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Accurate reconstruction of a high-resolution 3D volume of the heart is critical for comprehensive cardiac as-
sessments. However, cardiac magnetic resonance (CMR) data is usually acquired as a stack of 2D short-axis (SAX)
slices, which suffers from the inter-slice misalignment due to cardiac motion and data sparsity from large gaps
between SAX slices. Therefore, we aim to propose an end-to-end deep learning (DL) model to address these two
challenges simultaneously, employing specific model components for each challenge. The objective is to
reconstruct a high-resolution 3D volume of the heart (Vyg) from acquired CMR SAX slices (Viz). We define the
transformation from Vig to Vg as a sequential process of motion correction and super-resolution. Accordingly,
our DL model incorporates two distinct components. The first component conducts motion correction by pre-
dicting displacement vectors to re-position each SAX slice accurately. The second component takes the motion-
corrected SAX slices from the first component and performs the super-resolution to fill the data gaps. These two
components operate in a sequential way, and the entire model is trained end-to-end. Our model significantly
reduced inter-slice misalignment from originally 3.33+0.74 mm to 1.36+0.63 mm and generated accurate high
resolution 3D volumes with Dice of 0.974+0.010 for left ventricle (LV) and 0.938+0.017 for myocardium in a
simulation dataset. When compared to the LAX contours in a real-world dataset, our model achieved Dice of
0.945+0.023 for LV and 0.786+0.060 for myocardium. In both datasets, our model with specific components for
motion correction and super-resolution significantly enhance the performance compared to the model without
such design considerations. The codes for our model are available at https://github.com/zhennongche
n/CMR_MC_SR_End2End.

1. Introduction

In cardiac imaging, accurate reconstruction of a high-resolution
three-dimensional (3D) volume of the left ventricle (LV) and myocar-
dium is crucial for comprehensive assessments of both their anatomy
and function. Cardiac magnetic resonance (CMR) imaging is considered
as the gold standard imaging modality (Garg and Friedrich, 2018; von
Knobelsdorff-Brenkenhoff and Schulz-Menger, 2016; von
Knobelsdorff-Brenkenhoff et al., 2017) to provide accurate and repro-
ducible measurement of the LV and myocardial anatomy and function.
For LV, the LV morphology, volumes, ejection fraction (EF) derived from
CMR are critical parameters in the diagnosis, therapeutic management,
prognostication and follow-up of numerous cardiovascular diseases,
underscored by clinical guidelines (Heidenreich et al., 2022; Zeppenfeld
et al., 2022; Otto et al., 2021). Moreover, the accurate detection of

myocardial dysfunction from CMR can not only indicate previous in-
farcts, cardiomyopathies, or inflammatory disease (Zeppenfeld et al.,
2022), but also, through quantitative myocardial strain measurement,
can identify subtle changes in cardiac function while LVEF is still pre-
served and have greater prognostic values after acute myocardial
infarction than LVEF (Reindl et al., 2019; Eitel et al., 2018; Xu et al.,
2022).

While obtaining 3D CMR data is attainable in research environments,
its integration into clinical practice is hindered by the protocol
mandating extended breath-holding (an impractical requirement for
patients with severe cardiovascular diseases) and by the low temporal
resolution. Consequently, in clinical settings, CMR data is usually ac-
quired as a stack of two-dimensional (2D) short-axis (SAX) slices from
multiple subsequent breath holds. The cardiac contours (e.g., endocar-
dial and epicardial contours) can be segmented from each SAX slice to
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delineate the boundary of each cardiac structure. Unfortunately, these
2D slices suffer from two main limitations: the presence of inter-slice
misalignment and the data sparsity. Inter-slice misalignment refers to
the change of the heart position in each SAX slice caused by cardiac and
respiratory motion. This misalignment of the cardiac geometry across all
SAX slices can cause errors in the 3D reconstruction of heart. On the
other hand, data sparsity refers to the low resolution in the inter-slice
axis (z-axis), leading to a notable data gap (typically around 10 mm)
between adjacent slices. Therefore, two functions, including motion
correction and super-resolution, are required to address these two lim-
itations respectively, thereby reconstructing a more accurate 3D volume
of the heart from 2D SAX contours.

Traditional motion correction leverages motion-free high-resolution
long-axis (LAX) views (Villard et al., 2017; Sinclair et al., 2017; Yang
et al., 2017). The key assumption is the SAX will align perfectly with the
LAX when their line profiles (i.e., contours) along the intersection plane
match. However, this approach only relies on limited information at the
intersection. Besides, the LAX planes are not always available. The data
sparsity is traditionally tackled by registering a high-resolution 3D
mesh, made either by roughly connecting the contours (Joyce et al.,
2022; de Marvao et al., 2014) or by shape priors (Yang et al., 2017; Bai
et al., 2015; Villard et al., 2018; Banerjee et al., 2021), towards the 2D
contours. However, the registration is computationally expensive, and
its accuracy may be comprised by the over-smoothing and the bias of
shape priors when dealing with the abnormal shapes (Alba et al., 2016).

