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A B S T R A C T

Accurate and efficient quantification of cardiac function is essential for the estimation
of prognosis of cardiovascular diseases (CVDs). One of the most commonly used
metrics for evaluating cardiac pumping performance is left ventricular ejection fraction
(LVEF). However, LVEF can be affected by factors such as inter-observer variability
and varying pre-load and after-load conditions, which can reduce its reproducibility.
Additionally, cardiac dysfunction may not always manifest as alterations in LVEF,
such as in heart failure and cardiotoxicity diseases. An alternative measure that can
provide a relatively load-independent quantitative assessment of myocardial contractility
is myocardial strain and strain rate. By using LVEF in combination with myocardial
strain, it is possible to obtain a thorough description of cardiac function. Automated
estimation of LVEF and other volumetric measures from cine-MRI sequences can be
achieved through segmentation models, while strain calculation requires the estimation
of tissue displacement between sequential frames, which can be accomplished using
registration models. These tasks are often performed separately, potentially limiting
the assessment of cardiac function. To address this issue, in this study we propose an
end-to-end deep learning (DL) model that jointly estimates groupwise (GW) registration
and segmentation for cardiac cine-MRI images. The proposed anatomically-guided
Deep GW network was trained and validated on a large dataset of 4-chamber view
cine-MRI image series of 374 subjects. A quantitative comparison with conventional
GW registration using elastix and two DL-based methods showed that the proposed
model improved performance and substantially reduced computation time.

© 2025 Elsevier B. V. All rights reserved.
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1. Introduction

Cardiovascular disease (CVD) is the leading cause of mor-
tality Virani et al. (2020) worldwide, with approximately 17.9
million deaths attributed to CVD in 2019, according to the World
Health Organization. A significant proportion of these deaths
occur in low- and middle-income countries. Therefore, accurate
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and efficient quantification of cardiac function is critical for early
prognosis and treatment as well as preventing the development
of irreversible complications. Cardiac function integrity encom-
passes both normal morphology as well as ordinary mechanical
characteristics represented by the pumping function of the heart’s
different chambers. One of the most widely used indices for
assessing cardiac pumping function is left ventricular ejection
fraction (LVEF). However, the estimation of LVEF is subject
to influence from factors such as inter-observer variability and
varying pre-load and after-load conditions, which can reduce
its reproducibility Marwick (2018). Additionally, cardiac me-
chanical dysfunction may not always manifest as alterations in
LVEF, as seen in conditions such as heart failure with preserved
ejection fraction (HFpEF) Obokata et al. (2020), cardiotoxicity
Ewer and Lenihan (2008), cardiomyopathies Saito et al. (2012);
Hsiao et al. (2013); Phelan et al. (2012), and congenital heart
disease Diller et al. (2012). Alternatively, myocardial strain
and strain rate can provide a relatively load-independent quan-
titative assessment of myocardial contractile function. Among
the various imaging modalities, tagged-MRI is considered the
reference standard for strain quantification Kim et al. (2004);
Moore et al. (2000); Woo et al. (2014). The main advantage
of tagging is that deformation is directly measured by physi-
cal properties of the tissue. However, tagged-MR is limited by
factors such as tag-line degradation and time-consuming image
post-processing and the fact that it requires an additional dedi-
cated acquisition sequence. Therefore, its usage has been limited
to research purposes and the availability of commercial tagging
analysis software solutions has been limited as well Amzulescu
et al. (2019). Alternatively, myocardial strain can be estimated
from echocardiography and cine-MRI using feature tracking
techniques Claus et al. (2015); Pedrizzetti et al. (2016). In this
paper we focus on strain estimation from cine-MRI, as it does
not require dedicated sequences and is ubiquitously acquired in
daily clinical practice.

The accurate quantification of cardiac function relies on the
successful completion of both cardiac segmentation and motion
estimation tasks. These tasks are critical for obtaining regional
measures such as strain, as well as global measures like LVEF.
Historically, these tasks were performed separately in clinical
workflows. However, they are closely related and complement
each other. By combining them in the workflow, the quantitative
assessment of cardiac function can be made more efficient and
effective Cheng et al. (2017); Elmahdy et al. (2021).

In a real clinical workflow scenario, only the end-diastolic
and end-systolic frames of a cine-MRI sequence are typically
manually annotated. However, motion estimation of the walls
of different heart chambers requires consistent and robust de-
lineation of these regions across all frames, which can be chal-
lenging Claus et al. (2015). Manual delineation of these regions
is time-consuming and often results in intra- and inter-observer
variability Risum et al. (2012); Schuster et al. (2015) and it
requires highly trained personnel which could be expensive. Au-
tomatic delineation methods, such as segmentation approaches
or contour propagation algorithms Wang et al. (2019); Galati
et al. (2022) can alleviate these issues. However, segmentation
based automatic methods do not consider underlying mechan-

ical properties of the cardiac tissue such as incompressibility,
elasticity and periodicity, which is important for accurate and
robust strain estimation De Craene et al. (2012); Mansi et al.
(2011). On the other hand, registration methods can model these
biomechanical properties and constrain the solution accordingly.
Therefore, combining segmentation and registration tasks can
be beneficial for accurate and robust strain estimation.

Motion estimation from a time-series of images can be for-
mulated as a pairwise (PW) or a groupwise (GW) registration
problem. With PW registration, images are registered sequen-
tially either against the next image in the sequence or against
a selected reference image, with the other images registered in
pairs against that reference. In contrast, GW registration opti-
mizes a set of images concurrently to a common hidden space
using a single optimization procedure, taking into account infor-
mation from all the images in the sequence. The reference in
this case is created using information from the entire temporal
sequence. GW registration yields better results than PW, as the
optimization is solved as a whole. However, this comes at a high
computational cost due to the iterative nature of classical GW
optimization.

Segmentation and registration are correlated tasks, therefore
learning a meaningful representation from one task could be
helpful for the other task. In addition, modeling these correlated
tasks in a single end-to-end model introduces inductive bias and
helps regularize each task. Notably, learnable groupwise regis-
tration has its limitations; for instance, outliers or subjects with
abnormal motion patterns can result in inaccurate or suboptimal
registration outcomes.

To address these limitations, jointly modeling segmentation
and groupwise registration tasks for cardiac cine-MRI could
have several advantages over individual GW registration or seg-
mentation networks. One key benefit is that the joint approach
can improve the accuracy of image alignment by taking into
account the spatial, temporal, and anatomical relationships be-
tween images. This is particularly useful when there is signifi-
cant motion or variability across the dataset. Another advantage
is that jointly segmenting and registering all images at once can
be more computationally efficient compared to performing each
step separately. Additionally, joint approaches can also improve
the consistency and reproducibility of segmentation results by
reducing variability and errors caused by individual segmenta-
tion. Moreover, joint segmentation and groupwise registration
approaches can increase the statistical robustness of the results in
situations where the number of subjects is limited. Overall, joint
segmentation and groupwise registration approaches for cardiac
cine-MRI offer a powerful tool for improving the accuracy and
consistency of image alignment and segmentation.

