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ARTICLE INFO ABSTRACT

Diffusion magnetic resonance images typically suffer from spatial distortions due to susceptibility induced off-
resonance fields, which may affect the geometric fidelity of the reconstructed volume and cause mismatches with
anatomical images. State-of-the art susceptibility correction (for example, FSL's TOPUP algorithm) typically
requires data acquired twice with reverse phase encoding directions, referred to as blip-up blip-down acquisi-
tions, in order to estimate an undistorted volume. Unfortunately, not all imaging protocols include a blip-up blip-
down acquisition, and cannot take advantage of the state-of-the art susceptibility and motion correction cap-
abilities. In this study, we aim to enable TOPUP-like processing with historical and/or limited diffusion imaging
data that include only a structural image and single blip diffusion image. We utilize deep learning to synthesize
an undistorted non-diffusion weighted image from the structural image, and use the non-distorted synthetic
image as an anatomical target for distortion correction. We evaluate the efficacy of this approach (named Synb0-
DisCo) and show that our distortion correction process results in better matching of the geometry of undistorted
anatomical images, reduces variation in diffusion modeling, and is practically equivalent to having both blip-up
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and blip-down non-diffusion weighted images.

1. Introduction

Diffusion magnetic resonance imaging (dMRI) allows non-invasive
mapping of the diffusion process of water molecules in biological tissue
[1,2], providing valuable information about tissue microstructure [3]
and facilitating study of the anatomical connections of the brain in a
process known as fiber tractography [4-6]. To date, a vast majority of
dMRI is acquired using some variation of echo-planar imaging (EPI)
[71, which allows collection of a large number of diffusion-weighted
images (DWIs) in a very short time. However, a well-known problem
with EPI is geometric and intensity distortions of DWIs caused by sus-
ceptibility induced field imperfections (BO field inhomogeneities) in
conjunction with a low bandwidth in the phase-encode (PE) direction,
causing spatial distortion along the PE axis [8,9]. These distortions may
limit the accuracy of image analysis in affected regions and can lead to
misalignment with alternative contrasts which provide structural in-
formation [10,11].

Reducing or correcting EPI distortions generally requires sequence
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modification (i.e., parallel imaging, increased bandwidth) or acquisi-
tion of additional data. Strategies to correct distortions include BO
mapping [8,12,13], point spread function estimation [14,15], image
registration from the distorted diffusion images to an undistorted non-
EPI anatomical target (typically a T1- or T2-weighted contrast, or a
synthesized T2-contrast [16], using a non-rigid registration framework)
[11,17-20]1, or recently developed reverse gradient/“blip-up blip-
down” acquisitions [9]. Each of these approaches suffers from practical
imaging concerns that limit general applicability. Field mapping of the
BO inhomogeniety can be corrupted by motion, artifacts, or phase er-
rors, and geometric correction with corrupt/limited BO fields can ac-
tually degrade image quality. Similarly, point spread function estima-
tion is dependent on empirical estimation of imaging properties and
applying a forward model for correction. Although widely applied, re-
gistration-based correction suffers from difficulty in matching contrasts
between scans. Diffusion images can have very different contrasts than
the standard structural scans to which they are registered, and alter-
native optimization metrics or pre-processing techniques are required.
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Acquisition of reference images with contrast matched to the diffusion
images consumes precious additional scan time.

