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ABSTRACT
Purpose: To develop an image reconstruction method that enables increased spatial resolution cardiac T1 mapping in both the
end-diastolic and systolic phase, that shows high T1 agreement with the clinical standard. The resolution gain is achieved by
increasing the acceleration rate of MOLLI single-shot images to R= 4, while maintaining a sufficiently short acquisition window.
Methods: A modified end-to-end variational network (MappingVN) is proposed. The modifications include a re-ordered
sheared-grid sampling pattern, 2D+ contrast convolutions and the use of patchwise squeeze-and-excitation layers. The method
was evaluated in terms of image quality and T1 agreement with reference MOLLI T1 maps using retrospectively undersampled
patient data. Furthermore, the method was additionally evaluated in a prospective setting comparing high-resolution T1 maps
(1.14× 1.14 mm2) to reference T1 maps in standard resolution (1.41× 2.13 mm2). Finally, the applicability for systolic T1 mapping
was explored using increased acceleration to shorten the acquisition window.
Results: The MappingVN showed improved SSIM scores of 0.95 and 0.98 on 1.5T and 3 T compared to 0.93 and 0.96 for GRAPPA.
In high-resolution end-diastolic T1 maps stronger T1 agreement (MappingVN: −3± 69 ms on 1.5T, −11± 70 ms on 3T, GRPPA:
−9± 129 ms on 1.5T, 14± 106 ms) could be observed. For systolic T1 mapping the MappingVN reduced the occurrence of motion
artifacts.
Conclusion: The proposed method enables high spatial resolution cardiac T1 mapping in both end-diastolic and systolic phases.
Resulting maps show good T1 agreement with the clinical standard and may improve the visibility of small focal lesions while
reducing partial volume effects.

1 | Introduction

Cardiac T1 mapping is a quantitative magnetic resonance imag-
ing (MRI) technique that has seen increasing utilization in clin-
ical practice [1, 2]. Resulting T1 maps hold valuable information
about given tissue properties that can be used to diagnose con-
ditions like diffuse fibrosis and cardiomyopathies [1, 3]. Multiple
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cardiac T1 mapping sequences exist [4–6], including the modi-
fied look-locker inversion recovery sequence (MOLLI) [7] which
is widely used in clinical practice for its high reproducibility and
precision [8, 9]. It acquires single-shot images following varying
delays after inversion pulses and includes waiting times to allow
relaxation. Single-shot images are typically acquired in diastole
during which the motion of the heart is minimized. Particularly
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in patients with high heart rates or arrythmias [10, 11], this
quiescent phase can be very short and motion artifacts can occur.
On the other hand, higher spatial resolutions are of interest for
patients with thinner myocardial walls [8] or the improved visu-
alization and characterization of small lesions such as scars [12],
while systolic imaging may improve robustness of the acquisi-
tion in the presence of arrythmias [10, 11]. Increasing the spatial
resolution of cardiac T1 maps would therefore address impor-
tant unmet clinical needs. Super resolution algorithms [13–15]
on T1 maps have been proposed mainly enhancing resolution
in slice direction [16, 17]. Another possibility is to acquire the
data in higher resolution while simultaneously utilizing accel-
erated imaging techniques. Parallel imaging techniques such as
GRAPPA [18] or SENSE [19] are used in clinical T1 mapping pro-
tocols. Alternatively, random undersampling paired with a com-
pressed sensing (CS) reconstruction [20, 21] can also accelerate
inversion recovery acquisitions [22, 23], as shown for example
by Nishigake et al. [24], who applied CS with R= 3.2 to increase
the spatial resolution of cardiac T1 maps from 2 to 1.4 mm2. Car-
diac images exhibit a low-rank property that can be exploited in
low-rank-based methods [25], as for example shown by Gao et al.
[26], who achieved a mapping resolution of 1.25 mm2 by recon-
structing R= 16 accelerated radial MOLLI acquisitions.

In recent years, several deep-learning-based image reconstruc-
tion methods were developed for various imaging tasks [27, 28],
including T1 mapping [27, 29, 30]. Many of these approaches
reconstruct quantitative maps directly from undersampled
k-space data [31–33], allowing the physical relaxation process to
be incorporated in the reconstruction. Additionally, they lever-
age recurrence [31] or low-rank-based approaches [34] to exploit
the redundant information across the contrasts. One example is
the MyoMapNet [35] which focuses on accelerating cardiac T1
mapping while keeping the same resolution. Despite showing
good agreement with conventional reconstruction pipelines for
quantitative imaging, some of these methods lack explainability
of intermediate steps.

Next to developing full mapping pipelines, recent works have
also focused on reconstructing the inversion recovery images
from accelerated MOLLI acquisitions, with research interest for
this topic being influenced by the MICCAI CMRxRecon Chal-
lenge [36]. Respective algorithms range from artifact removal
in image space using convolutional neural networks [37] to
utilizing unrolled networks like MoDL [38] or the end-to-end
Variational Network (E2E VarNet) [39]. Further trends in the
domain of cardiac T1 mapping reconstruction include unrolled
networks that are modified toward MOLLI acquisitions by using
different network layer configurations to exploit redundancies
across the contrast dimension. Recent literature utilizes atten-
tion mechanisms in the form of channel attention [40, 41] or
transformer layers [42–44]. Also, low rank-based approaches
[45] and relaxometry-based constraints [46] are applied. While
these methods demonstrate strong performance in reconstruct-
ing inversion recovery images retrospectively, they often lack
evaluation of T1 accuracy and validation with prospectively
acquired high-resolution MOLLI data.

The influence of the sampling pattern on deep learning-based
image reconstruction was previously investigated [47]. These
studies include k– t reconstruction techniques that utilize

sheared-grid sampling patterns in combination with data sharing
layers [48–50]. While these works highlight the beneficial
interaction between sheared-grid patterns and specific network
components, they only investigated the reconstruction of Cine
[49, 50] and DCE [48] data with minimal contrast changes.
Also, joint optimization of the reconstruction and sampling strat-
egy was explored [51]. Nevertheless, these aspects have not
yet been studied in the context of deep learning-based image
reconstruction for cardiac T1 mapping.

In this work, we propose a deep learning-based approach
for reconstructing inversion recovery images from acceler-
ated (R= 4) MOLLI acquisitions with high spatial resolu-
tion, labeled MappingVN. The MappingVN is based on an
unrolled E2E VarNet that was adapted for the reconstruction of
MOLLI acquisitions. Compared to previous works, we choose
a combination of convolution and channel attention layers by
extending the classical Squeeze-and-Excitation [52] to patch-
wise Squeeze-and-Excitation (pSE) layers to produce spatially
adapted attention weightings. Lastly, we also propose an opti-
mized sheared-grid sampling pattern which is designed to min-
imize contrast deviations between neighboring inversion recov-
ery images and study its impact on reconstruction quality. We
investigate the acquisition of cardiac T1 maps in diastasis with
up to 1.14× 1.14 mm2 resolution with similar scan time and
acquisition window duration as conventional acquisitions. Addi-
tionally, the acceleration enables MOLLI acquisitions within a
shortened acquisition window during the systole, which we also
explored. We evaluated our method using both retrospectively
undersampled (1865 patient scans) and prospectively acquired
(27 volunteer scans) high-resolution MOLLI data at 1.5 and 3 T.
Reconstruction performance was assessed using common quanti-
tative metrics, while T1 agreement with the clinical standard was
analyzed through bullseye plots and Bland–Altman analysis.

2 | Theory

2.1 | Background of Unrolled Neural Networks

Multicoil MRI data is acquired as a raw complex-valued signal
organized in k-space 𝑘 ∈ 𝐶𝑛inv×𝑐×ℎ×𝑤, with 𝑛inv being the num-
ber of acquired inversion recovery images, 𝑐 being the number
of coils and h and w being the image matrix sizes, respectively.
The k-space and the corresponding complex-valued image 𝑥 ∈
𝐶
𝑛inv×𝑐×ℎ×𝑤 are coupled via the forwarding encoding operator:

𝑘
𝑖,𝑗
= 𝐸

𝑖
𝑥
𝑖,𝑗
+ 𝜖 =

𝑖
𝑆

𝑗
𝑥
𝑖,𝑗
+ ϵ, (1)

with  being the undersampling mask,  being the Fourier
Transform, 𝑆 the coil sensitivity maps, ϵ noise, 𝑖 the inversion
recovery index, 𝑗 the coil index in the range of [0, 𝑐 − 1], and 𝑥
being the coil images. Let 𝐸 =𝑆 be the forward encoding
operator and its Hermitian 𝐸𝐻 the adjoint operator. We formu-
late the following regularized inverse problem to obtain 𝑥 from
an undersampled k-space:

𝑥 = argmin
𝑥

||Ex − 𝑘||22 +(𝑥), (2)

where  is a regularization term. We opt to solve this problem
using a neural network resembling gradient descent iterations.
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Following the formulation introduced in Sriram et al. [39] we
define the following update rule in k-space applied within each
cascade 𝑛:

𝑘
[𝑛+1] = 𝑘[𝑛] − λ

𝑛

(
𝑘
[𝑛] − 𝑘[0]

)
− 𝐸[𝑛]

(
𝐸
𝐻
𝑘
[𝑛])

, (3)

where 𝜆
𝑛

is the 𝑛-th entry of a vector of learnable weights and
𝐺 is a neural network backbone for regularization in the image
space. Equation (3) updates the k-space using a weighted data
consistency (DC) term as well as a learned regularization term.
After the final cascade𝑁 − 1 the reconstructed image is obtained
by applying the adjoint operator: 𝑥[𝑁] = 𝐸𝐻

𝑘
[𝑁].

3 | Methods

3.1 | MappingVN and Acquisition Strategy

We propose a modified E2E VarNet [39], termed MappingVN [53]
in the following, specifically designed to reconstruct an entire
accelerated MOLLI image set. The network solves the problem
formulated in Equation (2). Our modifications include an addi-
tional set of convolution operations across the contrast dimension
as well as pSE layers. We further make use of a sheared-grid sam-
pling pattern during the acquisition. The following subsections
provide a detailed overview of all modifications.

3.1.1 | Sheared-Grid Sampling Pattern

MOLLI inversion recovery images are typically acquired using
an equispaced sampling pattern with R= 2. To further reduce

acquisition time for individual shots, the auto calibration signal
(ACS), composed of 36 k-space lines and used for coil sensitiv-
ity and GRAPPA-kernel estimation, is acquired only once at the
end of the scan. Rather than solely increasing the acceleration
rate to our target acceleration rate, we adapt the sampling strat-
egy for our method. We replace the standard equispaced sampling
pattern by a sheared-grid pattern [54], that is shifted by a factor
of 𝑖inv mod𝑅 in phase encoding direction, where 𝑖inv refers to the
image index in the image set. Previous work has shown, that this
sampling strategy results in overlapping aliasing ghosts, whose
structured nature facilitate more effective suppression during
reconstruction [54, 55]. To perform the T1 map fitting step said
images must be re-ordered by TI, relative to the last preceding
inversion pulse. After this re-ordering, the inversion recovery
samples roughly resemble the underlying exponential T1 decay,
resulting in neighboring contrasts that deviate less severely from
each other, compared to the unordered case. We therefore pro-
pose to use a sampling pattern that resembles a sheared-grid pat-
tern after the above-mentioned re-ordering was performed (see
Figure 1a), leading to a network input with regularly overlap-
ping aliasing ghosts and minimized contrast deviations across the
inversion recovery images.

