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including image registration and removal of data corrupted with artifacts, and to seg-
ment the left ventricle. Previously collected and analyzed scans (348 healthy scans
and 144 cardiomyopathy patient scans) were used to train and validate the U-Net.
All data were acquired at 3 T with a STEAM-EPI sequence. The DT-CMR post-
processing and U-Net training/testing were performed with MATLAB and Python
TensorFlow, respectively.

Results: The U-Net achieved a median Dice coefficient of 0.93 [0.92, 0.94] for the
segmentation of the left-ventricular myocardial region. The image registration of
diffusion images improved with the U-Net segmentation (P < .0001), and the iden-
tification of corrupted images achieved an F1 score of 0.70 when compared with
an experienced user. Finally, the resulting tensor measures showed good agreement
between an experienced user and the fully automated method.

Conclusion: The trained U-Net successfully automated the DT-CMR postprocess-
ing, supporting real-time results and reducing human workload. The automatic
segmentation of the heart improved image registration, resulting in improvements of

the calculated DT parameters.

KEYWORDS

cardiac, deep learning, diffusion tensor imaging, image processing, machine learning

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original
work is properly cited.
© 2020 The Authors. Magnetic Resonance in Medicine published by Wiley Periodicals LLC on behalf of International Society for Magnetic Resonance in Medicine

Magn Reson Med. 2020;00:1-14. wileyonlinelibrary.com/journal/mrm 1


www.wileyonlinelibrary.com/journal/mrm
mailto:﻿
https://twitter.com/pedro_filipe_
https://orcid.org/0000-0002-0436-3496
https://twitter.com/pedro_filipe_
https://orcid.org/0000-0001-7656-3123
https://orcid.org/0000-0001-7344-7733
https://orcid.org/0000-0003-0412-2796
https://orcid.org/0000-0001-5523-1314
https://orcid.org/0000-0003-3894-7489
http://creativecommons.org/licenses/by/4.0/
mailto:p.ferreira@rbht.nhs.uk

2 . . o o
J—Magnetlc Resonance in Medicine

FERREIRA ET AL.

1 | INTRODUCTION

Diffusion tensor cardiac magnetic resonance (DT-CMR) is an
emerging technique that provides information on myocardial
microstructure. Many diffusion parameters can be extracted
from the tensors, including tensor orientation and rotational
invariant measures. For tensor orientation, it is common to
report the primary and either secondary or tertiary eigenvec-
tor orientations that have been shown to relate to the orienta-
tion of the local cardiomyocytes and their sheetlet structure,
respectively.1 These angles are commonly known as helix
angle (HA) and sheetlet angle or secondary eigenvector angle
(E2A) respectively. In terms of rotational invariant measures,
it is common to report fractional anisotropy (FA), a measure
of diffusion organization, and mean diffusivity (MD), which
measures the magnitude of diffusion. Both tensor orientation
and rotational invariant measures have been shown to change
in cardiac disease.”®

The computation of diffusion tensors from in vivo data
is particularly challenging in the heart. Diffusion imaging
yields low SNR images, and it is common to compensate
with long acquisitions spanning multiple breath-holds. For
most data sets, image registration is needed to correct for
residual image shifts due to inconsistency with intrabreath
and interbreath holding. This registration is challenging due
to the different diffusion weightings and encoding directions
between images, which translate into differences in signal in-
tensities and contrast, not only in the myocardium, but also
the neighboring structures of the chest wall, liver, and stom-
ach (Figure 1A). Additionally, these peripheral structures do
not move rigidly with the heart during the respiratory cycle,
further complicating registration.

In addition to the challenges of registration, a typical DT-
CMR study of one midventricular slice scanned at two stages
of the cardiac cycle will typically contain more than 160 im-
ages. Approximately 14% of the images are corrupted by sig-
nal loss due to cardiac and respiratory motion and are usually
manually excluded based on visual assessment (Figure 1B).’

In vivo DT-CMR postprocessing is typically done retro-
spectively. Multiple steps require manual input, including
removing frames corrupted by motion artifacts, and thresh-
olding and segmentation of the left ventricular (LV) myocar-
dial borders. Thresholding removes unwanted structures and
background voxels, whereas segmentation not only allows
quantification of diffusion parameters in the LV myocar-
dium, but it is also used to define the local cardiac coordinate
system consisting of the longitudinal, circumferential, and
radial orthogonal directions (Figure 1C).3° Visualization of
tensor orientation measures in relation to the local cardiac
coordinates aids in the interpretation of the tensor results.