Recently, researchers have leveraged the power of deep learning
(DL) to address both the motion correction and super-resolution in CMR.
Regarding motion correction, Dangi et al (Dangi et al., 2018). employed
a convolutional neural network (CNN) to determine the correct center of
left ventricle (LV) in each slice. However, this method handles each slice
individually and thus fails to consider the morphology consistency over
the entire LV. Chang et al (Chang et al., 2022a). proposed an unsuper-
vised 3D recurrent neural network with the objective function to mini-
mize the distance between misaligned SAX contours and LAX contours.
Regarding super-resolution, Wang et al (Wang et al., 2021). imple-
mented a 3D version of the enhanced deep residual network (EDSR)
(Lim et al., 2017) which is one of the state-of-the-art super-resolution
CNN. Some other researchers approached the super-resolution task in
different problem settings. For example, Beetz et al (Beetz et al., 2021).
framed it as a point completion task by converting 2D contours into a
sparse point cloud and using a point completion network to fill in the
missing points between adjacent slices. Furthermore, Xu et al (Xu et al.,
2019). conceptualized it as an image inpainting task, inpainting the
missing parts between adjacent slices. However, both studies (Beetz
et al., 2021; Xu et al., 2019) lack thorough validation on the real-world
dataset. Additionally, Beetz et al (Beetz et al., 2023). addressed
super-resolution as a mesh deformation problem, transforming 2D
contours into surface meshes and employing a U-Net to enhance the
z-resolution of meshes. Meanwhile, Biffi et al (Biffi et al., 2019).
formulated it as an image generation problem by employing a condi-
tional variational autoencoder (VAE) to generate high-resolution 3D
volume based on both SAX and LAX as the conditioning inputs for the
VAE. Chang et al (Chang et al., 2022b). also utilized the interpolation in
the latent space to generate a better spatial interpolation to fill the data
gap between two adjacent SAX slices.

It is noteworthy that some of these super-resolution studies (Beetz
et al., 2021; Jiang et al., 2021; Wang et al.; Zhu et al., 2021; Beetz et al.,
2023; Xu et al., 2019) also address the motion correction concurrently.
However, their DL models does not incorporate specific architectural
designs for motion correction and super-resolution separately. Instead,
their models are tailored for super-resolution, while the motion
correction capability is achieved by preparing specific training data
which includes pairs of the simulated motion-misaligned 2D contours
and the ground truth motion-free 3D volume. We hypothesized that
models without specific designs for each function may compromise the
accuracy of the reconstructed 3D volumes. Recently, Wang et al (Wang
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et al., 2021). proposed a DL model with joint ability to do
super-resolution concurrently, which consist of specific designs for each
function individually. Concretely, a latent space to generate plausible
high-resolution 3D volumes and a motion layer to predict plausible
inter-slice alignment are both optimized to minimize the loss defined on
2D contours. However, they did not investigate the effectiveness of each
function individually.

In this paper, we have three aims. First, we aim to propose a new DL
model comprising of specific model components for motion correction
and super-resolution separately. Second, we aim to demonstrate that our
model with specific components for these two functions outperforms a
model without such design considerations. Third, we seek to investigate
the difference in model performance between integrating two functions
in an end-to-end model versus separating two functions in two indi-
vidual models that operate in a sequential fashion.

2. Methods
2.1. Problem formulation

We focus on the analysis of LV and myocardium in this study, as their
importance has been illustrated in the introduction. We assume that the
2D contours of endocardium and epicardium have been segmented in a
pre-processing step. In our study, the segmentation was prepared
manually. We represent a stack of acquired 2D CMR SAX slices as Vig =
{Vi }xen> Where LR denotes low-resolution in the z-axis, and v € {LV,
myocardium} denotes the segmentation at the k™ voxel. N stands for the
total number of voxels, equal to x x y X zrr, with x and y being the x- and
y-dimensions and z;g being the number of SAX slices. The corre-
sponding high-resolution 3D volume of LV and myocardium is denoted
by Vir = {Vi }kexxyxan Where HR denotes high-resolution in the z-axis.
The image dimension in x-, y- and z-axis is x, y and zyg respectively. Note
that the dimensionality solely differs in the z-axis (i.e., the number of
SAX slices) between Viz and Vgg.

The transformation from a high-resolution 3D volume Vyr into a
stack of SAX slices Vi can be formulated as:

Vir = Mi(S,(Vir)) (@)

where S| denotes the down-sampling factor equal to 2.z /2yr in z-axis. M;
=[(tei, tyi)] ic{1.23, ... 2z} represents the shift of the heart in each SAX
slice caused by cardiac and respiratory motion. Here, (t.;, t,;) denote
the shift along x- and y-axes in the i slice. Eq. 1 demonstrates that
during a CMR scan, a high-resolution 3D volume of heart is sampled
typically every 10 mm (down-sampling) into a stack of SAX slices with
the position of heart in each SAX slice being misaligned due to the
motion.