3.1.2 | 2D±Contrast Regularization

Following the E2E VarNet work, we employ U-Nets for regular-
ization in image space. The convolution blocks were modified to
include 2-D convolutions along the spatial dimensions and 1D
convolutions along the contrast dimension (i.e., across inversion
recovery images) to allow the network to make use of redundant

FIGURE 1 | (a) Overview over the inline integration of the method. Using the FIRE prototype, our approach is integrated into an existing reconstruc-
tion pipeline for T1 mapping, implemented in a vendor reconstruction environment (ICE). (b) Visualization of the proposed MappingVN architecture.
Colored modules symbolize modifications when compared to the standard VarNet. (c) Illustration of the pSE layer formulation. Following the calculation
described in Section 3.1.3, full scale attention maps are computed from input feature maps within each 2D+ contrast convolution block.
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anatomical information across different contrasts when perform-
ing regularization. Each convolution is followed by an Instan-
ceNorm [56] and a LeakyReLU [57] activation function, forming
the proposed convolution block. Two such convolution blocks
are applied sequentially per U-Net stage. In the encoder path of
the U-Net, average pooling is used to downsample input features
while nearest-neighbor interpolation is used for upsampling dur-
ing the decoder path. The contrast dimension remains unaffected
by any up- and downsampling operations. Architectural details
are depicted in Figures 1b and S1.

3.1.3 | pSE Layers

In addition to 2D+ contrast convolutions, we propose incorpo-
rating channel attention layers along the contrast dimension
[58, 59], as illustrated in Figure 1. Let 𝑓 ∈ 𝑅𝑏×ch×𝑛inv×ℎ′×𝑤′ be the
feature map output of a convolution block at an arbitrary U-Net
stage, with 𝑏 and ch being the batch size and channel size, respec-
tively. First, 𝑓 is padded to ensure divisibility by the chosen patch
size 𝑝. The feature map is then divided into patches of size 𝑏 ×
ch × 𝑛inv × 𝑝 × 𝑝 and Squeeze-and-Excitation computation [52] is
applied:

𝑎
𝑟
= 𝜎

(
𝑊2𝛿

(
𝑊1GAP

(
𝑓r
)))

,

where 𝜎 represents the sigmoid function, 𝛿 represents the
ReLU function [60], GAP denotes global average pooling, 𝑊1
and 𝑊2 are learnable weights of size 𝑛inv × 𝑛inv applied using
matrix–vector multiplication, 𝑟 is the patch index and 𝑎

𝑟

is the final attention vector of size 𝑏 × ch × 𝑛inv × 1 × 1 com-
puted for patch 𝑟. The attention vectors are stacked to a
low-resolution attention map of size 𝑏 × ch × 𝑛inv × ℎ∕𝑝 ×𝑤∕𝑝
and finally upscaled using nearest-neighbor interpolation to pro-
duce a full-sized attention map. This map is multiplied with
corresponding feature maps to activate the most significant reg-
ularization contributions. By using pSE layers the network gains
the ability to re-weight and focus regularization updates, which
can be of help to extract the most meaningful contrast variations.

3.1.4 | Inline MR Scanner Integration

The proposed method was integrated inline into an existing
pipeline for cardiac T1 Mapping using the framework for image
reconstruction environments (FIRE) prototype [61]. The Map-
pingVN replaces GRAPPA for image reconstruction, while the
steps for motion correction [62] and parametric fitting [63]
remain unchanged, utilizing standard vendor algorithms. This
modified pipeline was used in all experiments, allowing direct
comparisons of resulting T1 maps with those from the unmod-
ified vendor pipeline. The proposed sheared-grid sampling pat-
tern was implemented as a prototype modification of the vendor
MOLLI sequence for prospective studies.

3.1.5 | Choice of Target Acceleration Rate

To achieve a spatial resolution of 1.14× 1.14 mm2 on 3T and
1.25× 1.25 mm2 on 1.5T within a sufficiently short acquisition
window, an acceleration factor of𝑅 = 4 was found to be appropri-
ate. Therefore, said acceleration rate was used for all experiments

performed. Nevertheless, we did perform additional experiments
with higher acceleration rates to also investigate the robustness
of our method.

3.1.6 | Network Training and Implementation

Figure 1 shows the MappingVN architecture, comprising 15 cas-
cades of shallow 2D+ contrast U-Nets. Initial experiments found
this configuration optimal for our application and it is in line with
literature [64]. pSE layers are applied after every second consec-
utive convolution block within each U-Net stage, using a patch
size of 𝑝 = 8. Following Vornehm et al. [64], phase cycling is
used within each cascade as data augmentation to ensure correct
phase output by preventing shortcut learning. A random factor
𝑞 ∈ [0, 2𝜋] is sampled to rotate the input and output phases of
the regularization network by 𝑞 and −𝑞, respectively. The inputs
to the MappingVN consist of 𝑛inv = 8 inversion recovery images
from a retrospectively undersampled MOLLI acquisition, corre-
sponding undersampling masks and coil sensitivity maps, com-
puted using ESPiRIT [65]. Images were sorted by increasing TI
prior to MappingVN processing. Supervised training was per-
formed on retrospectively undersampled data to the reference
data using a structural similarity index measure (SSIM) loss func-
tion. Training was conducted on 2 Nvidia RTX A100 GPUs using
an Adam optimizer [66] with a learning rate of 0.005, multiplied
by a factor of 𝛾 = 0.1 every 40 epochs, and a batch size of 1.

3.2 | Data

3.2.1 | Retrospective Data

A dataset consisting of 1750 MOLLI 5(3)3 scans in 1750 con-
secutive patients (626 female) referred to a cardiovascular mag-
netic resonance (CMR) exam was used for training, valida-
tion and retrospective testing (Retrospective-3T). All scans were
acquired on clinical 3T systems (MAGNETOM Skyra, Vida,
Lumina, Cima.X, Siemens Healthineers, Forchheim, Germany)
in mid-ventricular short axis orientation using a vendor MOLLI
T1 mapping sequence. Scans were performed during a breath
hold using ECG-triggering. The scan duration and acquisition
window varied depending on the subject’s heart rate.

A second test set (Retrospective-1.5T) included 115 MOLLI 5(3)3
scans in 115 consecutive patients (46 female) referred to a CMR
exam acquired on clinical 1.5T systems (MAGNETOM Sola, Aera,
Siemens Healthineers, Forchheim, Germany).

Both datasets used the same breathing instructions, ECG syn-
chronization, and sequence protocols, with written informed
consent obtained from all patients. Unlike the Retrospective-3T
dataset, the Retrospective-1.5T dataset featured smaller FOVs,
higher spatial resolution, and longer acquisition windows.
Table 1 summarizes the main scan parameters.

Both datasets were acquired using R= 2. Corresponding
GRAPPA-interpolated k-space data were regarded as fully-
sampled reference and retrospectively undersampled using the
proposed sheared-grid sampling pattern. The Retrospective-3T
dataset was split into 1600 scans for training, 50 for validation,
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TABLE 1 | Overview of the most important scan parameters used to
acquire the Retrospective-1.5T and Retrospective-3T datasets. All data
were originally acquired using an acceleration rate of R= 2.

Parameter Retrospective-1.5T Retrospective-3T

TR (ms) 3.02± 0.012 2.53± 0.033
TE (ms) 1.26± 0.005 1.05± 0.021
Acquisition window (ms) 330± 16.6 160± 16.7
Flip angle (˚) 35± 0 35± 0
Slice thickness (mm) 8± 0 8± 0
FOV (mm2) 282± 0× 275± 13 356± 21× 202± 20
Matrix size 256± 0× 250± 12 252± 15× 144± 14
Partial Fourier factor 7/8 7/8

Resolution (mm2)
Acquired 1.10× 1.66 1.41× 2.13
Reconstructed 1.10× 1.10 1.41× 1.41

Abbreviations: FOV, field of view; TE, echo time; TR, repetition time.

and 100 for testing, while the Retrospective-1.5T dataset was
exclusively used for testing.

3.2.2 | Prospective Data (diastolic)

All volunteers gave written informed consent prior to data
acquisition. For prospective testing, 17 MOLLI 5(3)3 scans
(Prospective-3T and Prospective-1.5T) were acquired in volun-
teers without known cardiovascular disease on 1.5T (n= 7, 3
female) and 3T (n= 10, 2 female) clinical systems (MAGNE-
TOM Sola, Vida, Lumina, Cima.X, Siemens Healthineers, Forch-
heim, Germany). Each subject underwent two scans: one using
the unmodified vendor MOLLI sequence and another using the
proposed research sequence prototype with a sheared-grid sam-
pling pattern, R= 4 and a resolution of 1.14× 1.14 mm2 on 3T and
1.25× 1.25 mm2 on 1.5T. Acquired data was reconstructed using
GRAPPA-2 (for scan 1), GRAPPA-4 (for scan 2) and the Map-
pingVN (for scan 2). An overview of relevant scan parameters can
be found in Table 2a.

Next to volunteers, two patients with diagnosed cardiovascular
disease (patient 1: hypertrophic cardiomyopathy; patient 2: car-
diac amyloidosis) were scanned for cardiac examination, includ-
ing standard resolution and high-resolution T1 mapping (for pro-
tocol settings, see Table 2a).

3.2.3 | Prospective Data (systolic)

Additionally, 10 MOLLI 5(3)3 volunteer scans were acquired dur-
ing the systole on 3T (n= 9, 1 female) and 1.5T (n= 1, 0 female)
systems. Each volunteer underwent three measurements: scan 1
with the unmodified vendor mapping protocol (mean acquisition
window: 174 ms), scan 2 with the same protocol but R= 4 (mean
acquisition window: 86 ms) and scan 3 using a sheared-grid sam-
pling pattern and R= 4 (mean acquisition window: 86 ms). All
scans were acquired at a resolution of 1.41× 2.13 mm2. Similar
to the other prospective datasets, the acquired scans were recon-
structed using GRAPPA-2 (scan 1), GRAPPA-4 (scan 2), and the

MappingVN (scan 3). Before each scan set, a cine acquisition
in the same orientation as the T1 maps determined the systolic
phase relative to the ECG signal. An overview of relevant scan
parameters is shown in Table 2b.