In recent years, deep learning-based models have become
widely recognized as powerful tools in the field of cardiac
MRI Leiner et al. (2019); Hernandez et al. (2021); Chen et al.
(2020). For segmentation, Bai et al. (2018) trained a 2D fully
connected network (FCN) on a large dataset (∼5000 subjects)
for short-axis (SAX), 2-chamber and 4-chamber view segmen-
tation. Tao et al. (2019) proposed a multi-vendor, multi-center
CNN for LV endocardial and epicardial segmentation in SAX
cine-MRI. Khened et al. (2019) developed a multi-scale residual
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denseNet for LV and RV segmentation from the SAX view. To
exploit the temporal characteristic of cine-MRI, Poudel et al.
(2016) proposed a 2D FCN with a recurrent neural network
(RNN) to model the inter-slice coherence in the SAX view.
Wang and Zhang (2021) also proposed an RNN architecture,
but for the LAX view. Recently, Suinesiaputra et al. (2021)
explored the effectiveness of U-Net for segmentation and land-
mark detection for legacy datasets including SAX and LAX
views. Ruijsink et al. (2020); Pierpaolo et al. (2020) proposed a
CNN segmentation network for SAX view segmentation and
performed a volumetric analysis as well as strain analysis. How-
ever, the strain analysis was a separate function and derived from
the segmentation results. Most of the literature focuses on LV
segmentation from the SAX view Chen et al. (2020), while only
few studies have been reported on 4-chamber LAX view seg-
mentation. This may be due to the availability of public datasets
on SAX views such as the Sunnybrook Cardiac Dataset Radau
et al. (2009).

For motion estimation via registration, Zhang et al. (2021)
proposed GroupRegNet, a one-shot GW registration network
that estimates respiratory motion from thorax 4D-CT. Qiao et al.
(2020) proposed motionNet, a CNN network that tracks the
myocardial displacement between consecutive frames. Using
motionNet as a building block, the authors introduced a network
called groupwise MotionNet. De Vos et al. (2019) proposed
a multi-scale PW affine and deformable registration network.
Krebs et al. (2019) proposed a probabilistic model for diffeo-
morphic PW registration of SAX cine-MRI. To the best of our
knowledge, no work on end-to-end DL-based GW registration
has been proposed for application in cine-MRI data.

Finally, for joint segmentation and motion estimation, Qin
et al. (2018) proposed to jointly optimize a PW registration and
a segmentation network by sharing the weights of the network
encoder as well as the loss function for SAX cine-MRI. In earlier
work, we proposed a joint segmentation and PW registration
network through a cross-stitch architecture Elmahdy et al. (2021)
for evaluation of multi-time point imaging data in prostate can-
cer patients. Recently, Morales et al. (2021) proposed a deep
learning workflow called DeepStrain for strain estimation from
SAX cine-MRI. In that study, the authors proposed three DL
networks for localization, segmentation, and PW registration.
However, these three networks were trained separately and not
jointly optimized, which does not guarantee consistence between
the segmentation and registration results.

From the aforementioned literature review it is clear that
automated assessment of cardiac function has been a subject of
extensive research, primarily focusing on methodologies applied
to the short-axis (SAX) view. However, there remains a dearth of
comprehensive analyses specifically targeting the less-explored
4-chamber LAX view. This view provides a distinct perspective
of cardiac function, yet existing methodologies predominantly
concentrate on SAX views, leaving a gap in the comprehensive
assessment of cardiac function. Current approaches often rely on
separate segmentation and analysis steps or non-deep learning-
based methods for strain estimation after segmentation, resulting
in segmented contours’ dependency and limited simultaneous
estimation of local and global metrics.

In this study, our aim is to address this gap by developing an
end-to-end network that can perform segmentation and group-
wise registration of cardiac 4-chamber LAX view cine-MRI.
The proposed architecture consists of two networks: SegNet and
Group-RegNet, which are jointly optimized for cine-MRI seg-
mentation and alignment. The network is trained and validated
on a large cohort of subjects with a wide range of pathologies.
The network is fully automatic and does not require the availabil-
ity of any annotated reference frame. We optimized the SegNet
and Group-RegNet networks using different loss functions, train-
ing schemes, and implicit template estimation approaches. We
also introduced a dictionary of masks for the cine-MRI. Addition-
ally, we clinically validated the proposed method by estimating
global longitudinal strain and LVEF. To the best of our knowl-
edge, this is among the initial end-to-end networks that jointly
optimize segmentation and motion estimation for the automated
quantification of cardiac function, integrating both tasks within
a unified framework.

The remainder of this paper is structured as follows: Section
2 presents the base network architecture, segmentation network,
groupwise registration network and the joint approach for seg-
mentation and groupwise registration. In Section 3, we describe
the dataset and details about the implementation as well as the
evaluation metrics. In Sections 4 and 5, we present our findings
and discuss the results. Our conclusion is summarized in Section
6 along with potential directions for future research.

2. Methods

In this paper we propose an end-to-end joint segmentation and
GW registration network enabling fully automated quantification
of cardiac function. In the following section, we introduce
the base network architecture as well as the segmentation and
GW registration networks that together comprise our proposed
network as shown in Fig. 1.

2.1. Base Network Architecture
The base architecture for the networks presented in this paper

is a 2D residual U-Net, which is inspired by the work of Zhang
et al. (2018). The Res-UNet combines the strengths of both
the U-Net Ronneberger et al. (2015) and the residual network
He et al. (2016). The Res-UNet has three main components:
encoding, skip connections and decoding. Through the encoding
part, the input is encoded into dense representations, while the
decoding part restores the depictions to the final prediction. Skip
connections link the encoding and decoding branches to preserve
the high resolution features. The network encodes the input
through a series of residual blocks. Each block of the encoding
and decoding parts are comprised of a residual block. Each
residual block consists of one convolutional block and an identity
mapping, which connects the input and the output of the block.
The convolutional block has a convolution layer of size 3 ×
3, instance normalization, and a rectified linear unit (ReLU).
We used bilinear interpolation for both down-sampling and up-
sampling in the encoding and decoding branches, respectively.
The network has four convolutional blocks in both the encoder
and decoder, where the number of filters starts from 32 and
doubles at each resolution.
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Fig. 1. The workflow for the proposed CMRINet network.

2.2. Segmentation Network
The input to the segmentation network is a series of cine-MRI

frames stacked in a single batch. We experimented training the
network using the Dice Similarity Coefficient (DSC) as well
as cross-entropy (CE) loss functions. DSC loss quantifies the
overlap between the network prediction Spred and the groundtruth
Sgt as follows:

LDSC = 1 −
1
K

K∑
k=1

2 ∗
∑
Ω S pred

k (Ω) · S gt
k (Ω)∑

Ω S pred
k (Ω) +

∑
Ω S gt

k (Ω)
, (1)

where Ω is the set of pixel coordinates and K is the number
of structures to be segmented (see Section 3.1). On the other
hand, the CE loss measures the difference between the predicted
probability distribution, pi, and the true probability distribution
of the output, yi:

LCE = −

K∑
i=1

yi log(pi). (2)

The proposed segmentation network is dubbed SegNet and
has 1,882,150 trainable parameters.

2.3. Groupwise Registration Network
Groupwise registration (GW) refers to the simultaneous align-

ment of a set of images to a shared space using a single op-
timization process, with consideration given to information
from all of the images. Let IN denote a group of images
IN = {In|n = 1, . . . ,N}, where In represents each image in the
group. In this paper, each 2D image represents one time point
across the cardiac cycle from a 2D + t cine-MRI sequence. The
objective of the GW registration network is to predict a set of
displacement vector fields (ϕN). The optimization function for
GW registration can thereby formulated as:

LgReg = Lsimilarity(TN ◦ IN , Itemp) (3)
+ λ0 Lsmooth(TN) + λ1 Lcyclic(TN),

TN(x) = ϕN(x) + x, (4)

where TN is a set of transformations {Tn|n = 1, . . . ,N} that align
the coordinates in the estimated template to the corresponding

coordinates in the input images. TN ◦ IN refers to the warped
input image, where Itemp is the implicit template estimated by
averaging all the warped input images. λ0 and λ1 are the weights
for the smoothness and cyclic regularization losses. The simi-
larity loss used in this paper to measure the similarity between
the template image and the warped input images is the local
normalized cross correlation (LNCC) as shown in Eq. (5). We
chose LNCC instead of NCC or MSE losses due to its robust-
ness against local intensity shifts and noise. Moreover, it can be
implemented efficiently using the convolution operation.