The final distortion correction strategy is to acquire pairs of images
with reverse phase encoding (PE) gradients, often referred to as a “blip-
up blip-down” acquisition [9], yielding pairs of images with the same
contrast, but distortions reversed in directions. The undistorted image
can then be derived by warping the two images to the mid-way point
between them. Initial work estimated the un-warped images in-
dependently along lines in the PE direction [21,22] and normalizing by
the geometric mean. However, these methods did not recognize that the
underlying field should be continuous, and typically smooth, and due to
their 1D nature (along PE lines), these methods are sensitive to noise,
edge effects, and numerical instabilities. To improve upon this, An-
dersson et al. [23] proposed to model the warping field as a linear
combination of smooth basis functions, which, in addition to regular-
izing the problem by operating on a 3D space instead of 1D lines, allows
the inclusion of subject motion into the correction. This technique has
been incorporated into the FSL software package [24,25] under the
name TOPUP as part of their standard dMRI preprocessing pipeline, and
has since become a popular blip-up blip-down correction technique, as
well as the tool of choice for the Human Connectome project [26]. Later
modifications to this technique include hierarchical smoothing [27],
integration of registration-based algorithms [28], alternative acquisi-
tions [29,30], and incorporation of field drift and structural image in-
formation [31]. An attractive feature of the blip-up blip-down acqui-
sitions is that the pairs of images can be both used for distortion
information and, after correction, contribute to the diffusion imaging
microarchitecture estimation routines. Hence, time is not “wasted” on
distortion correction. In summary, blip-up blip-down distortion cor-
rection methods significantly improve correction quality for EPI dis-
tortions with minimal penalty for overall scan time.

Unfortunately, not all imaging protocols include a blip-up blip-
down, or similar, acquisition, and cannot take advantage of the state-of-
the art susceptibility and motion correction capabilities of TOPUP. For
example, many datasets of the past were not collected with this mod-
ification, and adoption in research and clinical settings may be hin-
dered due to limited, familiarity with best-practices, or programming
expertise. Additionally, it is not possible to implement blip-up blip-
down acquisitions in many clinically deployed software releases. It
would be beneficial to be able to perform advanced distortion correc-
tions (using modern processing pipelines) relying only on the most
widely available diffusion imaging data and clinically common se-
quences that accompany them (e.g., anatomical structural MRI along
with diffusion imaging data with a single PE direction).

Here, we recognize that there has been extensive progress in com-
puted tomography (CT) synthesis from MRI to support attenuation
correction and reconstruction for PET/MRI scanners without the need
for an independent CT scan. Initially these efforts were based on multi-
atlas methods [32,33] and non-local patches [34,35]. Recently adapted
to the computer vision field, deep learning with pix2pix conditional
generative networks [36] and cycle generative adversarial networks
[37] have proven especially effective at a variety of medical imaging
synthesis tasks [38-40]. We note that the validity of synthetic images
for medical interpretation of contrast “hallucination” remains highly
controversial [41]. Yet, use of synthetic images as image processing
intermediates is becoming accepted in much the same way as different
matching criteria (e.g., mutual information, patch based similarity,
structural similarity, etc.) have become commonplace for image regis-
tration [42-45].

To enable TOPUP processing with historical and/or limited diffu-
sion imaging data with only a structural image and single blip diffusion
image, we propose to synthesize an undistorted EPI image from the
structural image and use the non-distorted synthetic image as an ana-
tomical target. Our approach only requires the (distorted) diffusion
images and an undistorted anatomical image. To train the synthesis
approach, we use a database of 568 pairs of structural images and
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multi-shot EPI images with contrast mapped to the diffusion imaging
minimally weighted “b0” image. Briefly, we create three orthogonal 3
channel pix2pix Generative Adversarial Networks (GANs) at 1 mm re-
solution in MNI space to synthesize three-slice stacks of diffusion
imaging data in the axial, coronal, and sagittal planes. Median filtering
is used to combine the resulting model into a single estimate for each
target voxel. We then enter both the “real” and “synthesized” b0 images
as input into TOPUP, but inform the algorithm that the synthesized
image has an infinite bandwidth in the PE direction (i.e., it is un-
distorted), which allows warping of only the real b0, forcing its geo-
metry to match the undistorted synthesized image.

Herein, we evaluate the efficacy of this approach on data from a
different site (different subject population, different scanners, different
scanner software versions). We show that our distortion correction
process results in better matching the geometry of undistorted T1, re-
duces variation in diffusion modeling, and is practically equivalent to
having both blip-up and blip-down data.