In contrast, the reconstruction of a high-resolution 3D volume Vyg
from its corresponding acquired SAX slices Vg can be formulated as:

Vg = St (=M, (Vir)) 2

where S;  denotes the upsampling factor equal to zyr/2ir in the z-axis,
while —M,;(Viz) denotes the motion-corrected SAX slices yielded by
repositioning each SAX slice using the inverse of heart shift in that slice,
—M,. We call —M, as “displacement vectors” in this paper. This Eq. 2
demonstrates that the reconstruction should occur by performing mo-
tion correction followed by super-resolution in the z-axis in a sequential
fashion.

2.2. Deep learning model design

Following the concept in Eq. 2, we have designed our DL model with
two distinct components: (1) the first component conducts motion
correction by  predicting  displacement  vectors M, =

[—txi, —tyi] ief123, ..z, and subsequently applying —M, onto the
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original SAX slices Vg, thus producing motion-corrected SAX slices,
—M;(Vir); (2) the second component performs super-resolution S; on
the output of the first component, thus producing Vyg. These two
components operate sequentially. The overall design of our DL model is
illustrated in Fig. 1.

2.2.1. The motion correction component

The architecture of the motion correction component is shown in
Figs. 1 and 2A. This component takes a stack of low-resolution and
misaligned SAX slices, Vig as the model input. The motion correction
component employs a 3D residual neural network to predict z;z pairs of
displacement vectors [—tyi, —tyi] ic{1.23, ..z, I this study, we
consistently zero-pad Viz to maintain the number of slices z;zg = 12.
Additionally, this component also incorporates a spatial transformer
module to reposition each slice in Vig by the predicted displacement
vectors, generating the motion-corrected slices —M;(Vir) as defined in
Eq. 2. The loss function for this component equals to the summation of
the loss associated with the predicted displacement vectors (measured
by mean-absolute-error, MAE) and the loss of motion-corrected slices
(measured by Dice coefficient), as shown in Eq. 3:

L yotion—correciion = P1L —m, + L —M,(Vig) 3

where f; and f, represent two loss weights.

2.2.2. The super-resolution component

Following the motion correction component, we design a super-
resolution component. This component uses a 3D version of the EDSR
(Lim et al., 2017) which is one of the state-of-the-art super-resolution
CNN. Wang et al (Wang et al., 2021). have shown the effectiveness of
EDSR in achieving super-resolution, S;, along the z-axis of CMR

e
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contours. As depicted in Figs. 1 and 2B, the EDSR takes the output of the
first component, which is the motion-corrected SAX slices —M;(Vir), as
its input. It then predicts Vyg by upsampling the z-resolution of the input
by a factor of 5. Consequently, Vg comprises zgr = 21r X 5 = 60 slices,
with a reduced slice thickness from the original 10 mm to 2 mm. The
loss function for this component quantifies the discrepancy between the
predicted Vyg and the ground truth Vyg in terms of Dice coefficient.

In summary, our DL model takes the original SAX slices as model
input. It first predicts the displacement vectors that are subsequently
applied to each SAX slice for motion correction. Following this, it per-
forms super-resolution on the motion-corrected slices to fill the data
gaps between slices and thereby produce a high-resolution 3D volume of
LV and myocardium. In total, this model has three outputs: (1) the
displacement vectors —M;, (2) the motion-corrected SAX slices,
—M;(Vir) and (3) the high-resolution 3D volume Vgg. The overall loss
function encompasses the summation of the loss in the motion correc-
tion component (the first two terms on the right-hand side of Eq. 4) and
the loss in super-resolution component (the last term):

o= L m B vy TPL v @

In our study, we maintained uniform loss weights, setting g, = g, =
p5 without further exploration of their impact. In this paper, we denote
this model as DL ng2.nq to emphasize this model is trained end-to-end.

2.3. Comparison to the model only tailored for super-resolution

We investigate whether our DL model, DL;,42.n4, With specific com-
ponents for motion correction and super-resolution offers superior per-
formance compared to a model lacking such specific design
considerations (in the other words, only tailed for super-resolution). Our