3.3 | Evaluation

Our proposed method was evaluated for both reconstruction per-
formance and T1 accuracy. An ablation study was conducted to
assess the impact of each modification relative to the original E2E
VarNet. Variants included: an unmodified VarNet, a VarNet with
2D+ contrast convolutions, a VarNet with 2D+ contrast convo-
lutions and the sheared-grid sampling pattern (MappingVN w/o
pSE), and the MappingVN (all modifications). All networks were
trained using the same data and training settings as described in
Section 3.1.3. All reconstructions were compared to GRAPPA-4.

3.3.1 | Reconstruction Performance

Reconstruction methods were evaluated using the retro-
spectively undersampled test datasets (Retrospective-3T and
Retrospective-1.5T). Metrics included SSIM, peak signal-to-noise
ratio (PSNR), and normalized mean squared error (NMSE),
comparing reconstructed single-shot images to GRAPPA-2 ref-
erences. Additionally, statistical significance was assessed using
paired Student’s t-tests (𝛼 = 0.05 with Bonferroni correction
[67]) to compare all methods.

3.3.2 | T1 Mapping in diastasis (Retrospective Data)

For selected methods, myocardial T1 values were additionally
investigated. To calculate T1 maps from reconstructed inver-
sion recovery images, vendor-implemented motion correction
and parametric fitting steps were applied. Myocardium segmen-
tation was performed using a nn-U-Net that was trained in-house
with clinical data, annotated by medical experts [68]. Segmen-
tation was only performed on reference data to avoid potential
errors caused by low SNR input. Using these segmentations, the
mean T1 error in the myocardium between predicted and refer-
ence T1 maps was visualized using Bland–Altman plots. Corre-
sponding data was also analyzed using Peason correlation and
regression analysis. Additionally, the six mid-ventricular AHA
segments [69] were identified, and corresponding mean T1 values
were reported as bullseye plots. As a measure of T1 map quality,
the mean standard deviation (SD) values across the myocardium
were reported for all methods.

3.3.3 | T1 Mapping in diastasis (Prospective Data)

A similar analysis was conducted for the MappingVN and
GRAPPA-4 using accelerated, high-resolution MOLLI scans
prospectively acquired in volunteers. Standard resolution T1
maps served as a reference (Table 2). Again, a nn-U-Net [68] was
used to segment the myocardium in all prospectively acquired
T1 maps. Segmentation was only performed on reference and
MappingVN reconstructions, since elevated noise levels were
expected when using GRAPPA-4. As these datasets contain
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TABLE 2 | Overview of the most important scan parameters used to acquire all prospective datasets both in diastole (a) and systole (b). Note:
(a) Scan parameters used for the Prospective-1.5T and Prospective-3T datasets. Standard resolution data was acquired using an acceleration factor of
R= 2 and an equispaced undersampling pattern while the high-resolution data was acquired using an acceleration factor of R= 4 and the sheared grid
pattern introduced in Section 3.1.1. (b) Scan parameters used for all systolic T1 maps. Per volunteer, three scans with different protocol settings and
reconstruction methods were performed.

(a) Acquired during diastole (b) Acquired during systole

Parameter

Prospective-1.5T
(high

resolution)

Prospective-3T
(high

resolution)

Prospective-1.5T
(standard

resolution)

Prospective-3T
(standard

resolution) Scan 1 Scan 2 Scan 3

TR (ms) 2.86± 0.0 3.00± 0.067 2.66± 0.015 2.70± 0.036 2.56± 0.104 2.55± 0.099 2.55± 0.099

TE (ms) 1.19± 0 1.28± 0.030 1.10± 0.007 1.13± 0.017 1.07± 0.045 1.07± 0.042 1.07± 0.042

Acquisition window (ms) 157± 14.6 186± 28.1 161± 15.1 174± 28.8 173± 21.1 86± 9.9 86± 9.6

Flip angle (˚) 35± 0 35± 0 35± 0 35± 0 35± 0 35± 0 35± 0

Slice thickness (mm) 8± 0 8± 0 8± 0 8± 0 8± 0 8± 0 8± 0

FOV (mm2) 360± 0× 313± 29 364± 0× 322± 46 360± 8× 206± 19 360± 0× 208± 34 360± 0× 216± 24 360± 0× 217± 22 360± 0× 217± 22

Matrix size 288± 0× 251± 23 320± 0× 283± 41 242± 5× 138± 13 256± 0× 147± 24 256± 0× 153± 17 256± 0× 154± 16 256± 0× 154± 16

Resolution (mm2)

Acquired 1.25× 1.25 1.14× 1.14 1.49× 2.27 1.41× 2.13 1.41× 2.13 1.41× 2.13 1.41× 2.13

Reconstructed 1.25× 1.25 1.14× 1.14 1.49× 1.49 1.41× 1.41 1.41× 1.41 1.41× 1.41 1.41× 1.41

Acceleration 4 4 2 2 2 4 4

Partial Fourier factor 7/8 7/8 7/8 7/8 7/8 7/8 7/8

Reconstruction method GRAPPA GRAPPA MappingVN

Sampling pattern Sheared-grid Sheared-grid Equispaced Equispaced Equispaced Equispaced Sheared-grid

multiple consecutive scans of the same volunteer, a manual align-
ment of the myocardium for each pair of scans was conducted.
If this alignment was not possible due to motion or acquisition
artifacts, the sample was rejected (n= 2 in total). Following this
procedure, the mean T1 values in six mid-ventricular AHA seg-
ments were retrieved and reported using Bland–Altman plots.
Again, correlation and regression analysis were performed and
SD values across the myocardium were computed.

3.3.4 | T1 Mapping in systole (Prospective Data)

Finally, to demonstrate the benefits of a shortened acquisition
window, T1 maps acquired during the systole were qualitatively
evaluated by two expert readers with 25 and 7 years of experience.
A Likert scale was used to rate “Image sharpness” (1: blurry,
2: slightly blurry, 3: sharp), “Motion artifact level” (1: artifacts,
2: minor artifacts, 3: artifact-free), and “Noise level” (1: noisy, 2:
slightly noisy, 3: noise-free). Scores were analyzed for statistical
significance using the Mann–Whitney U test.

4 | Results

4.1 | Reconstruction Performance

Table 3 indicates that at both tested field strengths and for our
target acceleration rate R= 4, the MappingVN with and with-
out pSE layers achieve the highest SSIM, PSNR, and the lowest
NMSE scores. The lowest scores are reported for the unmodified
VarNet. For SSIM values, only the difference between the Map-
pingVN with and without pSE layers on 1.5 T data was insignif-
icant (p= 1). For PSNR, all differences but the ones between
GRAPPA-4 and both MappingVN variants on 1.5 T data are sig-
nificant (p< 3× 10−5). Notably, these three methods were also

the only ones that did not show significant differences in NMSE
scores. Example reconstructions of inversion recovery images
can be seen in Figure 2. Both MappingVN variants show only
minimal deviations from the reference images. The GRAPPA-4
reconstructions show increased noise while noticeable artifacts
are visible for the unmodified VarNet and the VarNet with
2D+ contrast convolutions. Table S1 shows a decrease in recon-
struction performance for increased acceleration rates, which
is also observable in the example reconstructions provided in
Figure S2. The measured reconstruction time per Image set was
0.26± 0.13 s for the unmodified VarNet, 0.36± 0.19 s for the Var-
Net with 2-D+ contrast convolutions and the MappingVN with-
out pSE layers, and 0.39± 0.21 s for the MappingVN. On aver-
age, motion correction took 9 s and parametric fitting took 3 s per
Image set.

4.2 | T1 Evaluation (Retrospective Data)

The T1 accuracy of the MappingVN (with and without pSE)
and GRAPPA-4 was evaluated, with results presented in
Bland–Altman plots and bullseye plots (Figures 3 and 4). Both
MappingVN variants demonstrated low mean T1 differences
(1.5T: pSE: 12.2 ms, without pSE: 15.3 ms; 3T: pSE: 1.9 ms, with-
out pSE: 9.5 ms). However, MappingVN with pSE layers exhibited
narrower limits of agreement (LoA) compared to MappingVN
without pSE layers, particularly for 1.5T (LoA pSE: −37.1 to
61.6 ms; LoA without pSE:−40.6 to 71.1 ms) but also 3T data (LoA
pSE:−43.0 to 46.7 ms; LoA without pSE:−38.3 to 57.3 ms). While
GRAPPA-4 showed low mean T1 differences, corresponding LoA
were noticeably broader compared to the deep-learning-based
methods. An analysis of mean T1 deviations across AHA seg-
ments revealed no notable segment-specific differences for any of
the methods investigated. Furthermore, correlation coefficients
were above 0.8 for all methods, while all reported slopes were
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TABLE 3 | Mean quantitative reconstruction metrics and corresponding standard deviations over the test cohorts achieved by GRAPPA-4, the
unmodified VarNet, the VarNet with 2D+ contrast convolutions and the MappingVN with and without pSE layers, respectively. The SSIM, PSNR,
and NMSE were computed using test data from the Retrospective-1.5T and Retrospective-3T datasets.

GRAPPA-4
Unmodified

VarNet
VarNet (2D+ contrast

convolutions)
MappingVN

(w/o pSE) MappingVN

SSIM±3T 0.962± 0.015 0.920± 0.043 0.933± 0.034 0.982± 0.010 0.984± 0.008
SSIM±1.5T 0.935± 0.022 0.920± 0.028 0.882± 0.038 0.952± 0.017 0.952± 0.017
PSNR±3T 41.68± 2.43 34.48± 2.84 35.05± 2.519 42.44± 2.48 43.27± 2.40
PSNR±1.5T 40.09± 3.39 34.83± 2.67 34.25± 3.104 40.91± 2.66 40.88± 2.45
NMSE±3T 0.003± 0.001 0.018± 0.013 0.015± 0.009 0.003± 0.004 0.003± 0.002
NMSE±1.5T 0.006± 0.004 0.021± 0.011 0.024± 0.013 0.006± 0.002 0.006± 0.002

found to be between 0.98 and 1.1, see Figure S3. T1 map SD
values across the myocardium were below 120 ms on 1.5T and
below 75 ms on 3T for the MappingVN variants and the reference
and above 140 ms on 1.5T and 105 ms on 3T for GRAPPA-4, see
Table S2a.