Lsimilarity = 1 −
1
N

∑
n

LNCC
(
TN ◦ IN , Itemp

)
, (5)

Itemp =
1
N

N∑
n=1

Tn ◦ In (6)

In order to encourage the network to predict a realistic and
smooth displacement, a smoothness regularization loss is intro-
duced. This loss penalizes the ℓ1 norm of the temporal total
variation of the displacement as follows:

Lsmooth =
1

2N |Ω|

∑
n,x∈Ω,i∈X,Y

∥∇iϕn(x)∥1, (7)

where ∇iDn(x) is the partial derivative of the displacement field
with respect to axis i. Since the cine-MRI sequences in this
study encompass a complete cardiac cycle, it is valid to assume
periodicity in the estimated displacement. This can be imposed
by the cyclic constraint. This term constrains the sum of the
displacements across the cine-MRI sequence to be zero:

Lcyclic =

√√√
1

2N |Ω|

∑
x∈Ω

∑
n

Tn(x)

2. (8)

The network estimates TN(x) that align the input images to
the template. However, in order to estimate the displacement
T i

j that maps any ith image to jth image requires the inverse
transformation T−1

N (x). This inverse transformation is estimated
numerically using the fixed-point method Chen et al. (2008).
Now T i

j(x) can be calculated using the composition of the for-
ward and inverse transformations as follows:

T i
j(x) = Ti(T−1

j (x)) (9)
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The input to the network is a cine-MRI sequence stacked in
the channel dimension. Our motion estimation network is a 2D
network with 1,890,642 trainable parameters and referred to as
Group-RegNet throughout the rest of the paper.

2.4. Proposed CMRINet

In previously introduced joint networks Elmahdy et al. (2021);
Mahapatra et al. (2018); Elmahdy et al. (2019), segmentation
and registration tasks were optimized in a parallel manner, hence
the manual annotations were only incorporated into the training
process as binary masks via the loss function. However, one of
the challenges in intensity-based cine-MRI registration is that
the network can become distracted by the blood flow related
intensity fluctuations during the cardiac cycle, rather than fo-
cusing on the deformation of the walls of the cardiac chambers,
particularly in the region near the mitral and tricuspid valves. To
address this issue, we propose to train the segmentation and GW
registration in a sequential manner. This enables the integration
of the generated contours into the registration in the form of
distance maps, rather than via binary masks. Registering the
contours’ distance maps alongside the cine-MRI images can
potentially be more robust to variations in image intensity, noise,
contrast, resolution and artifacts, which are very common in the
dataset as shown later in Section 3.1. Hence, the network learns
to focus on the intensity variations as well as the walls of the
cardiac chambers.

Here, we propose an end-to-end fully automated joint seg-
mentation and GW registration network dubbed CMRINet. The
structure of the proposed network is shown in Figure 1. CM-
RINet is comprised of two networks: SegNet and Group-RegNet,
which are jointly optimized to segment and register a cine-MRI
sequence. Although SegNet is a fully automatic segmentation
network, it can only be used for quantifying volumetric pa-
rameters such as end-systolic (ES) volume, end-diastolic (ED)
volume and ejection fraction. On the other hand, Group-RegNet
can only quantify the cardiac deformation and thus strain and is
considered semi-automatic because it requires the availability
of the manual annotation of either the ES or ED frames. Hence,
both networks can only partially quantify cardiac function.

In contrary to traditional semi-automatic GW registration net-
works that require the availability of manual annotation for one
of the sequence frames, CMRINet is fully automated. First, the
cine-MR sequence is segmented using SegNet and subsequently
the Euclidean distance maps of the predicted segmentations are
computed. The distance maps alongside the cine-MRI sequence
are then registered using Group-RegNet network. The predicted
displacement vector fields (DVF) are used to propagate the seg-
mentation of the ED phase estimated by SegNet to all other
phases.

The loss function of the joint networks is as follows:

L = LgReg + w0 · Lsimilarity−D + w1 · LSeg−R + w2 · LSeg−S,
(10)

Lsimilarity−D = 1 −
1
N

∑
n

LNCC
(
TN ◦ DN ,Dtemp

)
, (11)

Fig. 2. Samples from the dataset showing the diversity of the scans with
respect to orientation, size, contrast, noise, and field of view (FOV).

where LgReg is the GW registration loss defined in Eq. (3),
Lsimilarity−D is the similarity between the warped distance maps
and the template distance maps, LSeg−R is the segmentation loss
between the manual and the estimated contours from propagating
the ED contours using the estimated DVF from Group-RegNet,
and LSeg−S is the segmentation loss between the manual and
the predicted contours from SegNet. For more details on the
segmentation loss see Section 4.1.

3. Dataset, Implementation, and Evaluation

3.1. Dataset

This study utilized a cohort of 374 subjects with 2D+t cine-
MRI scans, with each subject having a 4-chamber long-axis
(LAX) view. The scans were randomly selected from the AS-
PIRE registry Hurdman et al. (2012), and were acquired using a
balanced steady state free precession (bSSFP) sequence. The AS-
PIRE registry included patients with a wide range of pathologies
including left heart disease (15%), lung disease (12%), chronic
thromboembolic pulmonary arterial hypertension (PAH) (21%),
PAH (29%), other PAH (2%) and non-PAH (21%). The scans
were acquired using Siemens (n=41) and GE scanners (n=333).
The dataset was split into 80% for training (n=300) and 20%
for validation (n=74) scans. The training/validation split was
stratified based on the scanner. Specifically, out of the 300 scans
used for training, 33 scans were from Siemens, and 267 scans
were from GE. For the validation set, consisting of 74 scans, 8
scans were from Siemens, and 66 scans were from GE. Expert
manual contours for the left ventricle (LV), right ventricle (RV),
LV myocardium (LVM), left atrium (LA) and right atrium (RA)
were defined in all temporal frames by four observers with 2, 3,
11, and 13 years of CMR experience Alandejani et al. (2022).
The number of frames per scan ranged from 20 to 30. Each scan
corresponds to a complete cardiac cycle. The image series and
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Fig. 3. Example frame showing contours and landmark points, where the
LV, RV, LA, and RA contours are colored in red, yellow, violet, and cyan,
respectively.

corresponding contours were center-cropped and resampled into
image stacks of size 256×256×25. These images maintain an in-
plane resolution of 1×1 mm, with a total of 25 time frames. The
image stacks were normalized to have intensity values between
[0, 1]. A total of four landmark points were defined based on the
manual contours, these points represented the hinge points of the
mitral and tricuspid valves as shown in Fig. 3. These anatomical
locations represent the regions with the largest cardiac motion
amplitude and are used for the evaluation of the GW registra-
tion. Figure 2 illustrates the diversity and variation present in
the dataset, as seen through samples depicting a range of field of
views, noise levels, contrasts, heart sizes, and orientations.