In this work we develop and validate a fully automated
postprocessing framework of in vivo DT-CMR data powered
by a convolutional neural network (CNN) trained to perform

semantic segmentation. The aim is to improve robustness,
reduce human postprocessing workload, and ultimately to
produce on-the-fly DT-CMR results at the scanner, providing
real-time visual feedback on scan quality.

2 | METHODS

In vivo DT-CMR postprocessing requires several steps be-
fore tensor calculation. In summary, the data need to go
through the following steps: (1) removal of data corrupted by
motion-induced signal loss, (2) image registration of the re-
maining diffusion images, (3) thresholding and segmentation
of the LV myocardial borders, and (4) voxel-wise calculation
of the diffusion tensors (Figure 2A).

A CNN for semantic segmentation was used as the basis
to automate and enhance some of the stages of the DT-CMR
tensor calculation workflow (Figure 2B). A U-Net-based
CNN was designed with five encoder/decoder levels. A di-
agram of its architecture is depicted in Figure 3A. A U-Net
was chosen, as it is known to produce good results for bio-
medical data without requiring large training data sets.'” The
specific network design was configured ad hoc to yield the
highest Dice scores.

The U-Net was trained to segment multiple classes, in-
cluding LV myocardium; right ventricular myocardium and
papillary muscle; the two interventricular insertion points;
and the remaining pixels as the background (Figure 3B). For
the training, the position of the ventricular insertion points,
previously designated by the user, were converted to a cir-
cular region with a 6-pixel radius but excluding any pixels
inside the LV myocardium. The predicted insertion point re-
gions by the U-Net are therefore similar shapes. The centroid
of these regions was considered as the position of the pre-
dicted insertion points.

To train the U-Net, we used previously collected DT-
CMR scans acquired with a STEAM-EPI sequence. The data
included a total of 492 scans (348 healthy scans and 144
scans from patients with either hypertrophic cardiomyopa-
thy [HCM], dilated cardiomyopathy, or cardiac amyloidosis).
This study was approved by the National Research Ethics
Service. Data were acquired during either the diastolic or
the systolic pause. All data had been previously examined
for artifacts, and the LV myocardium segmented by 1 of 2
experienced clinicians and subsequently checked/edited by
an experienced physicist. All available data were primarily
focused on the LV myocardium, although, when threshold-
ing the heart during the analysis, the right-ventricular (RV)
muscle was also segmented. The imaging protocol has been
described previously,“’12 and in summary all imaging was
performed using a Skyra 3T MRI scanner (Siemens AG,
Erlangen, Germany) with a STEAM-EPI sequence with
zonal excitation and fat saturation, TR = 2RR intervals,
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FIGURE 1

A, Diffusion images showing the heart and neighboring structures: the chest wall (yellow arrow), the liver (blue arrow), and

the stomach (red arrow) at different diffusion weightings (b-value units, s mm™>) and encoding directions. B, Three diffusion frames with varying
degrees of motion-induced signal-loss artifacts. C, Local cardiac orthogonal coordinate system diagram

TE = 23 ms, SENSE or GRAPPA X2, echo train duration =
13 ms, at a spatial resolution of 2.8 X 2.8 X 8.0 mm?® with
diffusion weightings of 150 and 600 s/mm? for six diffu-
sion-encoding directions.

Each DT-CMR scan consists of multiple images with dif-
ferent diffusion weightings acquired in a short-axis slice at
one cardiac phase. A typical clinical scan will contain ap-
proximately 80 images per slice and cardiac phase. The net-
work input images were the mean image of each scan after
spatially registering the entire diffusion series. This produces

magnitude input images with a much higher SNR than the in-
dividual diffusion images and are named here as scan-mean
images.

Once successfully trained, the U-Net was integrated
within the in vivo DT-CMR postprocessing at different
stages of the workflow. It was used primarily to enhance the
image registration, to identify frames corrupted with motion-
induced signal loss, and to segment the LV myocardial region
for quantification of diffusion tensor parameters (Figure 2B).
These steps were compared with the current established
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FIGURE 2 Workflow diagrams of the two postprocessing techniques. A, Current workflow in which some steps require manual input
(manual label) from the user. B, New workflow in which the manual steps are automated and others enhanced by using the segmentation
information given by the trained U-Net (U-Net label)

method of postprocessing the DT-CMR data with manual Finally, this work concluded by comparing the DT-CMR
input from an experienced user, which was considered as the results of the fully automated workflow against the manual
ground truth (Figure 2A). user workflow for the independent test data set as described
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FIGURE 3 A, U-Net architecture used. B, U-Net classes for one example. Abbreviations: LV, left ventricular; RV, right ventricular

subsequently. This includes global median values and a
voxel-wise comparison of FA, MD, E2A, and HA in the left
ventricle.