4.3 | T1 Evaluation (Prospective Data)

Figures 5 and S4 show the T1 agreement across the six mid-
ventricular AHA segments for T1 maps reconstructed using the
MappingVN as well as GRAPPA-4 and reference T1 maps. For
both investigated field strengths, the mean T1 differences across
AHA segments are below 14 ms for both methods. For the Map-
pingVN, LoA range from −81.3 to 59.3 ms for 3T and −72.0 to
65.7 ms for 1.5T, while 78% of all analyzed segments show devi-
ations below 50 ms. In contrast, GRAPPA-4 exhibited noticeably
broader LoA, ranging from −92.2 to 119.9 ms for 3T and −138.9
to 121.0 ms for 1.5T. Example T1 maps reconstructed using the
MappingVN, GRAPPA-4, and GRAPPA-2 are shown in Figure 6.
Pearson coefficients reported for the MappingVN were above 0.6
while GRAPPA-4 showed values of 0.74 for 3T and−0.24 for 1.5T,
see Figure S5. The T1 map SD values were 59.55 ms on 1.5T and
54.77 ms on 3T for the reference, 146.13 ms on 1.5T and 162.46 ms
on 3T for GRAPPA-4 and 72.83 ms on 1.5T and 83.83 ms on 3T for
the MappingVN, see Table S2b.

4.4 | T1 Evaluation in systole (Prospective Data)

To assess the impact of a prolonged acquisition window, we eval-
uated our method for T1 mapping during systole. The results for
the reader study, scoring reconstructed inversion recovery images
and respective T1 maps in multiple categories, can be found in
Figure 7a. T1 maps and image sets reconstructed using our pro-
posed method achieved the best scores in all categories. Image
sharpness for GRAPPA-2 and GRAPPA-4 was rated similarly;
however, GRAPPA-2 reconstructions exhibited more motion arti-
facts, and GRAPPA-4 reconstructions were the noisiest. Fur-
thermore, the difference in observed motion artifacts between
GRAPPA-2 and the MappingVN and the difference in noise level
between GRAPPA-4 and the MappingVN were found to be statis-
tically significant (p-values: 0.035 and 0.004). Figure 7b shows a
comparison of systolic T1 maps reconstructed using GRAPPA-2,
GRAPPA-4 and the MappingVN.

5 | Discussion

In this work, we propose a deep-learning-based image recon-
struction method that is capable of reconstructing accelerated
inversion recovery images to achieve high-resolution cardiac T1
mapping on both 1.5 and 3T systems. We proposed a sheared-grid
sampling pattern to optimize the aliasing artifact distribution
in the single-shot images. The entire reconstruction was imple-
mented inline on the MR scanner. Experiments were performed
for scans in diastasis (up to 1.14× 1.14 mm2 in 186.08 ms acquisi-
tion window) and systole (1.41× 2.13 mm2 within 86.12 ms acqui-
sition window).

Our studies with retrospective data show that using an unmod-
ified VarNet results in unsatisfactory reconstructions of MOLLI
acquisitions. Adding 2D+ contrast convolutions slightly
improves performance, but residual artifacts remain visible
(Figure 2). Utilizing the proposed sheared-grid pattern signifi-
cantly improves the image quality of reconstructed single-shots,
which is reflected in the reported metric scores (Table 3) and
example reconstructions (Figure 2). While differences in SSIM
scores for 3T data were statistically significant, the performance
improvement of MappingVN compared to MappingVN without
pSE layers was minor. The combination of the sheared-grid
sampling pattern and 2D+ contrast convolutions substantially
improved reconstruction performance and was essential to
surpass GRAPPA-4 as the comparison method.

The observations mentioned above are consistent for both 3T
and previously unseen 1.5T data, highlighting the generalization
capabilities of the MappingVN. However, metric scores for 1.5T
data are slightly lower, likely due to increased noise levels and
the absence of 1.5T training data. Additionally, it is worth noting
that the Retrospective-1.5T data was acquired with higher spatial
resolution and a smaller FOV compared to the Retrospective-3T
data, resulting in generally noisier reference reconstructions due
to reduced SNR. We attribute the lower metric scores for the 1.5T
data to protocol differences arising because these datasets were
acquired at different sites.

Performance improvements with the MappingVN were also evi-
dent in the evaluation of T1 accuracy using the retrospective
datasets. All evaluated methods demonstrated overall good T1
agreement with the reference method (Figures 3 and 4). Fur-
thermore, all methods showed good correlation with reference
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FIGURE 2 | Example inversion recovery images reconstructed using the comparative methods (GRAPPA-4, VarNet) and the ablations of the pro-
posed MappingVN. Corresponding difference images compared to the ground truth are displayed below each image. Data from the Retrospective-3T and
Retrospective-1.5T test sets were used. For each patient, the first and fourth image of the re-ordered MOLLI images are shown. Percentile normalization
was applied to improve the visibility, especially in the low signal images.
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FIGURE 3 | Results for the retrospective evaluation in diastole of T1 agreement using GRAPPA-4 and the MappingVN with (proposed) and without
(ablation) pSE layers for reconstruction. Data from the Retrospective-1.5T dataset was used. In the Bland–Altman plots shown in the upper half of the
figure, the red line symbolizes the mean T1 difference while corresponding limits of agreement are shown in dotted blue lines. Reference T1 values
were subtracted from T1 values produced by the proposed method (proposed—reference). The bullseye plots shown in the first row of the lower half
of the figure report mean T1 values in the six mid-ventricular AHA segments for the ground truth and all evaluated methods. The second row shows
bullseye plots with the T1 difference compared to the ground truth, color-coded according to the legend shown on the left.

T1 values and regression analysis found no proportional bias,
see Figure S3. Nevertheless, both MappingVN variants slightly
outperformed GRAPPA-4, achieving narrower LoA and lower
mean T1 deviations. The elevated T1 map SD values (Table S2)
also indicate noisy T1 maps for GRAPPA-4. When comparing the
tested MappingVN variants to each other, a slight performance
increase can be observed when using pSE layers. Especially for
1.5T data, the SD of mean T1 differences (Figures 3 and 4) is
noticeably reduced for the network utilizing the attention mech-
anism. Although the impact of the pSE layers is not as significant
as the combination of the other two modifications, the performed
quantitative evaluation shows improved robustness and slightly
better T1 agreement with reference data when utilizing this fea-
ture. Performance improvements when using the pSE layers were
clearer in the aspect of T1 accuracy compared to metrics com-
puted purely on inversion recovery images. Similar observations
about classical reconstruction metrics not fully reflecting the per-
formance of the downstream task were also reported in recent
literature [36].

In this work, our goal was to establish the applicability of our
method for high-resolution cardiac T1 mapping and to assess
its performance in a prospective setting. The Bland–Altman
plots in Figure 5 visualize the feasibility of the MappingVN in
terms of T1 accuracy when compared to conventional MOLLI

acquisitions. The low mean T1 difference and narrow LoA for
both 1.5 and 3T data imply good T1 agreement with the refer-
ence. Approximately 80% of analyzed AHA segments in the deep
learning-reconstructed data showed deviations under 50 ms, with
no significant outliers exceeding 100 ms. Corresponding Pearson
correlation was found to be strong, but the regression analysis
showed a slight proportional bias, see Figure S5. The data recon-
structed with our method was acquired in a different resolution
and in separate scans. Hence, a certain degree of deviation can be
expected, an aspect that has also been reported in previous stud-
ies [8, 9, 70]. Additionally, a slight systematic underestimation of
T1 can be observed for the high-resolution T1 maps. While the
deviation may be caused by the MappingVN itself, it could also
result from reduced partial volume effects in the myocardium
due to increased resolution. A similar reduction occurs when
acquiring T1 maps in systole. Corresponding literature reports
similar observations with regards to underestimation of T1 with
reduced partial volume [10, 11, 71]. Compared to GRAPPA-4,
the proposed MappingVN clearly outperforms the conventional
method in terms of T1 precision. We assume the decreased SNR
in the GRAPPA-4 reconstructions, underlined by the drastically
increased T1 map SD values reported in Table S2, to cause said
T1 imprecisions. A qualitative comparison of conventional and
high-resolution T1 maps reconstructed using the MappingVN
yields improved visibility of small structures, see Figure 6a–c.
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FIGURE 4 | Results for the retrospective evaluation in diastole of T1 agreement using GRAPPA-4 and the MappingVN with (proposed) and without
(ablation) pSE layers for reconstruction. Data from the Retrospective-3T test dataset was used. In the Bland–Altman plots shown in the upper half of
the figure, the red line symbolizes the mean T1 difference while corresponding limits of agreement are shown in dotted blue lines. Reference T1 values
were subtracted from T1 values produced by the proposed method (proposed—reference). The bullseye plots shown in the first row of the lower half
of the figure report mean T1 values in the six mid-ventricular AHA segments for the ground truth and all evaluated methods. The second row shows
bullseye plots with the T1 difference compared to the ground truth, color-coded according to the legend shown on the left.

Papillary muscles, for example, appear visibly sharper, which on
its own can be a diagnostically relevant factor [72]. In patients
(Figure 6c), the same observations can be made. Abnormally high
T1 values in the myocardium of both patients can be seen for the
MappingVN reconstruction as well as for the clinical reference,
which correlates with the corresponding diagnoses. The poten-
tial improvements for the depiction of small lesions could not be
investigated, as no fitting patient data was available.

In this work, we not only investigated the acquisition of
high-resolution T1 maps in diastasis, but also studied poten-
tial benefits of applying our approach for T1 mapping during
the systole. The performed reader study showed that shorten-
ing the acquisition window by increasing the acceleration rate
does reduce the appearance of motion artifacts. A similar state-
ment can be made in relation to observed image sharpness
of single-shot images and corresponding T1 maps. Both obser-
vations are reflected in the reader scores, rating MappingVN
and GRAPPA-4 reconstructions higher than conventional ones.
Although GRAPPA-4 produced sharp inversion recovery images
with minimal motion artifacts, the reconstructions showed
increased noise, a limitation not observed with the MappingVN.
This indicates high suitability of the MappingVN for T1 mapping
during systole. Inter-reader agreement was low indicated by low
Kappa values of under 0.6 for every category except the noise level

of MappingVN reconstructions (see Figure S6). Nevertheless, we
saw on average improved scores for the proposed approach over
the comparative methods, see Figure S6 for the individual rater
scores. It is important to note that previously published work on
systolic T1 mapping uses decreased spatial resolution to counter-
act the downsides of acquiring MOLLI data with lower accelera-
tion rates [10, 11, 71]. We knowingly chose to acquire all T1 maps
with a standard resolution of 1.41× 2.13 mm2 to better investi-
gate the acquisition window duration’s effects on the resulting
image quality. Our choice of resolution was also used to acquire
the Retrospective-3T dataset and aligns with recommendations
by the field [73, 74]. We further want to add that our chosen reso-
lution setting is desirable for systolic T1 mapping as it allows for
improved visibility of small structures and a better comparison
of diastolic and systolic T1 maps. Proper acquisitions using said
spatial resolution were only possible when using the MappingVN
instead of GRAPPA for reconstruction, as previously discussed.