Output 1: -M,

"1 'ty,l
'tx,Zl 'ty,2

'tx, 3 'ty,3

-ty -ty

-ty12, “ty12

EDSR

Output3:
- high-resolution 3D volume
Pixel size = [1,1,2]mm

(-My(Vig)) or Viyg

Fig. 1. Model Designs. Fig. 1 presents an overview of the model. It consists of two different components for two functions. First, it has a residual neural network and
spatial transformer module for motion correction function (this component is highlighted by the green dashed line). This component has two related outputs (words
in green): Output 1 represents the displacement vectors, and Output 2 represents the motion-corrected SAX slices. Second, it has an 3D version of the EDSR for super
resolution function (this component is highlighted by the orange dashed line). This component takes Output 2 as input and yields the third output of the entire model
(words in orange): Output 3, which is the high-resolution 3D volume. Two components operate sequentially. CMR contour images denote pixels labeled as LV in grey,
pixels as myocardium in white, and pixels as background in black. SAX = short axis. EDSR = enhanced deep residual network. Definitions for Viz, M; and Vg can be

found in Section 2.1.
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Fig. 2. Component architecture. Detailed architectures for the residual neural network in the motion correction component and the EDSR in the super-resolution
component are illustrated in (A) and (B) respectively. Notably, (B) shows the EDSR has an upsampling layer as the first layer to enhance the z-resolution by a factor of

5. (C) provides the breakdown of each layer in the network.

intuition is that our model architecture reflecting the transformation
process from Vg to Vg in Eq. 2 coupled with the inclusion of losses from
both tasks might have the potential to yield enhanced results.

To ensure a fair comparison, we maintain consistency in the model
input and keep the model architecture as similar as possible between
two models. Therefore, we selected the 3D version of EDSR (Lim et al.,
2017) as the model without specific designs (see Fig. 2B). EDSR was
originally crafted solely for super-resolution, and it serves as the
super-resolution component in our DL model. Much like the approach in
Wang et al (Wang et al., 2021)., this EDSR was trained to fulfill both
motion correction and super-resolution functions by utilizing training
data composed of pairs of Vg (low-resolution, motion-misaligned) and
the corresponding ground truth Vyg (high-resolution, motion-free). In
the other words, the model is designed to directly connect the Input and
the Output 3 in Fig. 1 by the EDSR.

We evaluated two models’ performance (DLgygoeng VS- EDSR) by
comparing their predicted Vygr against the ground truth Vyg in terms of
Dice coefficient and Hausdorff distance (HD). We used one-tailed paired
t-test to assess whether one model outperforms the other and the sta-
tistical significance was determined at a threshold of p<0.05.

2.4. Comparison between the end-to-end model and the two-step pipeline

We investigate whether training the motion correction and super-
resolution components as two individual models and employing them
as a two-step pipeline can influence model performance. Our hypothesis

is that the end-to-end model might have superior performance than the
two-step pipeline since in the end-to-end model, the loss in the predicted
Vur can backpropagate to the motion correction component, potentially
improving the motion correction results and thus providing better input
for super-resolution.

To train two models individually, the first motion correction model
(comprising a residual neural network and spatial transformer module,
highlighted by the green dashed line in Fig. 1) was trained on pairs of
original SAX slices (Vig) and its corresponding displacement vectors
(—M,) along with the ground truth motion-corrected slices (—M;(Vir)).
The second super-resolution model (comprising EDSR, highlighted by
the orange dashed line in Fig. 1) was trained by pairs of motion-
corrected slices (—M;(Vyg)) and its corresponding ground truth high-
resolution 3D volume (Vgg). Once trained, the new Viz undergoes the
motion correction model followed by the super-resolution model as a
two-step pipeline to yield Vyg. This approach is denoted as DLy g in
this paper.

We evaluated the performance of two models (DLeng2end VS. DL2_step)
from two aspects. First, we compared the inter-slice misalignment in
their motion-corrected SAX slices (averaged across each slice that con-
tains the heart) against the ground truth motion-free SAX slices in terms
of MAE. We used the Mann-Whitney U test to assess whether one model
outperforms the other. Second, we compared their predicted Vyg against
the ground truth Vg in terms of Dice coefficient and HD and used one-
tailed paired t-test to assess whether one model outperforms the other.
Statistical significance was determined at a threshold of p<0.05.
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2.5. Model training and evaluation

2.5.1. Simulation dataset

First, we prepared a simulation dataset to train and validate our
model with known ground truth high-resolution 3D volumes Vyr and
known ground truth heart shifts M;. Concretely, a public dataset of high-
resolution 3D balanced steady-state free precession cine CMR from 1331
healthy adults (Savioli et al., 2021) called “Cardiac Super-resolution
Label Maps” was used. Each CMR study was provided as segmenta-
tions of LV and myocardium rather than greyscale images in this dataset.
These segmentations serve as the ground truth high-resolution 3D vol-
umes Vyg. The original high-resolution data was resampled to have 1 x
1 x 2 mm spatial resolution and was cropped to an image dimension of
128 x 128 x 60 while ensuring the full LV coverage. We only used the
end-diastolic (ED) frame in our study.