The trained U-Net can be downloaded from https://github.
com/Pedro-Filipe/DT_CMR_short_axis_conv_net.

2.1 | Left ventricular myocardial
segmentation

The first step of this work was to train the U-Net to segment/
identify the five different regions/locations shown in Figure 3B.
The scans were divided into three groups: training data with
393 (80%) DT-CMR scans, validation data of 29 (6%) scans
used to assess the network weights at the end of each training
epoch, and finally the test data set with 70 (14%) scans to test
the CNN final weights. The data distribution discretized by
disease is shown in Supporting Information Figure S1. Data
augmentation was used to improve training with random uni-
form distributions: rigid translation (range: 10% of FOV) and
rotation (range: + 0.6 radians). These ranges were chosen to
constrain these operations to realistic levels. A generalized
Dice loss function'® was used to mitigate class imbalance and
assess the proportion of specific agreement between the ex-
perienced user and the U-Net segmented masks. Batch nor-
malization layers were added to the U-Net, as they are known
to reduce overfitting, and when tested in our data, they were
found to improve the segmentation Dice scores of the test data.
For training we used the Adam optirnizer14 (learning rate:
0.001, epsilon 1E™"), a batch size of four images, and 200
epochs. The hyperparameters were tuned until we could not
improve the Dice scores on the validation data and with suf-
ficient epochs for the loss function to reach a plateau.

The DT-CMR postprocessing was carried out using
MATLAB (MathWorks, Natick, MA), and the U-Net training/
testing was performed using Python TensorFlow (Google,

Mountain View, CA). A Workstation with Ubuntu 18.04, two
Intel Xeon 8 core CPUs, 12 GB of RAM, and an NVIDIA
Quadro P6000 GPU was used for the GPU-based training.

22 |
images

Registration of diffusion-weighted

The U-Net was originally trained with the scan-mean images.
To enhance registration, we attempted to use the same U-Net
to segment the heart in each individual diffusion image. The
segmentation masks derived from the U-Net were used to
remove all peripheral structures outside the heart (ie, eve-
rything outside the U-Net-defined LV + RV 4+ papillary
region). The segmentation information was also used to in-
crease the image intensity toward the LV myocardial region
with a Gaussian filter (SD = 40% of myocardial diameter),
to weight favorably the registration to the LV at a cost to the
right ventricle and to avoid sharp edges when masking. For
the segmentation to work reliably, the diffusion images were
strongly denoised with a nonlocal means algorithm and mag-
nitude scaled before applying the U-Net.” A degree of filter-
ing of 8 times the estimated noise was used in the denoising.
This level of denoising was empirically found to smooth the
image without adverse blurring. The degree of filtering con-
trols the rate of decay of the weights in the nonlocal means
algorithm,15 while the noise variance estimation is described
by Immerkaer et al.'®
used only to aid segmentation and classification as described
in the next section, but were not used for any diffusion tensor
calculations. A multiresolution subpixel rigid image registra-
tion (translation only) by cross-correlation of the magnitude
signal was subsequently perforrned.17 This registration work-
flow, named here as Reg U-Net, was compared to the image
registration workflow currently used, in which a user-defined
square region around the heart is cropped before using the

The denoised diffusion frames were
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same rigid registration algorithm. This workflow was defined
in this work as Reg. A flowchart of these methods is shown
in Supporting Information Figure S2 for clarity. The image in
the diffusion series with the highest mean intensity was used
as the reference frame for registration.

Differences in the two image registration algorithms (Reg
vs Reg U-Net) were quantified using the registered LV myo-
cardial masks and by calculating the median Dice coefficient
of all the diffusion images in the scan in comparison to the
reference frame.

2.3 | Identification of data corrupted by
motion artifacts

The next step in using the U-Net mask information in the
processing workflow was to identify the images corrupted
with motion artifacts. After image registration we recalcu-
lated the scan-mean image, which was used here as the ref-
erence image for identifying motion-corrupted images. Two
different metrics were calculated for each diffusion image:
The Pearson coefficient of the heart region between the scan-
mean image and each registered diffusion image measures
the image similarity, and the Dice coefficient of the LV myo-
cardium masks measures the image similarity of the masks.
If an image contains significant signal loss in the heart, then
these two metrics are likely to yield values considerably lower
than 1. An outlier algorithm was then applied to the mean of
the two metrics. The outlier algorithm consisted of finding
images in which the mean score is more than three scaled
median absolute deviations below the median. These images
are excluded and not used for tensor calculation. An example of
this workflow is shown in Supporting Information Figure S3.
The Pearson correlation coefficient could be used to identify
the corrupted frames without the need to mask the images,
but this method would be sensitive to contrast changes within
the heart due to the different diffusion weightings and would
be affected by peripheral organs. By applying the mask ob-
tained from the U-Net to all diffusion images, we can remove
the other organs and combine the Pearson coefficient with
the Dice score of the LV masks to increase the robustness of
identifying images with artifacts automatically.