5.1 | Limitations and Outlook

In the scope of this study, mainly an acceleration rate of R= 4
was investigated, as it was deemed sufficient to achieve a target
resolution of 1.14× 1.14 mm2 on 3T and 1.25× 1.25 mm2 on 1.5T
without heavily prolonging the acquisition window. Increasing
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FIGURE 5 | Result in prospective data in diastole for T1 agreement. Bland–Altman plots show the results for the evaluation of T1 agreement using
GRAPPA-4 and the MappingVN in prospectively acquired high-resolution MOLLI acquisitions. Resulting T1 maps were compared to reference T1 maps
in standard resolution, acquired in the same volunteer but in a different scan. Individual AHA segments rather than the mean T1 values across the whole
myocardium were compared. Reference T1 values were subtracted from T1 values produced by the proposed method (proposed—reference).

FIGURE 6 | Example T1 maps acquired prospectively in diastole on both 1.5 and 3 T systems. Each column corresponds to data acquired for one
volunteer (a and b) or patient (c). T1 maps acquired in standard resolution and reconstructed using GRAPPA-2 as well as high-resolution T1 maps
reconstructed using GRAPPA-4 and the proposed MappingVN are shown. Both patients were diagnosed with a form of cardiovascular disease and
therefore show heavily impaired T1 values in the myocardium.
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FIGURE 7 | (a) Results of the reader study for the systolic T1 mapping experiment. The distribution of the scores is illustrated as boxplots. The scores
of both readers were averaged. The individual ratings can be found in Figure S6. Corresponding mean scores are shown in color-coded boxes. (b) Example
inversion recovery images and corresponding T1 maps for MOLLI acquisitions in the systolic phase. The illustrated cases were reconstructed using
GRAPPA-2, GRAPPA-4 and the proposed MappingVN, respectively. All data were acquired with the same spatial resolution but differing acquisition
windows. The artifact visible in the MappingVN reconstruction of the inversion recovery image was found to be an acquisition artifact.

the acceleration even more would shorten the acquisition win-
dow further but potentially also compromise the reconstruction
quality, as partly shown in Table S1 and Figure S2. Although the
results for R= 5 are promising, a clear decrease in performance

is observable with even higher acceleration rates. Nevertheless,
we do want to point out that our method was developed with
an acceleration rate of R= 4 in mind, as it allows for a clinically
meaningful increase in spatial resolution.
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The acquisition of fully-sampled MOLLI data with clinically
acceptable resolution and without motion artifacts is unfeasible,
given the constrained time window in diastasis. Hence, all ret-
rospectively acquired data used R= 2 and GRAPPA-2 for recon-
struction, which might be a potential source of bias for the net-
work in this supervised learning setting. Reference reconstruc-
tions were carefully checked for sufficient quality, and no appar-
ent biases were observed. Although being challenging to acquire,
higher resolution MOLLI training data could potentially be ben-
eficial for network performance.

Although the MappingVN did perform well on unseen 1.5T data,
we expect a performance increase with the addition of 1.5T data
to the training, ideally with resolution settings similar to those in
the Retrospective-3T dataset. The observed generalizability capa-
bilities could potentially enable high-resolution postcontrast T1
mapping without re-training the model on postcontrast data.

The evaluation results on prospectively acquired high-resolution
data underline the feasibility of our proposed approach. Never-
theless, it was prospectively tested for only one vendor in a single
center. Future clinical evaluation is necessary to investigate the
potential benefits of high-resolution T1 mapping.

6 | Conclusion

In this work we introduced a deep-learning-based image recon-
struction method that enables the acquisition of high-resolution
MOLLI T1 maps. When utilizing the proposed MappingVN, an
acquired and reconstructed spatial resolution of 1.25× 1.25 mm2

on 1.5T and 1.14× 1.14 mm2 on 3T can be achieved in diasta-
sis without an increase in scan time or breath hold duration.
In addition, we were able to acquire T1 maps in systole for an
acquired spatial resolution of 1.41× 2.13 mm2 (interpolated to
1.41 mm2 isotropic) in a shortened acquisition window of 86 ms
on average. Our approach was evaluated for reconstruction qual-
ity of inversion recovery images and T1 agreement with refer-
ence measurements using both retrospectively and prospectively
acquired data.

Acknowledgement

Open Access funding enabled and organized by Projekt DEAL.

Funding

The authors have nothing to report.

Conflicts of Interest

Daniel Amsel receives PhD funding from Siemens Healthineers. Kelvin
Chow is an employee of Siemens Healthcare Ltd. Daniel Giese, Michaela
Schmid, and Jens Wetzl are employee of Siemens Healthineers.

Data Availability Statement

Research data are not shared.

References

1. P. Haaf, P. Garg, D. R. Messroghli, D. A. Broadbent, J. P. Greenwood,
and S. Plein, “Cardiac T1 Mapping and Extracellular Volume (ECV)

in Clinical Practice: A Comprehensive Review,” Journal of Cardiovas-
cular Magnetic Resonance 18, no. 1 (2016): 89, https://doi.org/10.1186/
s12968-016-0308-4.

2. J. C. Moon, D. R. Messroghli, P. Kellman, et al., “Myocardial T1
Mapping and Extracellular Volume Quantification: A Society for Car-
diovascular Magnetic Resonance (SCMR) and CMR Working Group of
the European Society of Cardiology Consensus Statement,” Journal of
Cardiovascular Magnetic Resonance: Official Journal of the Society for
Cardiovascular Magnetic Resonance 15, no. 1 (2013): 92, https://doi.org/
10.1186/1532-429X-15-92.

3. H. Bulluck, V. Maestrini, S. Rosmini, et al., “Myocardial T1
Mapping,” Circulation Journal: Official Journal of the Japanese Cir-
culation Society 79, no. 3 (2015): 487–494, https://doi.org/10.1253/circj.
CJ-15-0054.

4. K. Chow, J. A. Flewitt, J. D. Green, J. J. Pagano, M. G. Friedrich, and
R. B. Thompson, “Saturation Recovery Single-Shot Acquisition (SASHA)
for Myocardial T1 Mapping,” Magnetic Resonance in Medicine 71, no. 6
(2014): 2082–2095, https://doi.org/10.1002/mrm.24878.

5. S. Weingärtner, M. Akçakaya, T. Basha, et al., “Combined Satura-
tion/Inversion Recovery Sequences for Improved Evaluation of Scar and
Diffuse Fibrosis in Patients With Arrhythmia or Heart Rate Variability,”
Magnetic Resonance in Medicine 71, no. 3 (2014): 1024–1034, https://doi.
org/10.1002/mrm.24761.

6. S. K. Piechnik, V. M. Ferreira, E. Dall’Armellina, et al., “Shortened Mod-
ified Look-Locker Inversion Recovery (ShMOLLI) for Clinical Myocardial
T1-Mapping at 1.5 and 3 T Within a 9 Heartbeat Breathhold,” Journal of
Cardiovascular Magnetic Resonance 12, no. 1 (2010): 69, https://doi.org/
10.1186/1532-429X-12-69.

7. D. R. Messroghli, A. Radjenovic, S. Kozerke, D. M. Higgins, M. U.
Sivananthan, and J. P. Ridgway, “Modified Look-Locker Inversion Recov-
ery (MOLLI) for High-Resolution T1 Mapping of the Heart,” Magnetic
Resonance in Medicine 52, no. 1 (2004): 141–146, https://doi.org/10.1002/
mrm.20110.

8. P. Kellman and M. S. Hansen, “T1-Mapping in the Heart: Accuracy and
Precision,” Journal of Cardiovascular Magnetic Resonance 16, no. 1 (2014):
2, https://doi.org/10.1186/1532-429X-16-2.

9. S. Roujol, S. Weingärtner, M. Foppa, et al., “Accuracy, Precision,
and Reproducibility of Four T1 Mapping Sequences: A Head-to-Head
Comparison of MOLLI, ShMOLLI, SASHA, and SAPPHIRE,” Radiology
272, no. 3 (2014): 683–689, https://doi.org/10.1148/radiol.14140296.

10. V. M. Ferreira, R. S. Wijesurendra, A. Liu, et al., “Systolic ShMOLLI
Myocardial T1-Mapping for Improved Robustness to Partial-Volume
Effects and Applications in Tachyarrhythmias,” Journal of Cardiovas-
cular Magnetic Resonance 17, no. 1 (2015): 77, https://doi.org/10.1186/
s12968-015-0182-5.

11. N. M. Meßner, J. Budjan, D. Loßnitzer, et al., “Saturation-Recovery
Myocardial T1-Mapping During Systole: Accurate and Robust Quantifi-
cation in the Presence of Arrhythmia,” Scientific Reports 8, no. 1 (2018):
5251, https://doi.org/10.1038/s41598-018-23506-z.

12. P. Parikh, J. Ng, M. Markl, et al., “A Novel Calibration Technique
to Obtain High Resolution 3D T1 Maps for Infarct Characterization,”
Journal of Cardiovascular Magnetic Resonance 18, no. 1 (2016): P101,
https://doi.org/10.1186/1532-429X-18-S1-P101.

13. T. Küstner, C. Munoz, A. Psenicny, et al., “Deep-Learning Based
Super-Resolution for 3D Isotropic Coronary MR Angiography in Less
Than a Minute,” Magnetic Resonance in Medicine 86, no. 5 (2021):
2837–2852, https://doi.org/10.1002/mrm.28911.

14. J. Y. Lin, Y. C. Chang, and W. H. Hsu, “Efficient and Phase-Aware
Video Super-Resolution for Cardiac MRI,” In Medical Image Com-
puting and Computer Assisted Intervention – MICCAI 2020. MICCAI
2020. Lecture Notes in Computer Science, A. L. Martel, P. Abolmaesumi,
D. Stoyanov, et al., eds., vol. 12264 (Springer, 2020), https://doi.org/10.
1007/978-3-030-59719-1_7.