2. Methods
2.1. Acquisition — synthesis dataset

All human datasets were acquired after informed consent under
supervision of the appropriate Institutional Review Board. This study
accessed only de-identified patient information. The image synthesis
GAN was conducted on 586 pairs of T1-weighted and diffusion b0 EPI
brain images from healthy controls (ages 29-94 years old) as part of the
Baltimore Longitudinal Study of Aging study, which is a study of aging
operated by the National Institute of Aging [46]. For detailed demo-
graphics and scanner protocols, we refer the reader to [47]. Briefly,
data were acquired on a two 3 Tesla Philips Achieva scanners using an
8-channel head coil. A T1-weighted contrast and diffusion acquisition
was acquired for each participant.

T1-weighted images were acquired using an MPRAGE sequence
(TE = 3.1ms, TR = 6.8ms, slice thickness = 1.2mm, number of
Slices = 170, flip angle = 8 deg, FOV = 256x240mm, acquisition ma-
trix = 256 X 40, reconstruction matrix = 256 X 256, reconstructed
voxel size = 1x1mm). Diffusion acquisition was acquired using a single-
shot EPI sequence, and consisted of a single b-value (b = 700 s/mm?),
with 33 volumes (1 b0 + 32 DWIs) acquired axially (TE = 75ms,
TR = 6801 ms, slice thickness = 2.2 mm, number of slices = 65, flip
angle = 90 degrees, FOV = 212*212, acquisition matrix = 96*95, re-
construction matrix = 256*256, reconstructed voxel
size = 0.83*0.83 mm). Importantly, to obtain a non-distorted image
with b0 contrast, for 586 sessions, a high resolution, readout-segmented
(multi-shot) EPI image was acquired [48] (same acquisition settings as
diffusion data, with no diffusion gradients applied). This technique
significantly reduces susceptibility artifacts in the PE direction and al-
lows alignment directly with T1 through rigid body registration. This
(ideally undistorted) b0 image is used for image synthesis to learn the
mapping from T1 to b0 contrast.

2.2. b0 synthesis

For 586 subjects, the multi-shot EPI b0 scans were rigid body re-
gistered (6 degree of freedom with FSL flirt [24]) to the paired T1-
weighted MPRAGE scan. The MPRAGE scans for each subject were af-
fine registered (12 degree of freedom using FSL flirt) to the MNI-152
1 mm isotropic T1-weighted atlas included with FSL [24]. The paired
multi-shot EPI scans were transformed to MNI space using cubic in-
terpolation. Pre-aligning to MNI space reduces the variation in the data
and reduces the need to learn pose invariance.

To perform image synthesis, we train three separate GAN networks,
each learning the mapping from T1-weighted contrast to a bO contrast
using stacks of 2D slices, with one network learning mapping of axial
2D slices, the second learning coronal, and the third sagittal. The three
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Fig. 1. Image synthesis training (top) and application of the
network (bottom). Paired MPRAGE and diffusion b0 images
are sliced into groups of orthogonal slices to act as input to
three independent conditional GANs (cGAN). Upon applica-
tion of the network, an MPRAGE is used to synthesize an
undistorted b0 contrast. The MPRAGE is sliced into ortho-
gonal stacks, input into the trained networks (the generator —
GEN) which synthesize orthogonal slices, and merged into the
synthesized b0.
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different orientations allow pseudo 3-D information to be used. Some
image features may be clearer in one plane over another. Additionally,
we can utilize standard 2-dimensional GAN networks (pix2pix) and
(although the underlying data remains the same) this approach in-
creases the paired data 3-fold (i.e., 3 orientations).

The training pipeline is shown in Fig. 1 (top). We created three
orthogonal pix2pix networks with an input resolution of 1 mm X 1 mm
(in plane) and 3 consecutive slices in the three channels of the network.
All overlapping sets of three contiguous slices for all subjects were
created for all three orthogonal planes in a paired manner for corre-
sponding MPRAGE and multi-shot EPI datasets for a total of 113,098,
134,194, and 113,098 training pairs (axial, coronal, sagittal, respec-
tively) that were split 80/20% for training and validation. The models
were independently trained on an NVIDIA GTX 1080i GPU using
pix2pix [36] implementation in pytorch (https://github.com/junyanz/
pytorch-CycleGAN-and-pix2pix). All networks were trained from
scratch with a learning rate of 0.002. We keep the same learning rate
for the first 100 epochs and linearly decay the rate to zero over the next
100 epochs.