The efficiency of the classification was measured with an
F1 score. The F1 score is a measure of accuracy for a binary
classification. It accounts for both the precision P and the
recall R and is defined as the harmonic mean of these two
measures:

true positives

~ true positives + false positives

true positives
R

" true positives + false negatives

PXR
P+R

F1=2x

24 | Diffusion tensor results

Finally, the entire fully automated artificial intelligence (AI)
that aided in vivo DT-CMR postprocessing workflow was
compared with the currently manual processing by an expe-
rienced user on the test data set. After registration, removal
of corrupted frames and tensor calculation, the U-Net was
finally used for the task it was originally trained: to auto-
matically segment the LV in order to quantify the DT-CMR
parameters in the left ventricle. The LV epicardial border was
also used to calculate the local heart orthogonal coordinate
system for each voxel in the LV, and to obtain maps of tensor
orientation in relation to the local cardiac coordinates, pro-
viding the HA and E2A maps.

The agreement in tensor parameters between the experi-
enced user and the fully automated U-Net method was ana-
lyzed with Bland-Altman plots and by calculating voxel-wise
mean absolute errors for the overlapping region of the myo-
cardial masks between the two methods.

Data were tested for normality with a Kolmogorov—
Smirnov test, and it was found throughout to be nonnormal;
therefore, nonparametric statistics were used with a Wilcoxon
signed rank test to quantify statistical difference between the
user and the U-Net. Measures are quoted as median [inter-
quartile range].

3 | RESULTS
3.1 | Left ventricular myocardial
segmentation

Training of the U-net plateaued on the validation data
well within 200 epochs, and took less than an hour to train
(Figure 4A shows the training progress). The network
weights were updated for the last time at epoch 84; after that
the segmentation of the validation data did not improve, and
it is likely that the remaining training was overfitting.

The U-Net achieved an overall median Dice coefficient
of 0.93 [0.92, 0.94] in the test data set for the segmentation
of the LV myocardial region when compared with an experi-
enced user (Figure 4B). The Dice scores have a similar range
when divided by cohort: healthy 0.93 [0.92, 0.95], dilated
cardiomyopathy 0.93 [0.92, 0.94], HCM 0.92 [0.91, 0.93],
and Amyloid 0.94 [0.93, 0.94]. When visually assessing
the individual segmentations, the U-Net performance was
deemed appropriate with the exception of two cases as shown
in Figure 5B,F. The HCM case (Figure 5F) was removed from
the remaining analysis, as the segmentation was inadequate.
All remaining 69 test cases were used for further analysis.
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FIGURE 4 A, Loss function evolution during training. B, Histogram of the Dice coefficients between the trained network and an experienced

user for the LV myocardial segmentation in the test data

Measuring the axis from the LV center to the insertion
points, a median angular difference of 10° [6, 14] was mea-
sured for the insertion point positions between the experi-
enced user and the U-Net. Like the Dice scores, we measured
a similar range of angular differences among the cohorts:
healthy 10 [6, 14]; dilated cardiomyopathy 10 [5, 16]; HCM
11 [5, 16]; and Amyloid 8 [6, 11].

Please see Supporting Information Video S1 for a com-
parison of the segmentation masks between the user and the
U-Net of all 70 test cases.

32 |
images

Registration of diffusion-weighted

Dice scores were used to test whether U-Net was capable of
segmenting the denoised individual diffusion images as ef-
fectively as the scan-mean images. Overall, a median Dice
score of 0.94 [0.92, 0.95] was measured for the segmentation
of the denoised individual diffusion images when compared
with the corresponding scan-mean image segmentations
(after registration). The trained U-Net was therefore capable
of segmenting the denoised individual diffusion images.