To simulate the transformation from Vyr to Vig, we followed the
process outlined in Eq. 1. We first sampled Vpyr every 5 SAX slices,
effectively down-sampling by a factor of 5 (S, in Eq. 1). The resulting
SAX stack has an image dimension of 128 x 128 x 12 with the slice
thickness increasing from original 2mm to 10 mm. This low-z-
resolution SAX stack was free of motion misalignment and thus served
as the ground truth motion-free SAX slices in our study (i.e., —M;(Vir)).
Subsequently, we introduced heart shift M; = [(txi, tyi)] ic1.23, ... 22}
in each SAX slice. Each pair of t;, t,; was assumed to be independent
and randomly generated following a Gaussian distribution fitted from
the UK Biobank (Tarroni et al., 2020). The resulting misaligned SAX
slices formed Vg, which served as the input of our model. For each of
1331 CMR study, we simulated 15 different motions (i.e., 15 different
M,), resulting in a dataset of 19,965 pairs of Vg and Vyg.

The simulation dataset was split at the patient-level, with 80% for
training and validation and the remaining 20% for testing. We trained
and tested our end-to-end DL model (DL¢;42¢n4) as well as two models for
comparison (EDSR in Section 2.3 and DL;_g, in Section 2.4) using the
same training and testing dataset to ensure a fair competition. We only
reported the results in the testing dataset in this paper.

2.5.2. Real-world Data

The trained models (DLng2end; EDSR and DLy_g,) were tested on a
real-world dataset, Sunnybrook Cardiac Data (also known as the 2009
Cardiac MR Left Ventricle Segmentation Challenge data) (Radau et al.,
2009), without further fine-tuning or re-training. This dataset contains
45 cine CMR studies. Each study includes a SAX stack as well as LAX
views including two-chamber (2CH), three-chamber (3CH) and
four-chamber (4CH) views. These LAX views serve as high-resolution
motion-free ground truth. For evaluation, we re-sliced the predicted
Vur along the LAX views and compared the re-sliced contours with the
ground truth LAX contours in terms of Dice coefficient.

3. Results
3.1. Results on simulation dataset

3.1.1. Performance of our Model, DL;,a2¢na

To recall, our model DL¢,g2enqg provides three outputs: two motion
correction-related outputs including (1) the displacement vectors —M,
and (2) the motion-corrected SAX slices, —M;(Vir), and one super-
resolution-related output which is (3) the high-resolution 3D volume
Vur.

We first assess the performance of motion correction. We compare
the motion-corrected SAX slices against the ground truth motion-free
SAX slices in terms of inter-slice misalignment averaged across each
SAX slice (only SAX slices that contain the LV and myocardium).
Concretely, the original misalignment was 3.33+0.74 mm in the simu-
lated testing dataset. After motion correction by our model, the inter-
slice misalignment in motion-corrected SAX slices significantly
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decreased to 1.36+0.63 mm (p<0.001 by Mann-Whitney U test). This
comparison is shown in the first and second columns in Fig. 3. Next, we
evaluate the performance of super-resolution by comparing the pre-
dicted Vyg with the ground truth Vg in terms of Dice coefficient as well
as Hausdorff Distance (HD). As shown in Fig. 4, our model’s predictions
achieved Dice of 0.9744+0.010 for LV and Dice of 0.938+0.017 for
myocardium. Additionally, the HD measurement for LV were
2.08+0.39 mm and HD for myocardium were 2.21+0.39 mm.

3.1.2. Comparison to performance of EDSR

To recall, EDSR is the model without specific components for motion
correction and super-resolution. Since it directly outputs Vyg without
predicting intermediate motion-corrected results, we solely report the
comparison between the predicted Vyg and the ground truth Vyg.

Comparatively, our model DLg5.ng €xhibited higher Dice and lower
HD measurements for both LV and myocardium compared to EDSR. As
shown in Fig. 4 (the 1st and 2nd columns), EDSR achieved a Dice of
0.957+0.013 for LV while our model achieved a significantly higher
Dice of 0.974+0.010 (p<0.001 by one-tailed t-test). Similarly, EDSR
obtained a Dice 0.901+0.023 for myocardium while our model had
significantly higher Dice of 0.938+0.017 (p<0.001). In terms of HD,
EDSR achieved 2.96+0.53 mm for LV and 3.17+0.52 mm for myocar-
dium, while our model achieved significantly smaller HD of
2.08+0.39 mm (p<0.001) for LV and 2.214+0.39 mm (p<0.001) for
myocardium. Qualitatively, we prepared two illustrative examples of
the Vyr produced by our model and EDSR in Fig. 5 (refer to the second
and the fourth column). It shows that our model tends to reconstruct
more accurate boundary of the 3D volumes.
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Fig. 3. Motion correction performance. These box plots show the inter-slice
misalignment (y-axis) averaged across all SAX slices that contain the heart. The
three columns, from left to right, represent the original data in the simulation
dataset, the motion-corrected SAX slices generated by our model DLcygoend
(underlined), and the motion-corrected SAX slices generated by the two-step
pipeline DL, ¢, respectively. For each box, the three numbers besides
denote the upper quartile, median (indicated by the bold line in the middle of
the box), and lower quartile from top to bottom respectively. The mean and
standard deviation (std) are also listed below each box plot. An asterisk (*)
represents “significantly lower than original”, and a hash (#) represents
“significantly lower than DL;_g,”. All measurements are in millimeters. Std =
standard deviation.
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Fig. 4. Predicted Vyi compared with ground truth Vg in the simulation dataset. (A) illustrates Dice coefficient and (B) illustrates Hausdorff distance. The
three columns, from left to right, represent Vyr generated by EDSR, Vg generated by our model DLpg00nq (underlined), and Vyr generated by the two-step pipeline
DL;_gep, respectively. The red box represents LV while the blue box represents myocardium. An asterisk (*) represents “significantly higher than EDSR” in (A) and
“significantly lower than EDSR” in (B), and a hash (#) represents “significantly higher than DL, " in (A) and “significantly lower than DL, g¢,” in (B). Myo