Application, or inference, of the network is shown in Fig. 1
(bottom). To apply the trained networks, an MPRAGE dataset without a
paired multi-shot EPI scan is affine registered (12 degree of freedom
using FSL flirt [24]) to the MNI-152 1 mm isotropic T1-weighted atlas.
All overlapping sets of three contiguous slices for the scan are written
out (193, 229, and 193 stacks of 2D images per subject, axial, coronal,
sagittal, respectively). Then, the corresponding generative models are
applied to each stack independently. All stacks are then loaded to re-
construct 3 estimated volumes per subject by averaging the 3 output
channels for each reconstruction (e.g., +1 mm, same slice, —1 mm)
and repeated for each orientation. Finally, the three different orienta-
tions are combined by median filtering, resulting in a synthesized b0
image. It is important to emphasize that, for application of this network,
only a single T1-weighted volume is required for image synthesis (along
with the pre-trained network weights). We have made this image
synthesis network freely available with python code at (https://github.
com/MASILab/Synb0-DISCO) and in a dockerized version (https://hub.
docker.com/r/vuiiscci/synb0-disco).

2.3. Acquisition — validation datasets

Two additional datasets were acquired for validating the fidelity of
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resulting distortion corrections. The first dataset was intended for
comparisons with state of the art TOPUP corrections. This data was
acquired on a healthy subject scanned at Vanderbilt University, con-
sisting of a Tl-weighted MPRAGE and diffusion-weighted EPI
(b = 1500s/mm?, 5 interspersed b0's + 32 DWIs, 2.5mm isotropic
resolution) with the PE direction anterior to posterior (PE-P). This
protocol was then repeated with PE direction posterior to anterior (PE-
A).

The second set of data was intended for validating the proposed
distortion correction when no reverse PE scans are available. This da-
taset contained 25 healthy subjects scanned at Vanderbilt University,
consisting of a T1l-weighted MPRAGE and diffusion-weighted EPI
(b =1000s/mm? 1 b0 + 32 DWIs, 2.5mm isotropic resolution).
Importantly, these datasets do not have reverse PE scans for full blip-
up/blip-down corrections.

2.4. Distortion correction

Distortion correction was performed by first applying the trained
network to a given MPRAGE dataset, resulting in the synthesized b0
image. The synthesized b0 was rigidly registered to the real b0 image
(note that these will not, and do not have to, align perfectly as both
motion and susceptibility distortions are estimated with TOPUP), and
concatenated, which formed the input to TOPUP. TOPUP was then run
on the merged b0 volume. Importantly, when setting up the acquisition
parameters, the readout time (i.e., time between the center of the first
echo and center of last echo) for the synthesized image is set to O (while
the real b0 retains the correct readout time). This tells the algorithm
that the synthesized b0 has an infinite bandwidth in the PE direction,
with no distortions, thus fixing its geometry when estimating the sus-
ceptibility field. After this, conventional processing is performed, in-
cluding eddy current correction (FSL eddy) and non-linear least squares
diffusion tensor fitting and fractional anisotropy (FA) calculation.

2.5. Quality assessment

Distortion correction quality is assessed both qualitatively and
quantitatively. Qualitatively, we overlaid the corrected and/or un-
corrected EPI images and calculated FA maps on the T1 image, which
allows observations and comparisons of boundaries, edges, and con-
trasts before and after correction. Quantitative measures of distortion
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Fig. 2. Distortion and correction in diffusion MRI. (A) EPI susceptibility distortion occurs along the phase encode direction, with phase encoding in the posterior (PE-
P) direction leading to displacements of identical distance but opposite direction of that in the anterior (PE-A) direction. (B) State of the art distortion correction
(topup) typically uses distortions in two opposite directions to iteratively estimate the undistorted image. (C) The proposed method uses an undistorted T1-weighted
image to synthesize an undistorted volume with b0 contrast, which can be used to correct the distorted (in this case, PE-P) image without requiring an additional
phase encoding acquisition. The blue circles highlight areas of observable signal distortion. Yellow arrows indicate phase encode direction. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

correction include calculating mutual information (MI) between pairs
of image [49]. For example, calculating the MI between PE-A and PE-P
images, PE-A and PE-P image corrected using TOPUP, and those cor-
rected using the proposed methods. Additionally, the mean-square-
difference (MSD) of FA values between pairs of images is calculated,
where a lower FA MSD would indicate more agreement (or alignment)
between calculated DTI metrics.