3.2. Training and Implementation Details

All proposed networks were trained and optimized using Py-
Torch (version 1.9) with the Adam optimizer and a learning rate
of 10−4. All convolutional layers were initialized using Kaiming
initialization. The batch size for the GW registration network
was 1 and for the segmentation network 25. The regularization
terms λ0 and λ1 from Eq. (3) are empirically set to 0.8 and 0.01.
The loss weight w0 from Eq. (10) is set to 5.0, while w1 and w2
are set equally to 1.0 in accordance to the findings from Elmahdy
et al. (2021). Training was performed on a cluster equipped with
NVIDIA RTX6000 cards with 24 GB of memory. To effectively
capture the high variance in the dataset, various augmentation
techniques were employed, including random mirroring, transla-
tion, rotation, scaling, as well as the addition of random Gaussian
noise and blurring. For training the proposed CMRINet network,
first the SegNet network is trained for 300 epochs, while Group-
RegNet is frozen. Afterwards, Group-RegNet is trained for 300
epochs, while SegNet is being frozen. Lastly, both networks are
trained simultaneously for 200 epochs.

Table 1. MCD (mm) values for different input frames for SegNet trained
with DSC loss. Values in red represent the best results.

Network LV LVM RV LA RA
µ ± σ µ ± σ µ ± σ µ ± σ µ ± σ

2D 2.7 ± 0.5 2.2 ± 0.3 2.8 ± 0.5 2.6 ± 0.4 3.2 ± 0.7
2.5D/1NF 2.5 ± 0.8 2.0 ± 0.5 2.5 ± 0.7 2.5 ± 0.8 3.9 ± 1.0
2.5D/2NF 2.7±0.6 2.4 ± 0.1 2.5 ± 0.6 2.6 ± 0.2 3.8 ± 0.7

3.3. Evaluation Metrics
3.3.1. Segmentation

The automatically generated contours are evaluated geomet-
rically by comparing them to the manual contours. The Dice
similarity coefficient (DSC) is used to measure the overlap be-
tween the contours, while the mean contour distance (MCD)
and Hausdorff distance (HD) measure the distance between the
contours. For more details, see Elmahdy et al. (2021).

3.3.2. Quality of Deformation Vector Field
In order to evaluate the quality of the deformations, we calcu-

late the determinant of the Jacobian matrix. A determinant of
1 indicates that no volume change has occurred; a determinant
> 1 indicates expansion, a determinant between 0 and 1 indi-
cates shrinkage, and a determinant ≤ 0 indicates a singularity,
i.e. a place where folding has occurred. We can quantify the
smoothness and quality of the DVF by indicating the fraction of
foldings per image and by calculating the standard deviation of
the Jacobian.

3.3.3. Strain Quantification
Cardiac longitudinal strain is a non-invasive measure of the

deformation or change in length of the myocardial tissue along
the longitudinal direction, usually measured in the left ventricle.
It is used as an indicator of changes in myocardial contractility
and is a sensitive measure of left ventricular function. Strain is
typically expressed as a percentage and can range from negative
values indicating contraction to positive values indicating relax-
ation. Factors such as age and gender can affect the strain values.
Strain can be measured locally for different segments of the wall
or globally across the wall, referred to as global longitudinal
strain (GLS). GLS is defined as follows:

GLS =
n∑

i=1

ϵi , ϵ =
L − L0

L0
, (12)

where ϵi is longitudinal strain of the i-th segment, L is the length
of the wall at any phase and L0 is the length of the wall at the
end-diastolic phase.

4. Experiments and Results

In this paper, we present an end-to-end fully automatic joint
segmentation and GW registration network dubbed CMRINet.
The network comprised of two networks for segmentation and
GW registration namely, SegNet and Group-RegNet (See Sec-
tions 2.2, 2.3). Following, we optimize SegNet and Group-
RegNet on the validation set before jointly optimizing them for
CMRINet.
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Table 2. MCD (mm) values for different loss functions for SegNet using 2.5D
with 1 neighbouring frame. Values in red represent the best results.

Loss LV LVM RV LA RA
µ ± σ µ ± σ µ ± σ µ ± σ µ ± σ

DSC 2.5 ± 0.8 2.0 ± 0.5 2.5 ± 0.7 2.5 ± 0.8 3.9 ± 1.0
CE 2.0 ± 0.6 1.6 ± 0.4 2.1 ± 0.6 3.0 ± 1.1 3.6 ± 1.2
DSC+CE 1.8 ± 0.5 1.5 ± 0.4 2.0 ± 0.5 2.1 ± 0.8 2.8 ± 1.0

Table 3. MCD (mm) values for different template estimation methods for
Group-RegNet. Values in red represent the best results.

Template LV LVM RV LA RA
µ ± σ µ ± σ µ ± σ µ ± σ µ ± σ

Average 1.7 ± 0.8 1.3 ± 0.5 1.6 ± 0.7 1.3 ± 0.5 1.8 ± 0.7
PCA 1.8 ± 0.9 1.4 ± 0.5 1.9 ± 0.8 1.4 ± 0.5 2.0 ± 0.8

4.1. Optimizing the Segmentation Network

The cine-MRI scans in the dataset have an anisotropic res-
olution, however they are continuous in time and in order to
ensure continuity in the network predictions, we hypothesize
that stacking neighboring frames could be beneficial. To vali-
date this assumption, we conducted an experiment to determine
whether including neighboring frames in the segmentation net-
work would be beneficial. We compared a 2D training scheme
(using only the center frame) with two alternative 2.5D schemes:
(i) using the direct neighboring frames together with the center
frame as input (network 2.5D/1NF) and (ii) using two neigh-
boring frames with the center frame (network 2.5D/2NF). In
both cases, only the center frame was segmented and used in
the loss function. The DSC loss function was utilized in this
experiment. The results of this experiment in terms of MCD are
presented in Table 1, which demonstrates that the 2.5D scheme
with one neighboring frame consistently outperforms the 2D and
2.5D/2NF training schemes. Therefore, we selected this scheme
for the following experiments.

In the next experiment, we examined the impact of different
loss functions on the network performance. We tested three
loss functions, namely DSC, cross entropy (CE), and the equal
sum of both (DSC+CE). The performance of the network with
different loss functions is presented in Table 2. The combined
DSC and CE loss yielded the best results, and we therefore
adopted this loss function for the final model.

4.2. Optimizing the Groupwise Registration Network

One of the main components of GW registration algorithms
is the template estimation approach. Several template selection
approaches have been demonstrated to be effective Jia et al.
(2011). These methods include i) the selection of one of the
images in the series to be the template, ii) using the average of the
warped images as a template, or iii) using Principle Component
Analysis (PCA) to estimate the principle image in the series. In
order to evaluate which template estimation approach is best
suited for the underlying problem we experimented with the
average template estimation as shown in Eq. (13) and PCA
template estimation. The PCA template estimation was inspired
by the work from Che et al. (2019), where the template image is
constructed using the eigenvector V = {vn|n = 1, . . . ,N}, which

Table 4. MCD (mm) values for different CMRINet configurations. Values in
red represent the best results.

Input LV LVM RV LA RA
µ ± σ µ ± σ µ ± σ µ ± σ µ ± σ

CMRINeta 1.8 ± 0.9 1.2 ± 0.4 1.2 ± 0.3 1.0 ± 0.4 1.2 ± 0.4
CMRINetb 1.7 ± 0.8 1.1 ± 0.4 1.2 ± 0.4 1.1 ± 0.3 1.2 ± 0.4
Proposed 1.7 ± 0.3 1.0 ± 0.1 1.1 ± 0.3 1.1 ± 0.1 1.1 ± 0.2

corresponds to the highest eigenvalue and serves as the weights
for the warped images as shown in the following equation:

Itemp =

N∑
n=1

vn(Tn ◦ In), (13)

Table 3 shows the performance of different template estima-
tion methods. The average template results demonstrated better
performance compared to the PCA template. Therefore, we se-
lected the average template method for Group-RegNet network.