We also compared the Dice scores after the registration
algorithm between the denoised individual diffusion images
and the registration of the reference frame. The median Dice
coefficient for Reg and Reg U-Net were 0.91 [0.89, 0.92] and
0.93[0.90, 0.94], respectively. A better registration was there-
fore measured for the Reg U-Net method, as demonstrated
by a significant improvement in the Dice scores when com-
pared with the existing Reg method (P < .0001) (Supporting

Information Figure S4). For most cases, the improvement in
the Dice score was small (median improvement 0.012 [0.005,
0.027]), but there were a few cases in which the Reg U-Net
method visibly improved registration. This was due to the re-
moval of bright bordering structures around the heart, before
the registration algorithm, using the U-Net-derived masks.
One of these cases is shown in Figure 6 with a Dice improve-
ment of 0.06.

3.3 | Identification of data corrupted by
motion artifacts

The next processing step was to use the U-Net to identify im-
ages corrupted with significant signal loss artifacts. The con-
fusion matrix comparing the experienced user (ground truth)
versus the U-Net method is shown in Figure 7. As expected, the
data are imbalanced with 94% of the data considered to be good
by both user and U-Net. An F1 score of 0.70 was measured for
the U-Net. As anticipated, the mismatches between the user and
U-Net were the borderline cases, with partial signal loss only.

3.4 | Diffusion tensor results comparison:
user versus machine

Finally, we compared the resulting LV DTI parameters be-
tween the two postprocessing workflows. The median DTI
parameters are given in Table 1, separated by cardiac phase
and cohort. When comparing the overall results between user
and U-Net, there was a small but strongly significant drop
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FIGURE 5 Best and worst Dice scores for each cohort: healthy (A,B), dilated cardiomyopathy (DCM; C,D), hypertrophic cardiomyopathy
(HCM; E,F), and amyloid (G,H). The Dice score is shown on the bottom right of the U-Net segmentations

in FA (P < .0001), a small significant difference in absolute
E2A (P = .011), and no statistically significant difference
was found for MD (P = .12). Figure 8 A shows Bland-Altman
plots that visually compare these parameters and indicate
the following bias [interquartile range]: healthy FA 0.019
[~0.003, 0.045], MD 0.001 10> mm* s™' [-0.073, 0.051],
and E2A 1.2° [-2.7, 5.8]; and clinical FA 0.020 [0.002,
0.051], MD —0.014 10~ mm? s™' [-0.080, 0.027], and E2A
—0.1° [-8.6, 5.7]. A global median value for HA was not
calculated due to its distinct transmural gradient.

A voxel-wise comparison was also performed in the over-
lapping myocardial masks between the two methods. We
found the following intersubject mean absolute errors: FA
0.04 [0.03, 0.06], MD 0.05 10> mm® s™' [0.03, 0.09], E2A
7.7°16, 10], and HA 7.9°[5.5, 12]. Figure 8B shows this same
analysis but divided by cohort.

For some cases there was a visible difference in the DTI
parameter maps when using the U-Net. Figure 9A,B shows
a healthy control case in which conspicuous artifacts can
be seen at the edges of the DTI maps for the manual pro-
cessing, produced by residual misregistration of some of the
images and resulting in notably higher FAs and lower MDs
at the myocardial edges, and a less circularly symmetric HA
than expected from previous healthy studies. Figure 9C,D
shows a clinical amyloidosis case in which the manual pro-
cessing, due to human error, failed to identify and remove
diffusion-weighted images with a motion-induced signal
loss artifact close to the anterior insertion point, resulting in
higher FAs and MDs and abnormal HA values in this region.
The fully automated method detected and rejected these cor-
rupted images before tensor calculation, resulting in more
homogeneous DTI values in the left ventricle.
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FIGURE 6 Example of Reg U-Net
performing noticeably better than the current
Reg method for a particular diffusion-
weighted image. A, Reference frame. B,
Frame to be registered to the reference
frame. C,D, Checkerboard composite of the
two registration techniques. E,F, False color
comparison of the myocardial masks for the
two registration techniques

Reference frame
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Current frame

Checkerboard comparison of the two frames

False colour comparison of the myocardial ring masks

4 | DISCUSSION

The fully automated DT-CMR analysis, aided with a CNN, per-
formed effectively, yielding similar results to an experienced
user. The myocardial segmentation learned to correctly exclude
papillary and RV trabeculation from the LV myocardium, even
in patient data with a more varied morphology, including thin
dilated cardiomyopathy and asymmetric HCM hearts. The only
exception in which the U-Net differed considerably to the user
was in two examples shown in Figure 5B,F. This is likely due to
the very conspicuous EPI geometric distortion in the lateral wall
and the very narrow LV cavity for the HCM scan. The U-Net
was also capable of localizing the LV-RV insertion points.