3. Results
3.1. Qualitative results

Fig. 2 shows typical susceptibility artifacts associated with EPI scans
(Fig. 2, A), distortion correction results from state-of-the art blip-up/
blip-down methods (i.e., TOPUP) (Fig. 2, B), as well as the proposed
distortion correction (Fig. 2, C). Distortions in EPI images typically
manifest as stretching or compression of geometry in the PE direction,
accompanied by signal “pile-up” resulting in low and high intensity
regions. In this case, bO images with a PE-P acquisition demonstrate
compression and signal pileup in the anterior portions of the brain, with
opposite effects apparent in the PE-P acquisition (Fig. 2, A). TOPUP
correction results in an undistorted EPI that has a geometry largely
intermediate between the two original images (Fig. 2, B). Finally, the
proposed correction estimates an anatomically faithful synthetic b0
(Fig. 2, C) with contrast similar to that from the EPI scans, and the full
pipeline yields a corrected EPI with similar geometry to the synthesized
image, demonstrating the feasibility of the proposed method.

The distorted and undistorted images, and calculated FA maps, are
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shown overlaid on the anatomically-correct T1-weighted image (Fig. 3,
A), in axial (Fig. 3, B) and sagittal (Fig. 3, C) planes. Again, signal pile-
up or signal stretching is apparent in uncorrected PE-A and PE-P
images, respectively, along with clear anatomical mismatch in the FA
maps. For example, misalignment of FA with T1 is noticeable in several
white matter regions, as well as in high-intensity outlines at the front or
back of the brain. Both TOPUP and Synb0-DiCso results in reasonable
distortion corrections.

3.2. Quantitative comparison to state-of-the art

We next quantified the MI in pairs of images (Fig. 4, A) to quanti-
tatively assess correction quality. As expected, PE-A and PE-P has a
relatively lower MI compared to the topup-corrected PE-A scan
(TOPUP-A) and topup-corrected PE-A scan (TOPUP-P), which has the
highest MI, indicating the correction results in images with more si-
milar contrast. Similarly, the Synb0-DiCso-correct PE-A (Synth-A) and
Synb0-DiCso-corrected PE-P scan (Synth-B) show an increased MI, al-
though smaller than TOPUP corrections (resulting in > 80% of the
topup improvement). Additionally, the PE-A after correction with
TOPUP shows high MI with PE-A after correction with Synb0-DiCso,
with similar results for the PE-P volume.

Quantifying (Fig. 4, B), and visualizing (Fig. 4, C) FA differences
between the same pairs of images further reaffirms that (1) uncorrected
scans show the greatest variation in FA, (2) TOPUP results in the
highest similarity after correction, and (3) Synb0-DiCso shows nearly as
much improvement as TOPUP correction. The greatest FA differences
appear in the most anterior and most posterior portions of the brain (as
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PE-A PE-P

Synthetic b0 Correction

TOPUP (using only PE-A)

Fig. 3. Synthetic b0 correction results in reasonable distortion corrections, qualitatively similar to state of the art (topup). (A) Axial and sagittal slices of the T1-
weighted image are shown with edges highlighted. (B) Axial slices of the volumes with PE in the anterior (PE-A) and posterior (PE-P) directions, the topup corrected
image, and that corrected using the synthetic b0 image are shown for both b0 image and FA maps, shown in T1 space. (C) Sagittal slices of the volumes with PE in the
anterior (PE-A) and posterior (PE-P) directions, the topup corrected image, and that corrected using the synthetic b0 image are shown for both b0 image and FA
maps, shown in T1 space. The blue ovals highlight areas of observable signal distortion, which are qualitatively corrected in the topup-corrected and synthetic bO-

corrected images.