904 Magnetic Resonance in Medicine, 2026

https://doi.org/10.1186/s12968-016-0308-4
https://doi.org/10.1186/s12968-016-0308-4
https://doi.org/10.1186/s12968-016-0308-4
https://doi.org/10.1186/1532-429X-15-92
https://doi.org/10.1186/1532-429X-15-92
https://doi.org/10.1186/1532-429X-15-92
https://doi.org/10.1253/circj.CJ-15-0054
https://doi.org/10.1253/circj.CJ-15-0054
https://doi.org/10.1253/circj.CJ-15-0054
https://doi.org/10.1002/mrm.24878
https://doi.org/10.1002/mrm.24878
https://doi.org/10.1002/mrm.24761
https://doi.org/10.1002/mrm.24761
https://doi.org/10.1002/mrm.24761
https://doi.org/10.1186/1532-429X-12-69
https://doi.org/10.1186/1532-429X-12-69
https://doi.org/10.1186/1532-429X-12-69
https://doi.org/10.1002/mrm.20110
https://doi.org/10.1002/mrm.20110
https://doi.org/10.1002/mrm.20110
https://doi.org/10.1186/1532-429X-16-2
https://doi.org/10.1186/1532-429X-16-2
https://doi.org/10.1148/radiol.14140296
https://doi.org/10.1148/radiol.14140296
https://doi.org/10.1186/s12968-015-0182-5
https://doi.org/10.1186/s12968-015-0182-5
https://doi.org/10.1186/s12968-015-0182-5
https://doi.org/10.1038/s41598-018-23506-z
https://doi.org/10.1038/s41598-018-23506-z
https://doi.org/10.1186/1532-429X-18-S1-P101
https://doi.org/10.1186/1532-429X-18-S1-P101
https://doi.org/10.1002/mrm.28911
https://doi.org/10.1002/mrm.28911
https://doi.org/10.1007/978-3-030-59719-1_7
https://doi.org/10.1007/978-3-030-59719-1_7
https://doi.org/10.1007/978-3-030-59719-1_7


15. M. Zhao, X. Liu, H. Liu, and K. K. L. Wong, “Super-Resolution of
Cardiac Magnetic Resonance Images Using Laplacian Pyramid Based
on Generative Adversarial Networks,” Computerized Medical Imaging
and Graphics 80 (2020): 101698, https://doi.org/10.1016/j.compmedimag.
2020.101698.

16. X. Zhao, J. Lyu, F. Wang, C. Wang, and J. Qin, “Temporal
Super-Resolution for Fast T1 Mapping,” in Statistical Atlases and
Computational Models of the Heart. Regular and CMRxRecon Chal-
lenge Papers, ed. O. Camara, E. Puyol-Antón, M. Sermesant, et al.
(Springer Nature Switzerland, 2024), 443–453, https://doi.org/10.1007/
978-3-031-52448-6_42.

17. S. Hufnagel, S. Metzner, K. M. Kerkering, et al., “3D Model-Based
Super-Resolution Motion-Corrected Cardiac T1 Mapping,” Physics in
Medicine and Biology 67, no. 24 (2022): 245008, https://doi.org/10.1088/
1361-6560/ac9c40.

18. M. A. Griswold, P. M. Jakob, R. M. Heidemann, et al., “Generalized
Autocalibrating Partially Parallel Acquisitions (GRAPPA),” Magnetic Res-
onance in Medicine 47, no. 6 (2002): 1202–1210, https://doi.org/10.1002/
mrm.10171.

19. K. P. Pruessmann, M. Weiger, M. B. Scheidegger, and P. Boesiger,
“SENSE: Sensitivity Encoding for Fast MRI,” Magnetic Resonance
in Medicine 42, no. 5 (1999): 952–962, https://doi.org/10.1002/(SICI)
1522-2594(199911)42:5<952::AID-MRM16>3.0.CO;2-S.

20. K. G. Hollingsworth, “Reducing Acquisition Time in Clinical MRI by
Data Undersampling and Compressed Sensing Reconstruction,” Physics
in Medicine and Biology 60, no. 21 (2015): R297–R322, https://doi.org/10.
1088/0031-9155/60/21/R297.

21. M. Lustig, D. L. Donoho, J. M. Santos, and J. M. Pauly, “Compressed
Sensing MRI,” IEEE Signal Processing Magazine 25, no. 2 (2008): 72–82,
https://doi.org/10.1109/MSP.2007.914728.

22. W. Li, M. Griswold, and X. Yu, “Fast Cardiac T1 Mapping in Mice
Using a Model-Based Compressed Sensing Method,” Magnetic Resonance
in Medicine 68, no. 4 (2012): 1127–1134, https://doi.org/10.1002/mrm.
23323.

23. M. Doneva, P. Börnert, H. Eggers, C. Stehning, J. Sénégas, and
A. Mertins, “Compressed Sensing Reconstruction for Magnetic Reso-
nance Parameter Mapping,” Magnetic Resonance in Medicine 64, no. 4
(2010): 1114–1120, https://doi.org/10.1002/mrm.22483.

24. D. Nishigake, Y. Yamasaki, K. Yamamura, et al., “High-Resolution
Systolic T1 Mapping With Compressed Sensing for the Evaluation of the
Right Ventricle: A Phantom and Volunteer Study,” International Journal
of Cardiovascular Imaging 38, no. 10 (2022): 2219–2225, https://doi.org/
10.1007/s10554-022-02622-y.

25. R. Otazo, E. Candès, and D. K. Sodickson, “Low-Rank Plus Sparse
Matrix Decomposition for Accelerated Dynamic MRI With Separa-
tion of Background and Dynamic Components,” Magnetic Resonance
in Medicine 73, no. 3 (2015): 1125–1136, https://doi.org/10.1002/mrm.
25240.

26. J. Gao, Y. Gong, Y. Emu, et al., “High Spatial-Resolution and
Acquisition-Efficiency Cardiac MR T1 Mapping Based on Radial
bSSFP and a Low-Rank Tensor Constraint,” Journal of Magnetic
Resonance Imaging 61 (2025): 1388–1401, https://doi.org/10.1002/jmri.
29564.

27. K. Hammernik, T. Küstner, B. Yaman, et al., “Physics-Driven Deep
Learning for Computational Magnetic Resonance Imaging: Combining
Physics and Machine Learning for Improved Medical Imaging,” IEEE
Signal Process Magazine 40, no. 1 (2023): 98–114, https://doi.org/10.1109/
msp.2022.3215288.

28. R. Heckel, M. Jacob, A. Chaudhari, O. Perlman, and E. Shimron,
“Deep Learning for Accelerated and Robust MRI Reconstruction,” Mag-
netic Resonance Materials in Physics, Biology and Medicine 37, no. 3 (2024):
335–368, https://doi.org/10.1007/s10334-024-01173-8.

29. Y. Zhu, J. Cheng, Z. X. Cui, Q. Zhu, L. Ying, and D. Liang,
“Physics-Driven Deep Learning Methods for Fast Quantitative Magnetic
Resonance Imaging: Performance Improvements Through Integration
With Deep Neural Networks,” IEEE Signal Processing Magazine 40, no.
2 (2023): 116–128, https://doi.org/10.1109/MSP.2023.3236483.

30. M. Gorodezky, L. Reichardt, T. Geisler, M. A. Weber, F. G. Meinel, and
A. C. Klemenz, “Impact of Deep Learning-Based Reconstruction on the
Accuracy and Precision of Cardiac Tissue Characterization,” Diagnostics
16, no. 2 (2026): 348, https://doi.org/10.3390/diagnostics16020348.

31. H. Jeelani, Y. Yang, R. Zhou, C. M. Kramer, M. Salerno, and D. S.
Weller, “A Myocardial T1-Mapping Framework With Recurrent and
U-Net Convolutional Neural Networks,” in 2020 IEEE 17th International
Symposium on Biomedical Imaging (ISBI) (IEEE Computer Society, 2020),
1941–1944, https://doi.org/10.1109/ISBI45749.2020.9098459.

32. Y. Jun, H. Shin, T. Eo, T. Kim, and D. Hwang, “Deep Model-Based
Magnetic Resonance Parameter Mapping Network (DOPAMINE) for Fast
T1 Mapping Using Variable Flip Angle Method,” Medical Image Analysis
70 (2021): 102017, https://doi.org/10.1016/j.media.2021.102017.

33. W. Bian, A. Jang, and F. Liu, “Improving Quantitative MRI Using
Self-Supervised Deep Learning With Model Reinforcement: Demonstra-
tion for Rapid T1 Mapping,” Magnetic Resonance in Medicine 92, no. 1
(2024): 98–111, https://doi.org/10.1002/mrm.30045.

34. Y. Li, Y. Wang, H. Qi, et al., “Deep Learning-Enhanced T1 Mapping
With Spatial-Temporal and Physical Constraint,” Magnetic Resonance
in Medicine 86, no. 3 (2021): 1647–1661, https://doi.org/10.1002/mrm.
28793.

35. R. Guo, H. El-Rewaidy, S. Assana, et al., “Accelerated Cardiac
T1 Mapping in Four Heartbeats With Inline MyoMapNet: A Deep
Learning-Based T1 Estimation Approach,” Journal of Cardiovascu-
lar Magnetic Resonance 24, no. 1 (2022): 6, https://doi.org/10.1186/
s12968-021-00834-0.

36. J. Lyu, C. Qin, S. Wang, et al., “The State-Of-The-Art in Cardiac
MRI Reconstruction: Results of the CMRxRecon Challenge in MICCAI
2023,” Medical Image Analysis 101 (2025): 103485, https://doi.org/10.
1016/j.media.2025.103485.

37. M. Nezafat, H. El-Rewaidy, S. Kucukseymen, T. H. Hauser, and A. S.
Fahmy, “Deep Convolution Neural Networks Based Artifact Suppres-
sion in Under-Sampled Radial Acquisitions of Myocardial T1 Mapping
Images,” Physics in Medicine and Biology 65, no. 22 (2020): 225024,
https://doi.org/10.1088/1361-6560/abc04f.

38. H. K. Aggarwal, M. P. Mani, and M. Jacob, “MoDL: Model Based Deep
Learning Architecture for Inverse Problems,” IEEE Transactions on Med-
ical Imaging 38, no. 2 (2019): 394–405, https://doi.org/10.1109/TMI.2018.
2865356.

39. A. Sriram, J. Zbontar, T. Murrell, et al., End-to-End Variational
Networks for Accelerated MRI Reconstruction (SpringerLink, 2025),
https://doi.org/10.1007/978-3-030-59713-9_7.

40. B. Xin, M. Ye, L. Axel, and D. N. Metaxas, “Fill the K-Space and Refine
the Image: Prompting for Dynamic and Multi-Contrast MRI Reconstruc-
tion,” in Statistical Atlases and Computational Models of the Heart. Reg-
ular and CMRxRecon Challenge Papers. STACOM 2023. Lecture Notes in
Computer Science, A. L. Martel, P. Abolmaesumi, D. Stoyanov, et al., eds.,
vol. 14507 (Springer, 2024), https://doi.org/10.1007/978-3-031-52448-6_
25.

41. R. Xu, C. Özer, and I. Oksuz. 2025. “HyperCMR: Enhanced
Multi-Contrast CMR Reconstruction with Eagle Loss,” in Statistical
Atlases and Computational Models of the Heart. Workshop, CMRxRecon
and MBAS Challenge Papers. STACOM 2024. Lecture Notes in Computer
Science, edited by O. Camara, E. Puyol-Antuón, M. Sermesant, et al., vol.
15448. Springer, https://doi.org/10.1007/978-3-031-87756-8_15.