4.3. Optimizing CMRINet
In this section, we examine different variations for CMRINet.

For the first network, CMRINeta, SegNet was frozen and the
distance maps were derived from the manual contours. This net-
work is therefore semi-automatic since it requires the availability
of a manually annotated contour for one of the frames during
inference time.

The second network, CMRINetb, is a fully-automatic end-
to-end network. SegNet is first trained so that it can estimate
reasonably good contours, while Group-RegNet is frozen. After-
wards, Group-RegNet is trained, while SegNet is frozen. Finally,
both SegNet and Group-RegNet are jointly trained. For this net-
work, we propagated the automatically estimated contour from
the first frame. This frame usually represents the ED phase, but
not in all cases.

The first two rows in Table 4 shows the MCD for CMRINeta

and CMRINetb. Both networks achieved comparable results,
however CMRINetb is fully automatic and enables a fully auto-
mated quantitative analysis of cardiac function.

The proposed CMRINet network utilizes SegNet for segment-
ing all available frames, enabling the propagation of any frame to
the other frames (See Fig. 1). The network, thereby generates a
dictionary of contours that can be merged using ensemble meth-
ods such as majority voting. Additionally, the variance of the
contours in the dictionary can potentially serve as an estimation
of the model’s uncertainty. The last row in Table 4 illustrates the
mean contour distance (MCD) of the majority-voting ensemble
of the dictionary, referred to as ”Proposed”. It achieves better
results compared to CMRINeta and CMRINetb. Therefore, this
proposed method is used in the following comparisons.

4.4. Comparison with Prior Work
Our proposed network was compared to three existing meth-

ods from the literature. One of the methods is a conventional
iterative method, while the other two are DL-based methods.
It’s worth noting that our proposed method is the only fully
automated, end-to-end solution among them. For the itera-
tive method, we compared our proposed network against a
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Table 5. MCD (mm) values for the registration output of different methods. The Mean column represents the average across all frames, while ES represents
the average for the ES frames only. x±x represents mean±std. Values in red represent the best results. Daggers denote one-way ANOVA statistical significance
for the proposed network against other networks.

Network LV LVM RV LA RA
Mean ES Mean ES Mean ES Mean ES Mean ES

elastix 1.7 ± 0.7 2.5 ± 1.0 1.3 ± 0.5 1.9 ± 0.6 1.8 ± 0.8 2.6 ± 1.2 1.3 ± 0.5 1.6 ± 0.8 1.8 ± 0.8 2.5 ± 1.3
Group-RegNet 1.7 ± 0.8 2.6 ± 0.9 1.3 ± 0.5 1.9 ± 0.6 1.6 ± 0.7 2.3 ± 1.0 1.3 ± 0.5 1.6 ± 0.7 1.8 ± 0.7 2.3 ± 1.1
Dense 1.8 ± 0.8 2.8 ± 1.3 1.3 ± 0.5 1.8 ± 0.9 1.4 ± 0.5 1.9 ± 0.9 1.1 ± 0.4 1.4 ± 0.5 1.4 ± 0.4 1.8 ± 0.8
SEDD 1.8 ± 0.7 2.5 ± 1.2 1.4 ± 0.5 1.7 ± 0.8 1.5 ± 0.7 1.9 ± 0.8 1.3 ± 0.5 1.7 ± 0.5 1.6 ± 0.7 1.7 ± 0.7
Proposed 1.7 ± 0.8 2.6 ± 1.3 1.1 ± 0.4† 1.5 ± 0.8† 1.2 ± 0.4† 1.5 ± 0.8† 1.1 ± 0.3 1.3 ± 0.6 1.2 ± 0.4† 1.4 ± 0.5†

Table 6. MCD (mm) values for landmark points for the registration output of different methods. The Mean column represents the average across all frames,
while ES represents the average for the ES frames only. x±x represents mean±std. Values in red represent the best results. Daggers denote one-way ANOVA
statistical significance for the proposed network against other networks.

Network Landmark 1 Landmark 2 Landmark 3 Landmark 4
Mean ES Mean ES Mean ES Mean ES

elastix 2.3 ± 1.1 2.8 ± 1.7 2.9 ± 2.0 4.0 ± 3.3 3.2 ± 1.8 4.2 ± 2.8 5.1 ± 3.0 7.3 ± 6.1
Group-RegNet 2.3 ± 1.2 2.7 ± 1.9 2.9 ± 2.1 3.9 ± 3.3 3.2 ± 1.7 3.9 ± 2.9 5.1 ± 3.3 7.1 ± 6.1
Dense 2.6 ± 1.2 3.4 ± 2.6 3.1 ± 2.1 4.5 ± 3.4 3.6 ± 1.9 4.8 ± 3.6 3.2 ± 2.1 8.3 ± 6.2
SEDD 2.3 ± 1.2 2.8 ± 1.9 2.9 ± 2.0 4.1 ± 3.3 3.3 ± 1.8 4.1 ± 3.0 5.1 ± 3.3 7.5 ± 6.3
Proposed 2.2 ± 1.2 2.7 ± 2.1 2.6 ± 1.9† 3.4 ± 3.1† 3.0 ± 1.5† 3.6 ± 2.2† 4.1 ± 2.8 5.4 ± 4.7

Table 7. Analysis of the determinant of the Jacobian. Values in red represent
the best results. Daggers denote one-way ANOVA statistical significance for
the proposed network against other networks.

Network Std. Jacobian Folding fraction
µ ± σ µ ± σ

elastix 0.17 ± 0.12 0.005 ± 0.002
Group-RegNet 0.18 ± 0.10 0.005 ± 0.003
Dense 0.17 ± 0.06 0.005 ± 0.001
SEDD 0.17 ± 0.05 0.003 ± 0.001
Proposed 0.11 ± 0.02† 0.001 ± 0.002†

well-established open source image registration toolbox, named
elastix Klein et al. (2009); Metz et al. (2011). We used the
NCC similarity loss with the settings proposed by Shahzad et al.
(2017).

For the DL-based methods, we chose two networks from
Elmahdy et al. (2021) namely the Dense and SEDD networks.
Compared to the proposed CMRINet, Dense and SEDD segment
and register the sequence in a parallel manner. This means that
they are semi-automatic since they still require the availabil-
ity of manually annotated contours for one of the frames. The
Dense network models both segmentation and GW registration
tasks with shared parameters except for task-specific ones in the
output layer. The network is based on the same architecture as
the base network, with different output layers. Dense parame-
ter sharing prevents overfitting, but may not produce the best
representation for individual tasks. The network has 1,895,592
trainable parameters. For the SEDD network, both segmentation
and GW registration tasks share the same encoding path in the
network, which then divides into two distinct decoder paths for
each task. This specific network structure is referred to as the
Shared Encoder Double Decoder (SEDD) network. The network
is responsible for predicting both the displacement field from the
registration path and the mask prediction from the segmentation

path. SEDD has a total of 2,562,664 trainable parameters. For
more details on training these networks and the losses used, see
Elmahdy et al. (2021).

Table 5 shows the comparison between the different networks
in terms of MCD averaged across all frames as well as for the
ES frames. For all the chambers, except for LV, the proposed
network outperforms all the other networks including the joint
SEDD and Dense networks. The MCD for the ES frame is
slightly higher than the average, which is expected given that the
propagated contour is the ED frame (more details on the compar-
ison in terms of DSC and HD metrics can be found in Appendix
A). Table 6 shows the MCD for different landmark points. The
proposed network is outperforming all other networks for the
four landmark points. Same pattern occurs in the DSC and HD
metrics as shown in Table A.9 and A.10

Figure 4 shows visual examples for the contours, DVF, and
determinant of the Jacobian estimated from the proposed method.
Figure 5 shows a visual comparison between elastix, Group-
RegNet and proposed network against the manually defined
contours. It shows that the proposed method achieves better
results compared to the other methods especially at the landmark
points.