= myocardium.

3.1.3. Comparison to performance of the two-step pipeline, DL;_gq,

To recall, in DL,_s, we trained the motion correction and super-
resolution components in our model as two individual models and
employing these two as a two-step pipeline.

We first compare the motion correction performance in DLg2eng and
DL, s in terms of inter-slice misalignment. DL;_g, achieved inter-
slice misalignment as 1.47+0.69 mm in its output of motion correc-
tion step, while our model DLpg40.ng had significantly lower misalign-
ment as 1.36+0.63 mm (p<0.001 by Mann-Whitney U test). This
comparison is shown in the second and third columns in Fig. 3. We then
compare the super-resolution performance. As shown in Fig. 4 (the 2nd
and 3rd columns), we found out DL,p40¢,q achieved better performance
in terms of Dice and HD compared to DL;_gg. Concretely, DLy e
achieved a Dice of 0.972+0.011 for LV and 0.936+0.020 for myocar-
dium while our model achieved a significantly higher Dice of
0.9744+0.010 (p<0.001 by one-tailed t-test) and 0.938+0.017
(p<0.001) for LV and myocardium, respectively. Similarly, DLy g
achieved HD of 2.12+0.44 mm for LV and 2.41+0.49 mm for myocar-
dium, while our model achieved significantly smaller HD of
2.08+0.39 mm (p<0.001) for LV and 2.21+0.39 mm (p<0.001) for
myocardium. Qualitatively, Fig. 5 shows that the Vyg produced by these
two methods are very similar to each other (refer to the second and the
third column).

Note that although DL,_,, had quantitatively lower performance
than DLgygoeng, it still had significantly higher Dice and lower HD
compared to EDSR (p<0.001 for all comparisons, refer to the first and
third columns in Fig. 4).

3.2. Results on real-world data

Once we obtained the high-resolution 3D volumes of LV and
myocardium (Vgg) from the DL models, we re-sliced the Vyg along the
LAX views and compared to the ground truth LAX contours. The Dice
coefficient was averaged across all LAX views and reported for each of
three trained approaches (DLengzens, EDSR and DLy ) in Fig. 6.
Concretely, regarding Dice for LV, DLy g, had the highest value as

0.947+0.023, while DL;g2eng had the second highest as 0.945+0.023
and EDSR had the lowest as 0.922+0.058. There is no significant dif-
ference between DLgygoend and DLy g (p=0.917) while both are
significantly higher than EDSR (p=0.002 for both). Regarding Dice for
myocardium, DLgygo.ng had the highest value as 0.786+0.060, while
DLy_e had the second highest as 0.783+0.070 and EDSR had the
lowest as 0.743+0.075. There is no significant difference between
DLeng2end and DLy g, (p=0.362) while both are significantly higher
than EDSR (p<0.001 for both). Two visual examples of the results of our
model are presented in Fig. 7.

4. Discussion

In this paper, we addressed two critical challenges in reconstructing
a high-resolution 3D volume of the heart (Vyr) from CMR SAX slices
(Vir): motion correction and super-resolution. We proposed a new end-
to-end model comprising two dedicated components for motion
correction and super-resolution respectively. Two components operate
sequentially to transform Vig to Vyg. Our model was trained on a
simulation dataset with pairs of ground truth high-resolution 3D vol-
umes Vyg and corresponding Vig with simulated inter-slice misalign-
ment and z-axis down-sampling, enabling the supervised learning. In the
simulated testing dataset, our model demonstrated excellent perfor-
mance in both motion correction (reduced inter-slice misalignment from
originally 3.33+0.74 mm to 1.36+0.63 mm) and super-resolution (Dice
of 0.974+0.010 for LV and Dice of 0.938+0.017 for myocardium).
Furthermore, we evaluated our model in a real-world dataset charac-
terized by naturally occurring low-resolution SAX slices and potential
inter-slice misalignment. Without further fine-tuning, our model ach-
ieved Dice of 0.945+0.023 for LV and 0.786+0.060 for myocardium
when compared to the ground truth LAX contours in this real-world
dataset.

