differing corresponding HR image
comparisons, separate comparisons of image loss be-
tween the HR and LR images were needed. Figure 11
illustrates the comparison between the HR images
directly acquired and the reconstructions using LR in-
puts with a slice thickness of 300 and 600 um.

While the retention of noise is readily seen in recon-
structions with a 100 um offset from analysis of the
raw data sets, the image differences reveal the diver-
gence from the HR scans when LR inputs with 600

High-Resolution Image

SRR-600-50

SOO-um

FIGURE 11

SRR-300-50

SRR-600-100

um slice thickness are used. Figure 12 demonstrates
the loss of anatomical information from a reconstruc-
tion with larger slice slabs.

Inspection of the directly acquired HR image
against the image reconstructed with LR data sets
containing slice thicknesses of either 400 or 500 um,
as seen in Figure 13, demonstrate a more substantial
deviation from the directly acquired image as the LR
inputs become larger.

Upon analysis of the absolute difference in images
between the reconstruction and HR data set directly
acquired, divergence from the true anatomical struc-
ture can be seen. Figure 14 illustrates the regions of
differences between the HR image directly acquired
and reconstructions.

DISCUSSION

Figure 15 shows the initial images across three slices
forthe HR image obtained directly and one of the LR im-
ages that correlates with the starting image for the HR

SRR-300-100

Anatomical Reference

Corpus Callosum Striatum

Anterior
Commissure

The high-resolution image at 100 um® and the reconstructed images corresponding to the directly acquired image. The header

above each image denotes the image type, high-resolution or super-resolution reconstruction (SRR), followed by the slice thickness of the low-
resolution images used in the reconstruction (300 or 600 um) and the offset of the low-resolution images (50 or 100 um). The images recon-
structed with a 100 um offset present with more noise compared with those reconstructed with a 50 um offset. The difference in noise be-
tween reconstructions is most notable in images SRR-300-50 and SRR-300-100. The images reconstructed from low-resolution inputs with
a slice thickness of 600 um demonstrate a softness to the anatomical features such as the corpus callosum and distorted anterior commis-

sure due to partial volume effects.
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SRR-300-50

SRR-600-50

data set and the following three slices afterward. The
LR images have a higher SNR due to the greater level
of signal encapsulated within each voxel but suffer
from partial volume effects and have greater variation
between slices, which makes it difficult to get accurate
assessments of the brain architecture for small sam-
ples. It was possible to reconstruct the HR image to
have reasonable agreement with the directly acquired
HR data with a minimal number of LR data sets to
work from (three). The SNR and CNR for the directly ac-
quired images were 6.171 and 5, while the SNR and
CNR for the reconstructed images were 8.487 and
7.428. This is predicted to be a smaller improvement
for the SNR compared with reconstruction with a
greater volume of LR data sets. However, as an initial
introduction to SRR, the results demonstrated prom-
ising results of closely matching ground-truth data
through iterative back-projection methods with reason-
able increases in not only the SNR but also the CNR for
the final images. Overall, the SNR for the HR images ac-
quired directly was lower and the images took longer to
acquire than the reconstructed HR data set, indicating
SRR as an advantageous method for clinical and
research applications using MR technology.

SRR-600-100

SRR-300-100

FIGURE 12 Absolute image differences of the
reconstructed images and the high-resolution
images. The headers denote the SRR slice
thickness in um of the low-resolution inputs
and the offsets of the low-resolution data set.
The reconstructions from the low-resolution
data sets with a slice thickness of 300 um detail
the difference of random white noise between
the reconstructed images and the high-resolu-
tion comparison. However, the reconstruction
with a slice thickness of 600 um presents with
differences in anatomical detail denoted by
the arrows. In particular, both reconstructions
(SRR-600-50 and SRR-600-100) demonstrate
differences in the corpus callosum (gold arrow),
septum (white arrow), and anterior commissure
(red arrow).

The use of 12 images acquired with a 25 um slice
offset allowed for the reconstruction with three im-
ages at a 100 um offset, four images at 75 um, six im-
ages at 50 um, and 12 images with a 25 um offset to
determine how greatly the number of starting LR im-
ages influences the HR reconstruction. The recon-
structions were performed using the same method
outlined previously with iterative back projection.
Figure 16 shows the reconstructed images for the
varying number of LR sets used in the reconstruction
and the corresponding effect on the SNR and CNR. As
the number of LR inputs increased, so did the SNR and
CNR, although there is decreased benefit in going from
six to 12 LR inputs. However, the original HR data set
directly acquired had an SNR greater than 70, indi-
cating that for larger sample sizes, which will be
adequately sized for the probe used during imaging,
SRR may not give comparable SNR measurements
to direct acquisition, although the CNR of 1.08 indi-
cates that SRR gives better intensity separation be-
tween tissues. Ultimately, for the experimental
parameters listed above, an HR data set acquired
with 12 averages (akin to using 12 LR images in the
reconstruction) will take a total of 3234 min to acquire
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SRR-500-50