expected), which are largely corrected using both methods. Again, the
PE-A (and PE-P) images corrected with both methods indicate high si-
milarities, suggesting that they result in similar distortion correction.
However, neither method is perfect (residual differences still exist in
both TOPUP and Synb0-DisCo corrections), although the corrections for
both methods result in very similar output corrected images and
quantification of metrics (i.e. TOPUP-A is similar to Synth-A, TOPUP-P
is similar to Synth-P). Thus, Synb0-DiCso performs nearly as well as
TOPUP at correcting the geometry and reducing variation in DTI-de-
rived measures.
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3.3. Distortion correction with no reverse PE

We further evaluate Synb0-DiCso when no reverse PE direction is
available using dataset #2 (Fig. 5). Distortions, as expected, are ap-
parent in the frontal lobe due to the presence of the sinus. Qualitatively,
the b0 better matches the T1 geometry after correction, both near the
sinus (as seen on corrected b0) and in several white matter regions
(more discernable on corrected FA maps). Thus, Synb0-DiCso qualita-
tively appears to be an adequate correction strategy in the absence of
additional PE acquisitions. Finally, quantifying the similarity of the
uncorrected and corrected bO volumes with the T1 image (Fig. 6) in-
dicates a statistically significant increase in MI with the T1 after SynbO-
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Fig. 4. Synthetic b0 correction performs nearly as well as state of the art (topup) at correcting the shape of the b0 and reducing variation in FA caused by distortions.
The mutual information (A), mean square difference in FA (B) and difference in FA (C) are shown for pairs of image volumes. PE-A: phase encoding in anterior
direction; PE-P: phase encoding in posterior direction; TOPUP-A: topup-corrected PE-A; TOPUP-P: topup-corrected PE-P; Synth-A: synthetic bO-corrected PE-A;

Synth-P: synthetic bO-corrected PE-P.

DiCso correction (paired t-test, p < 0.001), with all corrected volumes
increasing ML, indicating a more anatomically faithful geometry.

4. Discussion

In this study, we have proposed a distortion correction technique,
Synb0-DiCso, that can be utilized in the absence of additional reverse
PE acquisitions, and only requires a standard T1-weighted acquisition
(Fig. 2). We have shown qualitatively that Synb0-DiCso results in rea-
sonable distortion corrections (Fig. 3), largely similar to state-of-the art
methods that require blip-up blip-down acquisitions. In agreement with
this, quantitative comparisons suggest that Synb0-DiCso performs
nearly as well as TOPUP at both correcting image geometry and at
reducing variation in DTI-derived parameters (Fig. 4). This metho-
dology was applied to 25 diffusion-weighted EPI scans without blip-up
blip-down acquisitions, consistently correcting observable distortions
(Fig. 5), and resulting in brain shape more similar to the anatomical
images than pre-correction (Fig. 6).

There are a number of distortion correction methods that utilize
additional data in the form of field maps or additional data and sub-
sequent signal and image processing. We have chosen TOPUP as the
standard for comparison, as it is well integrated into excellent image
processing packages, has arguably seen the most widespread use, and
has become the tool of choice for one of the larger neuroimaging in-
itiatives. Another popular package, DR-BUDDI [31], is worth men-
tioning, as it is integrated into the TORTOISE software package, and
utilizes a deformation model capable of dealing with large distortions
and allows compensation for B, field changes between acquisitions.
Importantly, DR-BUDDI can also include structural images as a priori
undistorted information that further constrains the deformation fields
[31]. It would be of interest to the field of diffusion MRI to perform a
comprehensive evaluation of the large number of existing distortion
correction algorithms, in addition to eddy-currents, movement, and
other artifacts associated with EPI acquisitions. Towards this end, a
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standardized dataset and evaluation method, utilizing similar measures
of intensity similarities and metric variabilities, would provide valuable
benchmarking for algorithms and acquisitions.