4.1. Comparison to Performance of EDSR

In this paper, an EDSR directly trained on pairs of Vi and Vyg served
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Fig. 5. Examples of predicted high-resolution 3D volumes, Vg in the simulation dataset. (A) and (B) present two examples of transforming a stack of SAX
slices (Vyg) into a high-resolution 3D volume (Vyg) using different DL approaches. Each of the four columns, from left to right, represent the ground truth, and the
results of DL yd2end, DL2—step, and EDSR, respectively. The top first row displays the V;z used as the model input. The second row displays the motion-corrected SAX
slices. Notably, no image is shown in the second row for EDSR since this approach does not produce the intermediate motion correction results. The third row
showcases the predicted Vygr, and the fourth row displays the 3D visualization of the endocardium (red) within Vyg. The yellow boxes highlight the region where
different approaches yield different reconstruction. A zoomed-in view of the yellow box is presented on the right side of the fourth row, with the endocardial
boundary delineated by a yellow line. In both (A) and (B), our model DL,p42.nq yields Vug that closely resembles the ground truth, particularly in the endocardial

boundary in the yellow box region.

1.00
0.95 lo.9s0 0.965 0.965
. 0. 0.955 0.952
0.939 0.932 0.931
0.918
0.901
0.851
2 0.830 0.834
Q 1 0.805
G 0-80 0.794 0.787
% 0.75
. 1 0.747
S 0.736 0741
(O] 4
L 0.70 0.688
=)
0.651
0.60
[ T w
0551 o
0.0 EDSR DLep, DL,.
Mean+std end2end 2 —step
v 0.92240.058 0.94540.023" 0.94740.023"
Myo 0.743+0.075 0.786+0.060"  0.783+0.070"

Fig. 6. Predicted Vyr compared with ground truth LAX contoursin the
real-world dataset. The Dice coefficient comparisons are shown. The three
columns, from left to right, represent Vg generated by EDSR, Vur generated by
our model DL;y42eng (underlined), and Vyr generated by the two-step pipeline
DL, e, respectively. The red box represents LV while the blue box represents
myocardium. An asterisk (*) represents “significantly higher than EDSR”. Myo
= myocardium.

as an example of DL models that lack specific model components for
motion correction and super-resolution. We show that our model
DLng2eng €xhibited significantly higher performance both in the simu-
lation dataset (as depicted in the first and second columns in Fig. 4) and
the real-world dataset (as depicted in the first and second columns in
Fig. 6). A potential explanation is that both model has an EDSR archi-
tecture (in DL,pg0eng We have super-resolution component as an EDSR
architecture). However, in our model the super-resolution component
operates on motion-corrected input, whereas in the case of EDSR, it
directly operates on uncorrected data. In our model, the task is more
manageable for the EDSR component as it can focus exclusively on
super-resolution aspect. Empirically, we observed that the Vyr produced
by a single EDSR tended to produce less accurate boundary in the
reconstructed volumes compared to our DL model (refer to Fig. 5 for
visual examples).

4.2. Comparison to performance of the two-step pipeline, DL;_gqp,

We demonstrated that our DL¢,g2.nq, Which incorporates both motion
correction and super-resolution as an end-to-end process, outperforms a
single motion correction model (the first step in the two-step pipeline) in
reducing inter-slice misalignment. Specifically, DL¢yg2eng reduced the
misalignment to 1.36+0.63 mm, while DL,_,, achieved a larger value

of 1.47+0.69 mm. Regarding the final predicted Vggr, DLengzena had
slightly better performance in LV and myocardium volume reconstruc-
tion in the simulation dataset, while both models showed no significant
difference in performance in the real-world dataset. Overall, the
distinction between an end-to-end model and a two-step pipeline did not
yield a substantial difference in performance.

4.3. Comparison to other task-specific models

Our model integrates two task-specific components: motion correc-
tion followed by super-resolution component. In motion correction, we
draw inspiration from Chang et al (Chang et al., 2022a). that takes
misaligned SAX slices, Vyg, as model input and outputs the correct
displacement vector, — M, for each slice. The difference is that Chang
et al. uses LAX views as reference to optimize the prediction in an un-
supervised fashion while we utilize simulation data to enable the su-
pervised learning. For super-resolution, prevalent models in published
studies adopt an autoencoder architecture to encode low-resolution
image feature into a latent space and then either directly generate
high-resolution volumes in the decoder (Wang et al., 2021; Biffi et al.,
2019) or utilize latent space interpolation to generate missing infor-
mation between neighboring slices (Chang et al., 2022b). We, however,
leverages a 3D version of EDSR which contains an upsampling layer to
expand the z-axis dimension first followed by a long series of residual
blocks to refine the high-resolution features. EDSR has been shown to
outperform the simple ResNet or U-Net (Lim et al., July 10, 2017) in the
natural image super-resolution.