4.5. Assessment of the DVF Quality

The quality of the estimated DVF represented by the determi-
nant of the Jacobian is important to ensure a smooth deformation
field. Table 7 shows the standard deviation of the determinant
of the Jacobian and the folding fraction for different networks.
The proposed network generated a better DVF with the lowest
folding fraction.

4.6. Volume Analysis

Table 8 shows the absolute difference between volumetric
measures for LV such as ES (LVES) and ED (LVED) volumes
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Manual Prediction DVF Jacobian det.

Fig. 4. Examples of the ES frame of the proposed method. From top to bottom, the selected cases are the first, second, and third quartile in terms of the
MCD of the LV. From left to right, manually defined contours, propagated contours from the automatically segmented ED frame, the DVF quiver, and the
determinant of the Jacobian. The LV, RV, LA, and RA contours are colored in red, yellow, violet, and cyan, respectively. Additionally, the landmark points
are marked in blue.

and LVEF, estimated from different networks against the mea-
sures estimates from manual contours. The proposed network
showed improvement against SegNet as well as other GW regis-
tration methods for all volumetric measures.

4.7. Strain Analysis

Figure 6 shows GLS strain values derived from manual con-
tours against the propagated contours from both Group-RegNet
and proposed networks. For the LV, both networks underesti-
mated the GLS around the ES frames, with proposed slightly bet-
ter than Group-RegNet. For the RV, GLS estimated from the pro-
posed network was similar to manual results with a substantial
improvement over Group-RegNet. For the LA, Group-RegNet
showed a slight improvement over the proposed network com-
pared to the GLS estimated from the manual contours. Figure
7 shows the Bland-Altman plots comparing GLS strain results
derived from the proposed and manual contours.

Table 8. Comparison between the absolute difference between different
networks and manual. Values in red represent the best results. Daggers
denote one-way ANOVA statistical significance for the proposed network
against other networks.

Network LVES volume (mL) LVED volume (mL) LVEF(%)
µ ± σ µ ± σ µ ± σ

elastix 12.2 ± 9.5 1.2 ± 0.8 4.7 ± 3.1
Group-RegNet 13.4 ± 10.6 1.4 ± 0.8 4.6 ± 3.0
Dense 12.7 ± 9.6 1.2 ± 0.9 4.0 ± 3.2
SEDD 13.2 ± 10.3 1.3 ± 0.6 4.7 ± 3.3
SegNet 11.5 ± 9.4 2.8 ± 2.3 4.2 ± 3.4
Proposed 11.0 ± 8.4† 2.1 ± 1.5 3.5 ± 2.7†

5. Discussion

In this study, we propose CMRINet to jointly optimize seg-
mentation and groupwise registration tasks in an end-to-end
network. The network enables fully automated cardiac function
quantification in terms of volume and strain. By jointly opti-
mizing segmentation and registration tasks we can capitalize on
their respective strengths and minimize their limitations through
directing the groupwise registration network with the aid of
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Manual Elastix Group-RegNet Proposed

Fig. 5. Examples of the ES frame For different methods. From top to bottom are different subjects. From left to right, the manual contour, the propagated
contour from the ED frame for different methods. The LV, RV, LA, and RA contours are colored in red, yellow, violet, and cyan, respectively. Additionally,
the landmark points are marked in blue.

the underlying anatomical structures and mechanics. The pro-
posed architecture comprises of two networks, namely SegNet
and Group-RegNet. We optimized the segmentation network
(SegNet) in terms of the training scheme and loss function. Ad-
ditionally, we evaluated different template estimation methods
for the Group-RegNet network. We compared our proposed
network to iterative-based as well as DL-based methods. Fi-
nally, we evaluated our network in terms of clinically relevant
volumetric parameters and global longitudinal strain.

We have trained and validated various networks on a large
cohort of 4-chamber LAX view cine-MRI scans. The dataset is
versatile and comprises a wide range of cardiac pathologies. The
scans are from two MRI scanner vendors and exhibit challenging
diversity in terms of orientations, heart size, contrast, noise, and
field of view.

For the segmentation network, SegNet, we defined a 2.5D
training scheme to train the network in order to promote continu-
ity in the contour prediction. The input to the network consisted
of one, three or five frames, while the network only segmented
the center frame. Our proposed 2.5D training scheme outper-
formed the 2D counterpart by incorporating information from

adjacent frames. This enabled the network to learn the anatomi-
cal correlation between the frames and project it onto the seg-
mentation prediction. However, including more neighboring
frames deteriorated the network performance. We hypothesized
that adding more frames forces the network to encode more
information from distant anatomical frames with respect to the
cardiac cycle. We also experimented with different loss functions
and found that the sum of Dice similarity coefficient (DSC) and
cross-entropy (CE) loss leveraged the foreground-background
class imbalance while controlling the trade-off between false
positives and false negatives. These results are consistent with
the literature Taghanaki et al. (2019).

For the groupwise registration network, Group-RegNet, we
experimented with two template estimation methods namely av-
erage and PCA. In terms of MCD, the average template achieved
better results. This might be due to the fact that cine-MRI regis-
tration is a mono-modal problem, therefore estimating the im-
plicit template using the average of the warped images would be
more accurate than PCA estimation. On the other hand, the PCA
method estimates the eigenvector associated with the largest
eigenvalue and since the cine-MRI images have the same inten-
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Fig. 6. Global longitudinal strain values for the validation dataset, where the solid line represent the mean across the patients and the shadow represent the
standard deviation.

sity distribution the resultant template would be very similar to
the average template.

The first and second rows of Tables 5 and 6 highlight the
fact that the performance of Group-RegNet is similar to that of
the conventional iterative approach represented by Metz et al.
(2011) and implemented in elastix. In contrast to elastix,
Group-RegNet is a learnable network that can encode and learn
from the underlying data distribution and potentially generalize
to unseen data. Additionally, Group-RegNet’s runtime is ∼0.2
seconds compared to ∼20 seconds for elastix.

For the joint segmentation and groupwise registration net-
works, we proposed to jointly model the segmentation and group-
wise registration network in a single end-to-end network dubbed
CMRINet. The proposed network was able to generate the seg-
mentation and DVF in a fully automatic manner without the
need of any manual annotations. Table 4 reveals that guiding
CMRINet with the distance maps from the manual contours re-
sults in similar performance as compared to using the predicted
contours from SegNet. This indicates that encoding contours in
the form of distance maps can tolerate small error in segmen-
tation prediction without affecting the overall performance of
the network. Moreover, we proposed to propagate all predicted
segmentations from SegNet to all other time frames, leveraging
the predicted DVF. This proposed method resulted in a dictio-
nary of contours for each frame in the cine-MRI sequence. By
combining these contours via majority voting, we were able to
further improve the results.

We compared our proposed method to two joint segmentation
and registration networks from Elmahdy et al. (2021). We found
that guiding the GW registration through a dense network archi-
tecture achieved better performance than with a double decoder

(SEDD) network, particularly for LA and RA. This indicates
that sharing knowledge across all layers of the network is more
beneficial than sharing it only in the encoding part. Further-
more, it suggests that both segmentation and GW registration
tasks are highly correlated and learning them together can im-
prove performance and regularize the network. In contrast to
our proposed method, both the Dense and the SEDD networks
required the availability of a manual contour for one frame. Ta-
bles 5 and 6 shows that all methods performed similarly for
LV contour detection, while the proposed method resulted in
a statistically significant improvement compared to the other
methods for LVM, RV, LA, RA as well as for all the landmark
points. This indicates that encoding anatomical information in
terms of distance maps is more efficient than encoding it through
binary masks. Additionally, we checked the cases with high
error in terms of MCD, and the common factor between them
was the presence of high deformation especially in the LV cham-
ber compared to the rest of the dataset. In terms of the scanner
effect, it’s important to note that although the number of cases
acquired with the Siemens scanner is significantly lower in the
training dataset compared to GE, this did not affect the network’s
performance on the Siemens cases in the validation set. This is a
promising indication that the network may be able to generalize
to data from other scanners as well.