42. J. Lyu, G. Wang, and M. S. Hossain, “Iterative Temporal-Spatial
Transformer-Based Cardiac T1 Mapping MRI Reconstruction,” ACM

Magnetic Resonance in Medicine, 2026 905

https://doi.org/10.1016/j.compmedimag.2020.101698
https://doi.org/10.1016/j.compmedimag.2020.101698
https://doi.org/10.1016/j.compmedimag.2020.101698
https://doi.org/10.1007/978-3-031-52448-6_42
https://doi.org/10.1007/978-3-031-52448-6_42
https://doi.org/10.1007/978-3-031-52448-6_42
https://doi.org/10.1088/1361-6560/ac9c40
https://doi.org/10.1088/1361-6560/ac9c40
https://doi.org/10.1088/1361-6560/ac9c40
https://doi.org/10.1002/mrm.10171
https://doi.org/10.1002/mrm.10171
https://doi.org/10.1002/mrm.10171
https://doi.org/10.1002/(SICI)1522-2594(199911)42:5%3C952::AID-MRM16%3E3.0.CO;2-S
https://doi.org/10.1002/(SICI)1522-2594(199911)42:5%3C952::AID-MRM16%3E3.0.CO;2-S
https://doi.org/10.1002/(SICI)1522-2594(199911)42:5%3C952::AID-MRM16%3E3.0.CO;2-S
https://doi.org/10.1088/0031-9155/60/21/R297
https://doi.org/10.1088/0031-9155/60/21/R297
https://doi.org/10.1088/0031-9155/60/21/R297
https://doi.org/10.1109/MSP.2007.914728
https://doi.org/10.1109/MSP.2007.914728
https://doi.org/10.1002/mrm.23323
https://doi.org/10.1002/mrm.23323
https://doi.org/10.1002/mrm.23323
https://doi.org/10.1002/mrm.22483
https://doi.org/10.1002/mrm.22483
https://doi.org/10.1007/s10554-022-02622-y
https://doi.org/10.1007/s10554-022-02622-y
https://doi.org/10.1007/s10554-022-02622-y
https://doi.org/10.1002/mrm.25240
https://doi.org/10.1002/mrm.25240
https://doi.org/10.1002/mrm.25240
https://doi.org/10.1002/jmri.29564
https://doi.org/10.1002/jmri.29564
https://doi.org/10.1002/jmri.29564
https://doi.org/10.1109/msp.2022.3215288
https://doi.org/10.1109/msp.2022.3215288
https://doi.org/10.1109/msp.2022.3215288
https://doi.org/10.1007/s10334-024-01173-8
https://doi.org/10.1007/s10334-024-01173-8
https://doi.org/10.1109/MSP.2023.3236483
https://doi.org/10.1109/MSP.2023.3236483
https://doi.org/10.3390/diagnostics16020348
https://doi.org/10.3390/diagnostics16020348
https://doi.org/10.1109/ISBI45749.2020.9098459
https://doi.org/10.1109/ISBI45749.2020.9098459
https://doi.org/10.1016/j.media.2021.102017
https://doi.org/10.1016/j.media.2021.102017
https://doi.org/10.1002/mrm.30045
https://doi.org/10.1002/mrm.30045
https://doi.org/10.1002/mrm.28793
https://doi.org/10.1002/mrm.28793
https://doi.org/10.1002/mrm.28793
https://doi.org/10.1186/s12968-021-00834-0
https://doi.org/10.1186/s12968-021-00834-0
https://doi.org/10.1186/s12968-021-00834-0
https://doi.org/10.1016/j.media.2025.103485
https://doi.org/10.1016/j.media.2025.103485
https://doi.org/10.1016/j.media.2025.103485
https://doi.org/10.1088/1361-6560/abc04f
https://doi.org/10.1088/1361-6560/abc04f
https://doi.org/10.1109/TMI.2018.2865356
https://doi.org/10.1109/TMI.2018.2865356
https://doi.org/10.1109/TMI.2018.2865356
https://doi.org/10.1007/978-3-030-59713-9_7
https://doi.org/10.1007/978-3-030-59713-9_7
https://doi.org/10.1007/978-3-031-52448-6_25
https://doi.org/10.1007/978-3-031-52448-6_25
https://doi.org/10.1007/978-3-031-52448-6_25
https://doi.org/10.1007/978-3-031-87756-8_15
https://doi.org/10.1007/978-3-031-87756-8_15


Transactions on Multimedia Computing, Communications, and Applica-
tions 20, no. 6 (2024): 1–18, https://doi.org/10.1145/3643640.

43. B. Xin, M. Ye, L. Axel, and D. N. Metaxas, “Rethinking Deep Unrolled
Model for Accelerated MRI Reconstruction,” in Computer Vision—ECCV
2024, ed. A. Leonardis, E. Ricci, S. Roth, O. Russakovsky, T. Sattler, and
G. Varol (Springer Nature Switzerland, 2025), 164–181, https://doi.org/
10.1007/978-3-031-73226-3_10.

44. M. Tänzer, F. Wang, M. Qiao, et al., “T1/T2 Relaxation Tempo-
ral Modelling From Accelerated Acquisitions Using a Latent Trans-
former,” in Statistical Atlases and Computational Models of the Heart. Reg-
ular and CMRxRecon Challenge Papers, ed. O. Camara, E. Puyol-Antón,
M. Sermesant, et al. (Springer Nature Switzerland, 2024), 293–302,
https://doi.org/10.1007/978-3-031-52448-6_28.

45. J. H. Patel, B. T. Kadota, C. D. Sheagren, M. Chiew, and G. A.
Wright, “Low-Rank Conjugate Gradient-Net for Accelerated Cardiac
MR Imaging,” in Statistical Atlases and Computational Models of the
Heart. Workshop, CMRxRecon and MBAS Challenge Papers. STACOM
2024. Lecture Notes in Computer Science, O. Camara, E. Puyol-Antuón,
M. Sermesant, et al., eds., vol. 15448 (Springer, 2025), https://doi.org/10.
1007/978-3-031-87756-8_33.

46. Y. Zhao, Y. Zhang, and Q. Tao, “Relaxometry Guided Quantita-
tive Cardiac Magnetic Resonance Image Reconstruction,” in Statistical
Atlases and Computational Models of the Heart. Regular and CMRxRecon
Challenge Papers, ed. O. Camara, E. Puyol-Antón, M. Sermesant, et al.
(Springer Nature Switzerland, 2024), 349–358, https://doi.org/10.1007/
978-3-031-52448-6_33.

47. G. Yiasemis, C. I. Sánchez, J. J. Sonke, and J. Teuwen, “On Retro-
spective k-Space Subsampling Schemes for Deep MRI Reconstruction,”
Magnetic Resonance Imaging 107 (2024): 33–46, https://doi.org/10.1016/
j.mri.2023.12.012.

48. J. Zou and Y. Cao, “Joint Optimization of k-t Sampling Pattern and
Reconstruction of DCE MRI for Pharmacokinetic Parameter Estimation,”
IEEE Transactions on Medical Imaging 41, no. 11 (2022): 3320–3331,
https://doi.org/10.1109/TMI.2022.3184261.

49. J. Schlemper, J. Caballero, J. V. Hajnal, A. N. Price, and D. Rueckert, “A
Deep Cascade of Convolutional Neural Networks for Dynamic MR Image
Reconstruction,” IEEE Transactions on Medical Imaging 37, no. 2 (2018):
491–503, https://doi.org/10.1109/TMI.2017.2760978.

50. C. Qin, J. Schlemper, J. Duan, et al., “k-t NEXT: Dynamic MR Image
Reconstruction Exploiting Spatio-Temporal Correlations,” in Medical
Image Computing and Computer Assisted Intervention—MICCAI 2019,
ed. D. Shen, T. Liu, T. M. Peters, et al. (Springer International Publishing,
2019), 505–513, https://doi.org/10.1007/978-3-030-32245-8_56.

51. H. K. Aggarwal and M. Jacob, “J-MoDL: Joint Model-Based Deep
Learning for Optimized Sampling and Reconstruction,” IEEE Journal
of Selected Topics in Signal Processing 14, no. 6 (2020): 1151–1162,
https://doi.org/10.1109/JSTSP.2020.3004094.

52. J. Hu, L. Shen, and G. Sun, “Squeeze-and-Excitation Networks,” Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern Recogni-
tion (2018): 7132–7141.

53. D. Amsel, J. Wetzl, R. Gebker, et al., “Towards High Resolution
Cardiac T1 Mapping Utilizing Deep Learning-Based Image Reconstruc-
tion,” Journal of Cardiovascular Magnetic Resonance 27 (2025): 101523,
https://doi.org/10.1016/j.jocmr.2024.101523.

54. F. Huang, J. Akao, S. Vijayakumar, G. R. Duensing, and M. Limkeman,
“k-t GRAPPA: A k-Space Implementation for Dynamic MRI With High
Reduction Factor,” Magnetic Resonance in Medicine 54, no. 5 (2005):
1172–1184, https://doi.org/10.1002/mrm.20641.

55. J. Tsao, S. Kozerke, P. Boesiger, and K. P. Pruessmann, “Optimizing
Spatiotemporal Sampling for k-t BLAST and k-t SENSE: Application to
High-Resolution Real-Time Cardiac Steady-State Free Precession,” Mag-
netic Resonance in Medicine 53, no. 6 (2005): 1372–1382, https://doi.org/
10.1002/mrm.20483.

56. D. Ulyanov, A. Vedaldi, and V. Lempitsky, “Instance Normalization:
The Missing Ingredient for Fast Stylization,” arXiv (2017 1607.08022),
https://doi.org/10.48550/arXiv.1607.08022.

57. B. Xu, N. Wang, T. Chen, and M. Li, “Empirical Evaluation of Rec-
tified Activations in Convolutional Network,” arXiv (2015 1505.00853),
https://doi.org/10.48550/arXiv.1505.00853.

58. X. Jin, Y. Xie, X. S. Wei, B. R. Zhao, Z. M. Chen, and X. Tan, “Delv-
ing Deep Into Spatial Pooling for Squeeze-and-Excitation Networks,”
Pattern Recognition 121 (2022): 108159, https://doi.org/10.1016/j.patcog.
2021.108159.

59. X. Li, Y. Wei, L. Wang, S. Fu, and C. Wang, “MSGSE-Net: Multi-Scale
Guided Squeeze-and-Excitation Network for Subcortical Brain Structure
Segmentation,” Neurocomputing 461 (2021): 228–243, https://doi.org/10.
1016/j.neucom.2021.07.018.

60. A. F. Agarap, “Deep Learning Using Rectified Linear Units (ReLU),”
arXiv (2019): arXiv:1803.08375, https://doi.org/10.48550/arXiv.1803.
08375.

61. K. Chow, P. Kellman, and H. Xue, “Prototyping Image Reconstruction
and Analysis With FIRE,” in Proceedings of the SCMR 24th Annual Scien-
tific Sessions – SCMR 2021 Virtual Meeting (Society for Cardiovascular
Magnetic Resonance (SCMR), 2021).