It is imperative to highlight that the innovation of our method lies in
its end-to-end architecture that processes both tasks concurrently. This
end-to-end design not only streamlines the workflow by employing a
singular model, but also enhance final results. Our findings demonstrate
that two tasks mutually benefit each other during the end-to-end
training, as evident by the superior performance of DLp42.ng OVer both
standalone EDSR and DL;_gp.

4.4. Application scenarios, limitations and potential directions

Application scenarios: 3D and 4D (3D + time) cardiac shape analysis
of LV and myocardium using CMR is crucial to detect abnormal
myocardial regions (Sliman et al., 2014; Bao et al., 2019) and provides
diagnostic and prognostic values in cardiovascular diseases (Corral
et al., 2022; Gilbert et al., 2018a, 2018b; Medrano-Gracia et al., 2014;
Zhang et al., 2010). However, conventional CMR suffers from inter-slice
misalignment due to motion as well as the missing information due to
large slice thickness, which all comprise the fidelity of a 2D SAX slice
stack as a representation of the actual 3D cardiac volume (Petersen et al.,
2016). Therefore, our model can serve as an important image pre-
processing step to address these two issues and reconstruct motion-free
and high-resolution 3D cardiac volumes in a research or clinical cardiac
analysis workflow.

Limitation and potential directions: Our study has several limitations.
Methodology-wise, the following points are noteworthy. First, several
prior studies have shown that leveraging the intersection between LAX
and SAX can enhance both motion correction (Villard et al., 2017; Sin-
clair et al.,, 2017; Yang et al, 2017; Chang et al.,, 2022a) and
super-resolution (Biffi et al., 2019). This paper focuses on developing an
end-to-end model tailored to simultaneously address motion correction
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Fig. 7. Examples of predicted high-resolution 3D volumes, Vg in the real-world dataset. Each row represents a different case from the real-world dataset. The
first column displays the original SAX slices Vig, which is used as the model input. The second column displays the predicted Vg produced by our model, while the
third and fourth columns show the 3D visualization of the endocardium (red) and the epicardium (green) within the Vg, respectively. The figures on the far right
overlay the re-sliced Vyg (along the corresponding LAX view) on the LAX view. The inner grey contour represents the endocardial boundary, while the outer white
contour represents the epicardial boundary within the predicted Vyg. It is observed that in the first case the predicted boundaries resemble the true boundaries,
whereas in the second case the epicardial boundary in the apex does not align with the true boundary accurately (see yellow boxes, resulting in slightly lower
myocardium Dices). Note we define the most basal slice as the slice below the Left Ventricular Outflow Tract (LVOT) plane rather than the slice on the mitral

valve plane.

and super-resolution with specific model component designs for each
function. We did not explore the utilization of LAX in this context, and
the public dataset (Savioli et al., 2021) we used to simulation and model
training did not include the LAX view either. In the future, we will
investigate the incorporation of LAX into our end-to-end model to
further enhance the reconstruction performance. Second, the attention
mechanism has demonstrated effectiveness in emphasizing both local
and global features to enhance MR super-resolution (Jiang et al., 2021).
We therefore intend to incorporate attention mechanism into the future
model development. Third, our model is restricted to upscaling the
z-resolution by a factor of 5. We aim to extend our model’s flexibility to
enable multi-scale super-resolution using models with sequential out-
puts of different scales (Zhu et al., 2019). Fourth, our method operates
on the segmentation contours, meaning that the accuracy of the seg-
mentation in the pre-processing step may impact the outcomes of our
method. However, conversely, our method that only relies on segmen-
tations rather than images has the potential to be adapted to other im-
aging modalities.

Evaluation-wise, there are areas that require further exploration.
First, our model was evaluated on a relatively small set of real-world
CMR data. Its performance in a more extensive real-world CMR data-
set such as the UK Biobank (Bai et al., 2015) needs further investigation.
Moreover, we observed a degradation in the accuracy of the predicted
Vyr in the real-world dataset compared to the simulation dataset,
particularly in myocardium (Dice = 0.938 in the simulation dataset
versus 0.786 in the real-world dataset). We plan to address this domain
shift challenge in our future work. Another potential factor contributing
to the lower myocardium Dice may be the inherent intra-reader vari-
ability in manual contour segmentation in the SAX slices (used as the

model input) and the LAX views (used as the comparison reference).
5. Conclusion

In this study, we propose an end-to-end DL model comprising two
specific components for motion correction and super-resolution indi-
vidually. This model demonstrates high performance in simultaneously
addressing these two challenges, resulting in the accurate reconstruction
of high-resolution 3D volumes of the heart from acquired CMR SAX
slices.
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