This can be used to automatically divide the LV myocardium
into different regions, such as the American Heart Association
standardized segmentation model.'®

The use of CNNs for cardiac segmentation is currently
a hot topic in cardiac MRI. Most of the published work
focuses on segmenting the left and right ventricle for cine
imaging.'”** To the best of our knowledge, this is the first
published CNN trained specifically for in vivo STEAM DT-
CMR data. The final aim is not only for LV segmentation,
but to use this knowledge to automate and improve the entire
postprocessing workflow of DT-CMR data.

When an experienced user processes the DT-CMR data
manually, the RV region is thresholded but not carefully
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FIGURE 7 Confusion matrix of the identification of images
corrupted with significant signal loss, labeled here as “bad.” The

ground truth is considered to be the human visual analysis

delineated. This is due to our focus primarily on the LV myo-
cardium in previous in vivo studies. Therefore, training the
U-Net to segment the RV region was not as effective, and
unsurprisingly results in a lower accuracy between the user
and the U-Net with a Dice score of 0.85 [0.80, 0.89]. All of
the DT-CMR results quoted in this work are for the LV region
only; therefore, the lower RV accuracy is noteworthy but not
as important as the LV.

Using a trained U-Net capable of segmenting the heart,
and in particular the LV myocardial ring, before performing
a rigid image registration algorithm improves the results of in
vivo DT-CMR scans. Improvements are greatest when there
are bright structures adjacent to the heart, commonly the chest
wall, the liver, and the stomach. These organs do not move rig-
idly with the heart during the respiratory cycle; thus, image reg-
istration requires nonsmooth displacement field algorithms.23
These methods have been shown to handle respiratory motion
in the chest but are typically computationally expensive and
thus may not be practical to implement with the large number
of images in a typical DTI scan. The Al segmentation therefore
provides a valid alternative to refine image registration toward
a robust pixelwise diffusion tensor calculation.

The detection and removal of diffusion images corrupted
with motion-induced signal-loss artifacts was also possible
to automate with the aid of the U-Net. While scanning, we
prescribe diffusion weightings that will keep the myocardial
signal above the noise floor. If the heart contains significant
fibrotic tissue or any other microstructural change that will
lead to higher diffusion-induced signal loss, then ideally the
b-value should be reduced to keep a reasonable amount of
myocardial signal. This is important in order to be able to
automatically separate diffusion encoding from more severe
artifactual motion-induced signal loss. The lower magnitude
signals caused by high diffusivity will lower primarily the
Pearson coefficients. Our method of considering also the LV

Global median DTI parameter comparison

TABLE 1

Amyloid

HCM

DCM

Controls

Systole

Diastole

Systole

Systole Diastole Systole Diastole

Diastole

—_ — ., . =

0.35[0.35,0.35
0.34[0.34,0.34
1.33[1.33,1.33
1.33[1.33, 1.33
75.8[75.8,75.8

0.45[0.44, 0.49]
0.41[0.39, 0.46]

0.43[0.38, 0.46]
0.42 [0.37, 0.44]

0.46 [0.43, 0.50]
0.44 [0.42, 0.47)

0.50[0.48,0.51]
0.48 [0.45, 0.50]

0.44[0.42, 0.49]

0.52,0.59]
0.49, 0.55]
1.08, 1.21]
1.07, 1.19]
13.7,22.9]

0.40, 0.47]
0.95, 1.05]
0.95, 1.06]
47.4, 66.6]
46.9, 65.8]

1.26 [1.21, 1.50]
1.27 [1.25, 1.48]
50.7 [29.1, 53.0]

1.16 [1.02, 1.33]
1.16 [1.07, 1.31]
56.4 [51.4,73.3]

1.08 [1.07, 1.12]
1.11 [1.06, 1.18]
50.5 [35.1, 57.0]

1.23[1.18, 1.28]
1.23[1.17, 1.28]
25.1[23.9,26.2]

50.1[29.6, 52.5] 76.6 [76.6, 76.6]

56.2 [46,.1 73.1]

48.9 [36.2,57.9]

23.0[22.7,23.4]

=S S e e

0.43
1.01
1.02
55.2

=S e e e

0.54
0.52
1.13
1.12
16.8

User

FA

U-Net

User

MD

U-Net

User

E2A

14.4[11.8, 18.8] 56.3

U-Net

Note: Comparison is between user and U-Net: fractional anisotropy, mean diffusivity (10~ mm? s™!), and secondary eigenvector angle (degrees) separated by cardiac phase and cohort. The test data did not include any diastolic

HCM examples.