Regarding the smoothness of the estimated DVF, as presented
in Table 7, the proposed network achieved a statistically signif-
icantly better performance compared to the other networks in
terms of the standard deviation of the Jacobian as well as for the
folding fraction. We believe that incorporating the anatomical
information from the segmentation network into the GW regis-
tration network served as an additional regularization method
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Fig. 7. Bland-Altman plot comparing GLS derived from proposed and manual contours at the ES phase.

for the GW registration network. This resulted in higher qual-
ity DVF, which in turn yields better propagated contours and
ultimately lower error.

We evaluated the proposed network using volumetric parame-
ters such as LVES volume, LVED volume, and LVEF. In terms of
LVES, the GW registration networks demonstrated similar per-
formance with a relatively high bias, because the ES frame has
the highest deformation compared to the propagated frame. Seg-
Net and our proposed method performed slightly better, which
may be due to the anatomical guidance during training. The
registration method using elastix and the networks Group-
RegNet, Dense, and SEDD propagate the first frame in the
sequence, which is often the ED frame, resulting in better per-
formance than SegNet and our proposed network for LVED
assessment. Regarding LVEF, our proposed network achieved
the best performance due to its consistent prediction in ES and
ED volume.

We analyzed the global longitudinal strain of different heart
chambers, as illustrated in Fig. 6. The evaluation of strain across
all chambers based on manual contours revealed a high variance
across patients, indicating the significant diversity and challenge
presented by the validation dataset. Group-RegNet and the pro-
posed network achieved similar performance for the LV, which

is consistent with the MCD values presented in Tables 5 and 6.
However, both networks underestimated the strain, particularly
during the ES phase. This could be due to the smoothness of
the estimated DVF, which limited the network’s ability to learn
very high deformations around the ES phase. For the RV, the
proposed network yielded results that were very close to the
manual GLS, while Group-RegNet revealed an underestimation
of GLS, which is again consistent with the MCD values. Re-
garding the LA, both the proposed network and Group-RegNet
showed very similar results to the manual GLS. For RA, The
proposed network had similar distribution to the manual GLS,
which is consistent with the reported MCD errors.

In this study, while our proposed joint segmentation and regis-
tration method demonstrated considerable advancements in per-
formance, it is important to note several limitations that shaped
the scope of our evaluation. Firstly, the segmentation results of
other state-of-the-art segmentation-only methods, such as nnU-
Net Isensee et al. (2021) or more advanced network structures,
and the registration outcomes of dedicated registration methods
like VoxelMorph Balakrishnan et al. (2019) or other advanced
techniques, were not directly included in our evaluation. The
purposeful exclusion of such comparisons stemmed from our pri-
mary focus on showcasing the collective improvement achieved
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by our method in contrast to dedicated segmentation networks.
While acknowledging the potential for enhanced results by uti-
lizing more advanced networks in individual segmentation or
registration components, this comparative analysis was not the
primary goal of our study.

Moreover, a crucial limitation stems from the constrained size
of the annotated dataset, which restricted the creation of an inde-
pendent test dataset for comprehensive validation. The limited
availability of annotated data constrained the extent to which we
could generalize the performance of our method across a larger
and more diverse dataset. However, it’s important to highlight
that efforts are underway to address this limitation by actively
acquiring more annotated data. This ongoing process aims to
improve the robustness and generalizability of our proposed
method by incorporating a more extensive and varied dataset for
future evaluations.

Future research endeavors could leverage larger annotated
datasets to conduct a broader comparison across various
segmentation-only and registration-only methods, enabling a
more comprehensive understanding of performance disparities
and further validating the efficacy of our joint approach. Addi-
tionally, a promising direction for future exploration involves
optimizing the network architecture based on the final strain
performance. Moreover, further investigations could delve into
the effective combination of various contours from the contour
dictionary to attain optimal performance. These future endeav-
ors hold potential to enhance the robustness and applicability of
our method within the domain.

6. Conclusion

In this paper, we introduce an end-to-end joint segmentation
and GW registration network that performs fully automated quan-
tification of cardiac function from cine-MRI. We demonstrate
that training segmentation and GW registration networks jointly
produces superior results compared to training these networks in-
dividually. Our proposed CMRINet network can independently
predict masks for all temporal frames and the DVF. This facili-
tates the propagation of all frames, enabling users to choose from
a dictionary of N masks and also perform strain quantification.
The network achieved an average contour distance of 1.7 mm,
1.0 mm, 1.1 mm, 1.1 mm, and 1.1 mm for LV, LVM, RV, LA,
and RA, respectively.

The fast and simultaneous prediction of cardiac contours as
well as strain by our proposed network allows for a full car-
diac assessment in one pass and subsequently streamline the
quantitative assessment of cardiac function in the clinic.
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J.C., Marwick, T.H., Thomas, J.D., 2012. Relative apical sparing of longi-
tudinal strain using two-dimensional speckle-tracking echocardiography is
both sensitive and specific for the diagnosis of cardiac amyloidosis. Heart 98,
1442–1448.

Pierpaolo, P., Rolf, S., Manuel, B.P., Davide, C., Dresselaers, T., Claus, P.,
Bogaert, J., 2020. Left ventricular global myocardial strain assessment: Are
cmr feature-tracking algorithms useful in the clinical setting? La radiologia
medica 125, 444–450.

Poudel, R.P., Lamata, P., Montana, G., 2016. Recurrent fully convolutional
neural networks for multi-slice mri cardiac segmentation, in: Reconstruction,
segmentation, and analysis of medical images. Springer, pp. 83–94.

Qiao, M., Wang, Y., Guo, Y., Huang, L., Xia, L., Tao, Q., 2020. Temporally
coherent cardiac motion tracking from cine mri: Traditional registration
method and modern cnn method. Medical Physics 47, 4189–4198.

Qin, C., Bai, W., Schlemper, J., Petersen, S.E., Piechnik, S.K., Neubauer, S.,
Rueckert, D., 2018. Joint learning of motion estimation and segmentation for
cardiac mr image sequences, in: International Conference on Medical Image
Computing and Computer-Assisted Intervention, Springer. pp. 472–480.

Radau, P., Lu, Y., Connelly, K., Paul, G., Dick, A., Wright, G., 2009. Evaluation

framework for algorithms segmenting short axis cardiac MRI. .
Risum, N., Ali, S., Olsen, N.T., Jons, C., Khouri, M.G., Lauridsen, T.K., Samad,

Z., Velazquez, E.J., Sogaard, P., Kisslo, J., 2012. Variability of global left
ventricular deformation analysis using vendor dependent and independent
two-dimensional speckle-tracking software in adults. Journal of the American
Society of Echocardiography 25, 1195–1203.

Ronneberger, O., Fischer, P., Brox, T., 2015. U-net: Convolutional networks
for biomedical image segmentation, in: International Conference on Medical
image computing and computer-assisted intervention, Springer. pp. 234–241.