There are several potential limitations to using image synthesis to
create the standard undistorted space. First, the contrast is not perfect,
and median filtering of sagittal, axial, and coronal slices creates a slight
blurring of fine details and structures (see synthesized image in Fig. 1,
C). Second, the learned network structure may not be appropriate with
dramatic differences in acquisition settings, including varying resolu-
tion (for example, HCP datasets) or echo times. However, the data from
training and testing acquisitions were not exactly matched (and in fact
came from different scanners), and distortion correction was successful.
We urge caution when applying to datasets that may be dramatically
different either in T1 or bO contrast. Future training should incorporate
a range of contrasts, or alternatively, a different network could include
the b0 itself as a second input when learning and applying this tech-
nique in order to learn a histogram match and force perfect contrast-
matching to the b0. Finally, we do not expect the network to be able to
predict the appropriate b0 contrast in certain regions of non-healthy
populations (for example, tumors), and this should be an area of future
research. We note that the contrast between the real and synthetic b0 is
not perfect (see Fig. 2 for a comparison) and that the synthesized b0 is
smoothed due to the merging operations of the three networks outputs.
However, relevant structures are still apparent, with the similar con-
trast magnitude, and the TOPUP algorithms begins with an image
normalization between volumes (which is traditionally to account for
varying gain factors across scans).

Deep learning methods have been successfully applied to numerous
medical imaging tasks due to the superior performance. The recent
advances in GAN based deep learning methods enabled the high quality
medical image synthesis in a model-free manner between two different
medical imaging modalities such as, but not limit to, MRI to CT [50], CT
to X-ray [51], ultrasound to CT [52], T1 MRI to T2 MRI [53] etc. In this
study, we proposed a new application by synthesizing undistorted b0
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Fig. 5. Synthetic b0 distortion correction is able to consistently correct distortions in scans without additional phase encodings. Example slices of the T1 image,
uncorrected and corrected b0, and uncorrected and corrected FA are shown for 7 different subjects, with arrows highlighting locations that are un-warped after
correction, noticeable as reduced distortion, mitigated signal pile-up, or more clearly delineated FA maps.
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Fig. 6. Mutual information with T1 increases after synthetic bO correction,
indicating more anatomically faithful shape. Asterisk indicates significant in-
crease (p < 0.001) in mutual information using paired t-test.

diffusion MRI from T1 MRI using image-to-image GAN. However, other
imaging modals and modalities could also be used as the source images
to synthesize undistorted b0 diffusion MRI (e.g., T2 MRI), or we can
even directly learn the undistorted b0 diffusion MRI from k-space
images.

In this study, paired image-to-image synthesis was performed be-
tween two imaging modalities. In the future, more training data could
be incorporated into the training by combining the unpaired image-to-
image training using CycleGAN [37]. Another direction is to expand the
training from using two modalities into three or more modalities like
the recent proposed StarGAN [54]. Meanwhile, the recent proposed
BigGAN [55] can be used to further improve the synthesis performance
for the high-resolution scenarios.

The qualitative and quantitative evaluation on “how real are the
synthesized images?” is still an open question. Therefore, beyond pur-
suing high realistic image-to-image synthesis performance, recent stu-
dies have utilized the synthesized images in advancing other medical
imaging tasks (e.g., segmentation) in multi-task learning manner
[50,51,56]. Thus, an interesting future direction is to use the synthe-
sized undistorted scans for the following diffusion weighted image
analyses (e.g., tractography). Moreover, the proposed method can be
generalized to other imaging modalities (e.g, T2 MRI, fMRI, CT etc.)
and applications (e.g., chest, abdomen, pelvis, etc.).

5. Conclusions

In this work, we have implemented a diffusion susceptibility dis-
tortion correction method that utilized an undistorted non-diffusion
weighted image synthesized from an anatomical scan. This pipeline
integrates well with standard diffusion pre-processing packages.
Importantly, this distortion correction can be utilized without addi-
tional blip-up blip-down acquisitions. This method is implemented in
open sourced Python code (https://github.com/MASILab/Synb0-
DISCO) in addition to example TOPUP processing scripts, and a
Docker image for system-agnostic processing (https://hub.docker.com/
r/vuiiscci/synb0-disco).
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