SRR-400-50

SRR-500-100

SRR-400-100

Anatomical Reference
Corpus Callosum

- e
A g
| 4

\

Anterior Commissure Septum

FIGURE 13 Reconstructions from low-resolution inputs of 400 and 500 um slice thickness. Image comparison between the high-resolution
image directly acquired and the reconstructed image with low-resolution data sets with slice thickness of either 400 or 500 um for low-res-
olution inputs. The header above each image denotes whether it is the original or SRR image, followed by the slice thickness used in the
low-resolution inputs, and finally the offset in um of each low-resolution data set. The reconstructed images begin to deviate more substan-
tially from the directly acquired high-resolution image due to insufficient information in each low-resolution data set and insufficient numbers

of low-resolution inputs.

compared with 1078 min for the total acquisition of
the LR data sets, indicating that to condense imaging
time, it may be worth the SNR trade-off to utilize SRR
compared with direct acquisition due to imaging time
constraints. It is important to mention that these met-
rics are given based upon 3D imaging techniques,
which take longer due to the additional spatial encod-
ing for each slice; with 2D image acquisition for the LR
data sets, this time difference becomes even more
pronounced.

The same iterative back-projection technique was
used to reconstruct the HR images from 2D LR inputs.
While reconstructions with 2D data sets do not
demonstrate the same increase in SNRs compared
with the 3D LR data sets, they still produce greater
CNRs than the directly acquired HR images. The
CNR is a key parameter in MRI, and imaging parame-
ters are often focused on acquiring the highest
CNRs possible, thus the increase in the CNR still indi-
cates an asset to SRR even with noisier LR basis sets.
Additionally, the SNR efficiency for the SRR for the 100
um offset reconstruction was 0.449 compared with

12 Biophysical Reports 3, 100107, June 14, 2023

0.354 for the HR directly acquired, indicating a greater
efficiency for the SRR reconstruction with a total im-
aging time of 20 min and 30 s for the LR data sets
to perform SRR with 50 um offsets, while the HR
data set acquired directly with 12 averages took over
25 h.

Figure 17 demonstrates the LR images across three
slices and the directly acquired HR image. While the
images start at comparable slices, the LR with 600
um slice thickness clearly starts slightly before the
directly acquired HR data set and ends after the HR
data set. For the LR sets with 400 and 500 um slice
thicknesses, this difference is less noticeable but
can be seen in the last slice, where the corpus cal-
losum starts to reach further down and the anterior
commissure is closer together compared with the
directly acquired HR data sets. The initial SNRs for
the LR data sets show an increase as slice thickness
increases (which is to be expected). For comparison,
the 300 um LR data set had an SNR and CNR of
7.447 and 2.654. With a 100 um jump to a slice thick-
ness of 400 um, the SNR and CNR increase to 16.829



SRR-400-50

SRR-500-50

and 7.345, and at 500 um, these measurements are
19.490 and 6.581. The SNR of the 600 um slice thick-
ness was less impressive (17.093) but maintained a
high CRN of 7.599. The decreased SNR could be due
to trying to keep the TR/TE comparable to the match-
ing HR data set that was used for comparison in a
separate trial.

Reconstructions with each LR data set were per-
formed with 50 and 100 um offsets. Figure 18 demon-
strates the SRR with four LR images with a slice
thickness of 400 um and a 100 um offset and eight
LR images with a 50 um offset compared with the
HR image directly acquired. While the first two images
show good coherence with the directly acquired HR
image, at the third slice, the reconstructions show a
lack of intensity and more spread of the signal as
the conformation of the corpus callosum changes.
This is less severe in the 50 um offset reconstruction
but still shows deviation from the directly acquired HR
image. Additionally, there is no increase in the SNR or
CNR for a four-image reconstruction with 100 um off-
sets in the through-plane dimension. However, the
eight image, 50 um offset reconstruction does offer

SRR-400-100

SRR-500-100

FIGURE 14 Images denoting the differences
between the high-resolution images directly ac-
quired and those reconstructed with various
low-resolution inputs. While first glance of the
images showed little difference between the
reconstruction and the high-resolution image
directly acquired, the image differences calcu-
lated reveal regions that were incorrectly esti-
mated such as the corpus callosum and
regions around the septum. Red arrows denote
key areas of divergence from the high-resolu-
tion scan. Image headers denote the SRR, the
slice thickness of the low-resolution input, and
the offset between each low-resolution data
set.

comparable SNRs and subtle increases in CNRs
compared with those of the directly acquired HR
data set.