Abbreviations: E2A, secondary eigenvector angle; FA, fractional anisotropy; MD, mean diffusivity.



mean MD (1 03 mm23'1)

sheetlet angle

FERREIRA ET AL. o . . e 11
Magnetic Resonance in MedlcmeJ—
(A) i (B)
fractional anisotropy fractional anisotropy mean diffusivity
0.1 § 0.15 0.3
B 5 ‘:'E 025 .
Z 0o5k---- X oo - - = -0 -*051 | 5 £ :
D TR EREERS R~ T EASBrgg cnly | g 04 ST
5 % %ﬁ@ SrobEE | 2 | 2 =
o e ¢ e | 3 : 5 .
A B Lol e e +.002 ! 2 4 . £0.15 :
2 Opotozt=s CC---5 s | % : o e
8 : §0.05 ! . . : 2 o1 : . .
5 = P2 } !I . 2" I
6 -0.05 O Controls 1 s . s g : = .
= O beMm ' H §0.05 i T
S +  Hom ! 2 . s i L . s
X Amyloid ! . i e
-0.1 : 8 8 g
04 05 06 ; & F & & FE &
mean FA 5
P ! sheetlet angle helix angle
T 5
: 20 20 .
0.2 5 . . 2
- o) H = . . = .
= P S sl 3
5 0 - : : 5 i ;
% __Q——G—"O"o"_"f"::g;% § ;10 l : : ;10 ; .
Booligader i 1 T H PR
° OGO e e © H : ’ < i “ .
8 ::::::_:+:?;:><:__:::::>'073 i és ! . ° és 2 :
$ 0.1 o e : ot = :
£ ! . . s
T :
’ ’ RN ° S N R
-0.2 ' &9 O & N O &
08 1 12 14 16 E ¢ T ¢ T T e
!
|
!
!
!
!

20
=
2
5 10 ¢}
! ---(-)@----G--'---»-e----'g'?
. (@] O 430
% &ZQ}? O%ﬁo O +1.2
2 0 OX oS0 §5 S oo w01
o [Foot=- B e 2:7
3] +0
C
SRR I |
e O ]
5 |
-20
20 40 60 80
median |E2A| (degrees)

FIGURE 8 A, Bland-Altman plots for median fractional anisotropy, mean diffusivity, and sheetlet angle. The vertical lines and respective

numbers represent the median and 5% and 95% quantile of the cohort. B, Voxel-wise difference in the overlapping myocardial masks. The data

points indicate the mean absolute error for each subject discretized by cohort, and the bars indicate the respective interquartile ranges

myocardial mask and three scaled median absolute deviations
below the median score is robust to the level of diffusion signal
loss encountered routinely in our clinical scans. Overall, 6% of
the diffusion images were deemed to be corrupted with signal
loss by both the user and the U-Net. This was less than a pre-
vious study from our group, in which we found a 14% ratio.”
This is likely due to the increase in number and image quality

of our scan database. In this previous study we used a support
vector machine approach to detect these corrupted frames. We
have also experimented with a simple classification neural
network.>* Both previous methods were tested in less data and
yielded higher F1 scores of 0.8 and 0.9, respectively, when
compared with the U-Net approach used here with an F1
score of 0.7. The reason we selected the U-Net approach was
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FIGURE 9 Diffusion tensor cardiac magnetic resonance parameter maps from the user (A,C) and U-Net (B,D) postprocessing workflow
for 2 subjects (left: healthy control [A,B]; right: clinical amyloid [C,D]). In the healthy case (A,B), conspicuous artifacts can be seen at the edges
of the DTI maps for the manual processing, produced by residual misregistration of some of the images and resulting in notably higher fractional

anisotropy values and lower mean diffusivity values (x10™°mm?s) at the myocardial edges (arrows), and a less circularly symmetric helix angle

(°). For the clinical amyloid case (C,D), the manual processing, due to human error, failed to identify and remove some diffusion-weighted images

with a motion-induced signal loss artifact close to the anterior insertion point, resulting in higher fractional anisotropy values and mean diffusivity

values, and unexpected helix angles in this region (arrows)

because of the SNR sensitivity of the previous methods when
analyzing image features. They were found to be sensitive to
SNR changes and not just myocardial signal loss. For a small
number of low SNR scans, both previous methods rejected
most of the images. Even though overall in the total pool of
test images the match between the human observer and these
previous methods was better, this SNR bias made us feel less
confident in their clinical robustness. A similar human SNR
bias, and the subjective nature of identifying the most border-
line cases, as for example the partial signal loss image shown
in Figure 1B, can perhaps be an explanation for the higher
F1 scores of previous methods trained on the “ground truth”
provided by previous human visual assessment.