Ruijsink, B., Puyol-Antón, E., Oksuz, I., Sinclair, M., Bai, W., Schnabel, J.A.,
Razavi, R., King, A.P., 2020. Fully automated, quality-controlled cardiac
analysis from cmr: validation and large-scale application to characterize
cardiac function. Cardiovascular Imaging 13, 684–695.

Saito, M., Okayama, H., Yoshii, T., Higashi, H., Morioka, H., Hiasa, G., Sumi-
moto, T., Inaba, S., Nishimura, K., Inoue, K., et al., 2012. Clinical signifi-
cance of global two-dimensional strain as a surrogate parameter of myocardial
fibrosis and cardiac events in patients with hypertrophic cardiomyopathy. Eu-
ropean Heart Journal–Cardiovascular Imaging 13, 617–623.

Schuster, A., Stahnke, V.C., Unterberg-Buchwald, C., Kowallick, J.T., Lamata,
P., Steinmetz, M., Kutty, S., Fasshauer, M., Staab, W., Sohns, J.M., et al.,
2015. Cardiovascular magnetic resonance feature-tracking assessment of
myocardial mechanics: Intervendor agreement and considerations regarding
reproducibility. Clinical radiology 70, 989–998.

Shahzad, R., Tao, Q., Dzyubachyk, O., Staring, M., Lelieveldt, B.P., van der
Geest, R.J., 2017. Fully-automatic left ventricular segmentation from long-
axis cardiac cine MR scans. Medical image analysis 39, 44–55.

Suinesiaputra, A., Mauger, C.A., Ambale-Venkatesh, B., Bluemke, D.A., Gade,
J.D., Gilbert, K., Janse, M.H., Hald, L.S., Werkhoven, C., Wu, C.O., et al.,
2021. Deep learning analysis of cardiac mri in legacy datasets: Multi-ethnic
study of atherosclerosis. Frontiers in cardiovascular medicine 8.

Taghanaki, S.A., Zheng, Y., Zhou, S.K., Georgescu, B., Sharma, P., Xu, D.,
Comaniciu, D., Hamarneh, G., 2019. Combo loss: Handling input and output
imbalance in multi-organ segmentation. Computerized Medical Imaging and
Graphics 75, 24–33.

Tao, Q., Yan, W., Wang, Y., Paiman, E.H., Shamonin, D.P., Garg, P., Plein, S.,
Huang, L., Xia, L., Sramko, M., et al., 2019. Deep learning–based method for
fully automatic quantification of left ventricle function from cine mr images:
a multivendor, multicenter study. Radiology 290, 81–88.

Virani, S.S., Alonso, A., Benjamin, E.J., Bittencourt, M.S., Callaway, C.W.,
Carson, A.P., Chamberlain, A.M., Chang, A.R., Cheng, S., Delling, F.N.,
et al., 2020. Heart disease and stroke statistics—2020 update: a report from
the american heart association. Circulation 141, e139–e596.

Wang, Y., Zhang, W., 2021. A dense rnn for sequential four-chamber view
left ventricle wall segmentation and cardiac state estimation. Frontiers in
Bioengineering and Biotechnology , 601.

Wang, Y., Zhang, Y., Xuan, W., Kao, E., Cao, P., Tian, B., Ordovas, K., Sa-
loner, D., Liu, J., 2019. Fully automatic segmentation of 4d mri for cardiac
functional measurements. Medical physics 46, 180–189.

Woo, J., Stone, M., Suo, Y., Murano, E.Z., Prince, J.L., 2014. Tissue-point
motion tracking in the tongue from cine mri and tagged mri. Journal of
Speech, Language, and Hearing Research 57, S626–S636.

Zhang, Y., Wu, X., Gach, H.M., Li, H., Yang, D., 2021. Groupregnet: a group-
wise one-shot deep learning-based 4d image registration method. Physics in
Medicine & Biology 66, 045030.

Zhang, Z., Liu, Q., Wang, Y., 2018. Road extraction by deep residual u-net.
IEEE Geoscience and Remote Sensing Letters 15, 749–753.



Mohamed S. Elmahdy et al. /Medical Image Analysis (2025) 15

Appendix A.

Table A.9. DSC values for the registration output of different methods. The Mean column represents the average across all frames, while ES represents the
average for the ES frames only. x±x represents mean±std. Values in red represent the best results. Daggers denote one-way ANOVA statistical significance
for the proposed network against other networks.

Network LV LVM RV LA RA
Mean ES Mean ES Mean ES Mean ES Mean ES

elastix 0.92 ± 0.03 0.87 ± 0.06 0.81 ± 0.05 0.76 ± 0.08 0.91 ± 0.03 0.87 ± 0.06 0.94 ± 0.03 0.93 ± 0.04 0.90 ± 0.06 0.87 ± 0.08
Group-RegNet 0.92 ± 0.02 0.87 ± 0.05 0.81 ± 0.05 0.75 ± 0.08 0.92 ± 0.03 0.88 ± 0.05 0.93 ± 0.03 0.92 ± 0.04 0.90 ± 0.07 0.87 ± 0.09
Dense 0.91 ± 0.03 0.85 ± 0.05 0.80 ± 0.05 0.73 ± 0.08 0.91 ± 0.03 0.87 ± 0.06 0.93 ± 0.03 0.91 ± 0.05 0.90 ± 0.08 0.85 ± 0.12
SEDD 0.92 ± 0.03 0.87 ± 0.05 0.81 ± 0.05 0.76 ± 0.08 0.92 ± 0.03 0.88 ± 0.06 0.93 ± 0.03 0.92 ± 0.04 0.90 ± 0.08 0.86 ± 0.12
Proposed 0.92 ± 0.02 0.86 ± 0.05 0.82 ± 0.04 0.76 ± 0.07 0.93 ± 0.02 0.91 ± 0.04 0.95 ± 0.03† 0.94 ± 0.03† 0.92 ± 0.05† 0.90 ± 0.07†

Table A.10. HD (mm) values for the registration output of different methods. The Mean column represents the average across all frames, while ES represents
the average for the ES frames only. x±x represents mean±std. Values in red represent the best results. Daggers denote one-way ANOVA statistical significance
for the proposed network against other networks.

Network LV LVM RV LA RA
Mean ES Mean ES Mean ES Mean ES Mean ES

elastix 5.1 ± 1.6 7.2 ± 2.7 5.1 ± 1.5 7.0 ± 2.5 6.3 ± 2.4 8.8 ± 3.9 4.1 ± 1.8 5.3 ± 2.9 6.4 ± 3.1 9.3 ± 5.5
Group-RegNet 5.4 ± 1.6 7.8 ± 2.8 5.3 ± 1.6 7.4 ± 2.6 6.2 ± 2.1 8.3 ± 3.9 4.5 ± 1.7 5.8 ± 2.7 6.3 ± 2.6 8.8 ± 4.8
Dense 5.7 ± 1.7 8.5 ± 3.0 5.4 ± 1.6 7.8 ± 2.9 6.7 ± 2.4 9.5 ± 4.2 4.7 ± 1.8 6.3 ± 3.1 6.9 ± 3.0 10.3 ± 5.7
SEDD 5.6 ± 1.6 8.0 ± 2.8 5.4 ± 1.6 7.6 ± 2.7 6.3 ± 2.3 8.6 ± 3.9 4.6 ± 1.7 6.0 ± 2.8 6.5 ± 2.9 9.3 ± 5.3
Proposed 5.7 ± 2.5 8.2 ± 3.8 5.0 ± 2.1† 6.1 ± 3.1† 5.8 ± 2.7† 7.6 ± 4.8† 4.1 ± 1.8† 5.1 ± 2.8† 5.3 ± 2.4† 7.8 ± 4.0†
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