Unfortunately, with a 5:1 reconstruction between
the HR and LR data sets, the reconstructions started
to diverge from the directly acquired reference point.
Reconstructions with LR data sets show divergence
along the corpus callosum within the first slice,
demonstrated in Figure 10, where the new information
contained within each successive offset is not sub-
stantial enough/does not contribute enough to the
next offset image for robust reconstruction. Addition-
ally, at this reconstruction ratio, the SNR and CNR ben-
efits are no longer consistent compared with what had
been seen with previous reconstructions with 3:1 and
4:1 ratios between LR and HR data sets. This diver-
gence from the directly acquired image is exacerbated
by the 6:1 ratio between LR and HR data sets, as seen
in Figure 19. While the SNR in the reconstructions is
quite promising, the solution for the SRR fails to iden-
tify a solid boundary for the skull, causing a diffusive
signal around the brain. This continues with a failure
to adequately follow the changes in the corpus
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FIGURE 15 High-and low-resolution images of the archerfish. High-resolution images of the archerfish (row A) compared with low-resolution
images (row B) across three slices demonstrate the increased noise seen in the high-resolution image directly acquired and the predisposition
to partial volume effects seen in the low-resolution image. The noise is most prevalent in the background of the high-resolution images, and
the partial volume effects are best seen in the vasculature of the eyes in the low-resolution scans. Anatomical markers detail the eye, vascu-
lature of the eye, retina, and stabilization bars, which were used to secure the sample in the imaging tube.

callosum across slices. However, much like in the
other reconstructions, increasing the number of LR in-
puts in the reconstruction minimizes the decoherence
between the directly acquired and reconstructed im-
ages, as can be seen in the 12- vs. six-image recon-
struction, yet the practicality decreases as the ratio
between the LR and HR data sets increases, and
thus the total number of LR data sets that would
need to be acquired become burdensome. Ultimately,
it seems that for optimal reconstructions, the HR im-
ages to be reconstructed should be no more than
four times the resolution of the LR data sets used to
reconstruct them, with 3:1 offering the best results.
Overall, our results indicate that SRR produces im-
ages that closely mirror their directly acquired HR
counterparts with greater SNR efficiency, thereby
enabling HR data sets to be achieved in condensed
time frames. In cases where the sample did not
occupy the maximal amount of space in the imaging

Image at Slice
52

Offset
Number of
Images in 3 4 6

Reconstruction
SNR 15.593
CNR 6.959

16.431
7.000

21.752
8.723
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probe, such as the archerfish, the SNR and CNR were
greater than those of the directly acquired HR images.
It was anticipated that as the number of LR inputs
used in the reconstruction increased, the SNR and
CNR would increase for all sample types; however,
that was not the case. While the SNR and CNR
increased as the number of LR inputs increased,
they did not surpass that of the directly acquired HR
images for the rat brain samples, although they were
fairly close in some trials. SRR may have a more signif-
icant effect on the SNR in smaller samples, which do
not sufficiently occupy probe space, leaving a larger
gap between the sample and the transmit and receiver
coils due to the increase in background noise, which is
largely removed with SRR strategies.

While the rat brain samples did not see as much
improvement in the SNR with the reconstruction tech-
nique, there was an increase in the CNR compared
with the directly acquired HR images. This may still

FIGURE 16 Impact of increase image inputs
for reconstruction. Reconstructed images with
decreasing offsets and increasing number of
low-resolution inputs demonstrating a slight
decrease in visible noise, increase in image
sharpness, and increasing SNR and CNR as
the number of low-resolution inputs increase.

12 In the first image on the left, regions of the
corpus callosum (red arrow), striatum (gold ar-

28.830 d . . hi
11533 row), and anterior commissure (white arrow)

are denoted as anatomical landmarks.
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produce enough benefit to utilize SRR over direct
acquisition at ultrahigh fields, as the CNR is an impor-
tant characteristic in MRI for defining tissue bound-
aries. Additionally, 2D LR data sets, in general, can
be generated rapidly in minutes and may present
with enough of a cost benefit to utilize reconstruction
over direct acquisition. Therefore, image reconstruc-
tion to HR data sets, otherwise inaccessible due to in-
strument strengths or time, may provide ultra-HR
imaging to more locations and for more applications
once thoroughly investigated for limitations. The
reconstruction algorithm is a quick and efficient and
can provide the HR output in minutes, which closely
mirrors what could be obtained directly at ultrahigh
fields. Based upon these findings, SRRs could present
a unique opportunity in clinical settings to achieve ul-
trahigh resolution even at lower field strengths,
providing radiologists with more detailed information
during patient assessments.