In summary, using a DT-CMR trained CNN not only en-
abled the automation of postprocessing but it also increased
the quality of the diffusion tensor calculation for some scans.

The U-Net improved the registration, resulting in less edge ar-
tifacts, and this is potentially a reason for the small but signifi-
cant reduction in FA when using the U-Net, as generally these
edge artifacts contain high FA values, as shown in Figure 9.

An important point when using Al is the issue of train-
ing networks to meet an expectation that may differ from
the truth. This is especially important when using Al to re-
construct MR images, but also important for semantic seg-
mentation networks, as the final results are influenced by the
segmentation masks. The training data segmentation masks
were drawn by 1 of 2 experienced clinicians and subsequently
checked by an experienced physicist. We also have a mixture
of cardiac phases and heart morphologies. This heterogene-
ity should reduce some of the learning bias. However, the
ground truth for the data is unknown, and therefore it is likely
the network assimilated human error and bias.
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A potential area to explore in future work is to use the un-
certainty of the U-Net segmentation to detect other image ar-
tifacts. For example, the EPI readout of the STEAM sequence
occasionally leads to geometric distortions in regions with
field inhomogeneities. This is typically seen in the lateral
wall as in Figure 5B. The U-Net is expected to be less certain
in artifact areas (ie, closer probabilities among the different
classes). An uncertainty map could therefore be a valuable
tool in visualizing the image quality and detecting regions
affected by artifacts.

We are currently porting this postprocessing pipeline to
the Gadgetron25 framework, to enable real-time online recon-
struction of DT-CMR results for on-the-fly feedback and to
be packaged as DICOM files with the rest of the study. In
terms of processing time, the added denoising and U-Net seg-
mentation introduces a significant processing overhead of ap-
proximately 200%, although it is likely to be quicker overall
when the user manual input time needed to remove corrupted
frames, to threshold the heart and segment the left ventricle,
is also considered.

The main limitation of this work is the sparse availabil-
ity of in vivo DT-CMR data, currently acquired only in a few
specialized centers around the world. To be efficient, deep
learning requires a large number of data sets for training and
validation. This limitation can be mitigated to a certain extent
by using data augmentation techniques as used in this work. We
have used data acquired by our group only; it contains healthy
controls and cardiomyopathy scans. Other cardiac diseases,
such as myocardial infarction, were not included at this time
due to the low number of scans available. The automatic post-
processing is therefore untested for this condition, although
data availability will increase as we continue our DT-CMR
research. Additionally, the trained U-Net is currently untested
for different scanners, different sequences, and different proto-
cols. Motion-compensated spin-echo methods are often used
in other centers as an alternative to the STEAM sequence.%'28
This will result in different contrasts, particularly in the blood
pool; however, widely used transfer learning-based methods
can be applied for multiscanner and multicenter studies. Other
conditions like congenital heart diseases present a large spec-
trum of more exotic heart morphologies and are therefore
more likely to be more challenging to automate. Because of
these limitations, we have implemented a second Al aid mode
in which the postprocessing presents the initial Al guess and
waits for user acceptance or correction.

5 | CONCLUSIONS

The postprocessing of DT-CMR was successfully automated
with a trained CNN, supporting real-time results and reduc-
ing human workload. The automatic segmentation of the
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heart improved image registration, resulting in improvements
of the calculated diffusion tensor parameters.
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SUPPORTING INFORMATION
Additional Supporting Information may be found online in
the Supporting Information section.

FIGURE S1 Diagram showing the population distribution of
healthy and clinical data discretised by cohort

FIGURE S2 Flowchart of the two image registration algo-
rithms: old motion registration method Reg (top) and the new
Al-aided method Reg U-Net (bottom)

FIGURE S3 Image classification workflow. A, examples of
denoised diffusion images from the entire scan (the top right
image has partial signal loss, while the bottom right image
has total signal loss in the heart due to residual cardiac mo-
tion). B, the corresponding heart segmentation masks (yel-
low LV myocardium, green RV and papillary muscle). C, the
mean(Pearson, Dice) scores of all the scan images with two
flagged outliers corresponding to the images with signal loss
artefacts shown above

FIGURE $4 Dice coefficients comparison between Reg and
Reg U-Net image registration workflows

VIDEO S1 Segmentation comparison between the user and
the trained U-Net for all 70 test cases
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