CONCLUSIONS

SRRis aninnovative method to increase the spatial res-
olution of MRIs without suffering from a decreased
signal, which is a frequent side effect of acquiring ultra-
high-spatial-resolution images directly. In this project,
reconstructions of HR images from both 2D and 3D
LR data sets were obtained through a series of experi-

FIGURE 17 High- and low-resolution images
of the rat brain at comparable slice locations.
Directly acquired high-resolution 100 um
isotropic image compared with low-resolution
data sets across three slices with varying slice
thicknesses. Anterior commissures are high-
lighted with red arrows in the first slice of
each image series for anatomical reference.
As the slice thickness for the low-resolution
input increases, the prevalence of the partial
volume effect increases, and the anatomical
change within each slices increases as well
based upon slice location.

ments. It has been demonstrated that an increase in
the SNR is sample dependent, but reasonably high
SNRs can be achieved with reconstruction equivalent
to or surpassing that achieved from HR imaging
directly at ultrahigh fields, but with the benefit of
decreased acquisition times. Furthermore, reconstruc-
tions with 2D data sets demonstrated that imaging
time could be dramatically reduced while increasing
the CNR of the reconstructed images compared with
their directly acquired HR counterparts. Although
reconstruction with 2D LR data sets does not produce
the same pronounced increase in the SNR upon recon-
struction as was seen with 3D imaging, the SNRs were
comparable to most of the HR images directly ac-
quired. Additionally, our results indicate that the impact
on the number of LR data sets used in the reconstruc-
tions has a profound impact on the reconstructed im-
age SNR and CNR, which increase as the number of
LR inputs increase. However, for the overall time of
data acquisition for SRR to remain a cost-effective op-
tion, the total number of LR data sets should be
restricted. Given that the most substantial signal-to-
noise improvements are apparent at six LR inputs for
reconstruction, this may provide a reasonable mini-
mum for rigorous reconstructions. We also investi-
gated the upper limits for through-plane resolution for
the LR inputs and found that a 1:3 ratio between HR
and LR data is optimal for reconstruction and yields
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FIGURE 18 SRR with 100 x 100 x 400 um low-resolution images to reconstruct the high-resolution 100 x 100 x 100 um images. The top
three images depict a reconstruction with low-resolution inputs at a 100 um offset and show divergence from the high-resolution image
directly acquired. This is most noticeable at the corpus callosum shown via the white arrow compared with the blue arrow in the high-reso-
lution image. The reconstruction provides a better estimate in the previous slice shown with the red arrow. The second set of three images
demonstrate the reconstruction with a 50 um offset and show a better approximation of the corpus callosum (gold arrow) when referenced
against the directly acquired high-resolution scans, indicating that as the number of low-resolution inputs increase, the estimate becomes

more accurate, even with larger low-resolution slice selections.

the greatest agreement between reconstructed and
directly acquired HR data. However, 1:4 ratios between
the HR and LR images may be sufficient so long as the
ROIs have larger boundaries between tissues and
easily defined contrast changes between ROIs. Recon-
structed images were carefully examined and
compared against directly acquired HR data acquired
with multiple averages (to maintain high SNRs) to
ascertain the accuracy of reconstructions against a va-
riety of landmarks such as the corpus callosum and
anterior commissure. Ultimately, we consider SRR an
effective strategy to increase image spatial resolution
while condensing imaging time, and it may prove useful
in clinical and research settings to maintain patient
comfort, assess greater ROIs or additional metrics
(such as diffusion imaging) in live animal imaging,
improve SNRs and CNRs at lower field strengths, and
obtain more useful images for samples that do not
adequately fill the radiofrequency coil and thus are pre-
disposed to increased noise.

16 Biophysical Reports 3, 100107, June 14, 2023

The strategy of SRR will provide a means of inves-
tigating ultrahigh anatomical detail in a time-efficient
manner. This will allow for rapid dissemination of
information for areas of comparative neuroscience
and brain research by allowing for rapid imaging
while maintaining ultrahigh resolutions. With more
rigorous testing and verification against HR images
directly acquired, this method can be applied to alter-
native pulse sequences and imaging strategies to
include quantitative forms of MRI as well. This will
allow for more frequent in vivo work, as anesthesia
time is often a limiting factor in imaging. In doing
so, it will provide more avenues for in-depth un-
derstanding of neural connections and disease
progressions.

SUPPORTING MATERIAL

Supplemental information can be found online at https://doi.org/10.
1016/j.bpr.2023.100107.
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FIGURE 19 Image reconstructions from low-resolution inputs with 600 um slice thickness. Comparison of a directly acquired high-resolution
data set with reconstructions with low-resolution data sets of 100 x 100 x 600 um with six or 12 images and a 100 or 50 um offset. The re-
constructions illustrate a divergence from the directly acquired high-resolution image and a lack of tissue definition. This is most apparent in
the six-image reconstruction with the corpus callosum shown via white arrows and the anterior commissure shown with gold arrows when
compared with the high-resolution image. While there is improvement as the number of low-resolution inputs increase as seen in the

12-image reconstruction, the high-resolution estimate is not sufficient.
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