62. C. Guetter, H. Xue, C. Chefd’hotel, and J. Guehring, “Efficient Sym-
metric and Inverse-Consistent Deformable Registration Through Inter-
leaved Optimization,” in 2011 IEEE International Symposium on Biomed-
ical Imaging: From Nano to Macro (IEEE Computer Society, 2011),
590–593, https://doi.org/10.1109/ISBI.2011.5872476.

63. K. Levenberg, “A Method for the Solution of Certain Non-Linear Prob-
lems in Least Squares,” Quarterly of Applied Mathematics 2, no. 2 (1944):
164–168, https://doi.org/10.1090/qam/10666.

64. M. Vornehm, J. Wetzl, D. Giese, et al., “CineVN: Variational Network
Reconstruction for Rapid Functional Cardiac Cine MRI,” Magnetic Res-
onance in Medicine 93, no. 1 (2025): 138–150, https://doi.org/10.1002/
mrm.30260.

65. M. Uecker, P. Lai, M. J. Murphy, et al., “ESPIRiT—An Eigen-
value Approach to Autocalibrating Parallel MRI: Where SENSE Meets
GRAPPA,” Magnetic Resonance in Medicine 71, no. 3 (2014): 990–1001,
https://doi.org/10.1002/mrm.24751.

66. D. P. Kingma and J. Ba, “Adam: A Method for Stochastic Optimiza-
tion,” In Proceedings of the 3rd International Conference on Learning Rep-
resentations, Y. Bengio and Y. LeCun, eds. (ICLR, 2015), http://arxiv.org/
abs/1412.6980.

67. J. Neyman and E. Pearson, “On the Use and Interpretation of Certain
Test Criteria for Purposes of Statistical Inference Part I,” Biometrika 20A,
no. 1–2 (1928): 175–240, https://doi.org/10.1093/biomet/20A.1-2.175.

68. A. B. Popescu, W. Rehwald, B. Gheorghita, L. Itu, P. Sharma, and
T. Chitiboi, “Deep Learning-Based Segmentation for Automatic Pre-
diction of Optimal Inversion Time of Flow Independent Dark Blood
Delayed Enhancement (FIDDLE) Images,” Journal of Cardiovascular
Magnetic Resonance 26 (2024): 100889, https://doi.org/10.1016/j.jocmr.
2024.100889.

69. M. D. Cerqueira, N. J. Weissman, V. Dilsizian, et al., “Standardized
Myocardial Segmentation and Nomenclature for Tomographic Imaging
of the Heart,” Circulation 105, no. 4 (2002): 539–542, https://doi.org/10.
1161/hc0402.102975.

70. F. von Knobelsdorff-Brenkenhoff, M. Prothmann, M. A. Dieringer,
et al., “Myocardial T1 and T2 Mapping at 3 T: Reference Values, Influenc-
ing Factors and Implications,” Journal of Cardiovascular Magnetic Reso-
nance 15, no. 1 (2013): 53, https://doi.org/10.1186/1532-429X-15-53.

71. C. Tessa, S. Diciotti, N. Landini, et al., “Myocardial T1 and T2 Map-
ping in Diastolic and Systolic Phase,” International Journal of Cardio-
vascular Imaging 31, no. 5 (2015): 1001–1010, https://doi.org/10.1007/
s10554-015-0639-5.

906 Magnetic Resonance in Medicine, 2026

https://doi.org/10.1145/3643640
https://doi.org/10.1145/3643640
https://doi.org/10.1007/978-3-031-73226-3_10
https://doi.org/10.1007/978-3-031-73226-3_10
https://doi.org/10.1007/978-3-031-73226-3_10
https://doi.org/10.1007/978-3-031-52448-6_28
https://doi.org/10.1007/978-3-031-52448-6_28
https://doi.org/10.1007/978-3-031-87756-8_33
https://doi.org/10.1007/978-3-031-87756-8_33
https://doi.org/10.1007/978-3-031-87756-8_33
https://doi.org/10.1007/978-3-031-52448-6_33
https://doi.org/10.1007/978-3-031-52448-6_33
https://doi.org/10.1007/978-3-031-52448-6_33
https://doi.org/10.1016/j.mri.2023.12.012
https://doi.org/10.1016/j.mri.2023.12.012
https://doi.org/10.1016/j.mri.2023.12.012
https://doi.org/10.1109/TMI.2022.3184261
https://doi.org/10.1109/TMI.2022.3184261
https://doi.org/10.1109/TMI.2017.2760978
https://doi.org/10.1109/TMI.2017.2760978
https://doi.org/10.1007/978-3-030-32245-8_56
https://doi.org/10.1007/978-3-030-32245-8_56
https://doi.org/10.1109/JSTSP.2020.3004094
https://doi.org/10.1109/JSTSP.2020.3004094
https://doi.org/10.1016/j.jocmr.2024.101523
https://doi.org/10.1016/j.jocmr.2024.101523
https://doi.org/10.1002/mrm.20641
https://doi.org/10.1002/mrm.20641
https://doi.org/10.1002/mrm.20483
https://doi.org/10.1002/mrm.20483
https://doi.org/10.1002/mrm.20483
https://doi.org/10.48550/arXiv.1607.08022
https://doi.org/10.48550/arXiv.1607.08022
https://doi.org/10.48550/arXiv.1505.00853
https://doi.org/10.48550/arXiv.1505.00853
https://doi.org/10.1016/j.patcog.2021.108159
https://doi.org/10.1016/j.patcog.2021.108159
https://doi.org/10.1016/j.patcog.2021.108159
https://doi.org/10.1016/j.neucom.2021.07.018
https://doi.org/10.1016/j.neucom.2021.07.018
https://doi.org/10.1016/j.neucom.2021.07.018
https://doi.org/10.48550/arXiv.1803.08375
https://doi.org/10.48550/arXiv.1803.08375
https://doi.org/10.48550/arXiv.1803.08375
https://doi.org/10.1109/ISBI.2011.5872476
https://doi.org/10.1109/ISBI.2011.5872476
https://doi.org/10.1090/qam/10666
https://doi.org/10.1090/qam/10666
https://doi.org/10.1002/mrm.30260
https://doi.org/10.1002/mrm.30260
https://doi.org/10.1002/mrm.30260
https://doi.org/10.1002/mrm.24751
https://doi.org/10.1002/mrm.24751
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/1412.6980
https://doi.org/10.1093/biomet/20A.1-2.175
https://doi.org/10.1093/biomet/20A.1-2.175
https://doi.org/10.1016/j.jocmr.2024.100889
https://doi.org/10.1016/j.jocmr.2024.100889
https://doi.org/10.1016/j.jocmr.2024.100889
https://doi.org/10.1161/hc0402.102975
https://doi.org/10.1161/hc0402.102975
https://doi.org/10.1161/hc0402.102975
https://doi.org/10.1186/1532-429X-15-53
https://doi.org/10.1186/1532-429X-15-53
https://doi.org/10.1007/s10554-015-0639-5
https://doi.org/10.1007/s10554-015-0639-5
https://doi.org/10.1007/s10554-015-0639-5


72. R. Kozor, S. Nordin, T. A. Treibel, et al., “Insight Into Hypertrophied
Hearts: A Cardiovascular Magnetic Resonance Study of Papillary Muscle
Mass and T1 Mapping,” European Heart Journal Cardiovascular Imaging
18, no. 9 (2017): 1034–1040, https://doi.org/10.1093/ehjci/jew187.

73. G. Reiter, C. Reiter, C. Kräuter, M. Fuchsjäger, and U. Reiter, “Cardiac
Magnetic Resonance T1 Mapping. Part 1: Aspects of Acquisition and Eval-
uation,” European Journal of Radiology 109 (2018): 223–234, https://doi.
org/10.1016/j.ejrad.2018.10.011.

74. D. R. Messroghli, J. C. Moon, V. M. Ferreira, et al., “Clinical Recom-
mendations for Cardiovascular Magnetic Resonance Mapping of T1, T2,
T2* and Extracellular Volume: A Consensus Statement by the Society for
Cardiovascular Magnetic Resonance (SCMR) Endorsed by the European
Association for Cardiovascular Imaging (EACVI),” Journal of Cardiovas-
cular Magnetic Resonance 19, no. 1 (2016): 75, https://doi.org/10.1186/
s12968-017-0389-8.

Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Figure S1. Detailed illustration of the U-Net-based
regularizer (a) as well as the convolution block (b) and the transposed
convolution block (c) utilized within the proposed U-Net architecture.
Figure S2. Example inversion recovery images retrospectively undersam-
pled with acceleration rates ranging from 4 to 7 and reconstructed with
MappingVN networks trained for the respective acceleration rate. Data
from the Retrospective-3T and Retrospective-1.5T test sets was used. For
each patient, the first and forth image of the re-ordered MOLLI images
are shown. Percentile normalization was applied to improve the visi-
bility, especially in the low signal images. Figure S3. Regression anal-
ysis for the T1 comparisons performed using the Retrospective-3T and
Retrospective-1.5T datasets. The plots show data points (black dots), the
linear fit (red) and the corresponding 95% confidence intervals (gray) for
the comparison of T1 maps reconstructed using GRAPPA-4 and the Map-
pingVN with and without pSE layers to reference T1 maps. The slope
and intercept values as well as the Pearson coefficient r are given in the
top left corner of each subplot. Figure S4. Result in prospective data
in diastole for T1 agreement. Bland–Altman plots show the results for
the evaluation of T1 agreement using GRAPPA-4 and the MappingVN
in prospectively acquired high-resolution MOLLI acquisitions. Result-
ing T1 maps were compared to reference T1 maps in standard resolu-
tion, acquired in the same volunteer but in a different scan. Reference
T1 values were subtracted from T1 values produced by the proposed
method (proposed—reference). Figure S5. Regression analysis for the T1
comparisons performed using the Prospective-3T and Prospective-1.5T
datasets. The plots show data points, the linear fit and the correspond-
ing 95% confidence intervals for the comparison of high-resolution T1
maps reconstructed using GRAPPA-4 and the MappingVN to reference
T1 maps in standard resolution. The slope and intercept values as well as
the Pearson coefficient r are given in the top left corner of each subplot.
Figure S6. Results of the reader study for the systolic T1 mapping exper-
iment, for (a) reader 1 and (b) reader 2. Corresponding mean scores
are shown in color-coded boxes. The table in subfigure (c) shows cor-
responding coefficients computed using quadratically weighted Cohens
Kappa. Table S1. Achieved metric scores when reconstructing retrospec-
tively undersampled test data with acceleration rates between 4 and 7
using MappingVN networks trained for the respective acceleration rates.
Table S2. Mean standard deviation (SD) values across the myocardium
of T1 maps for all retrospective (a) and prospective (b) experiments. The
mean SD is reported for all methods evaluated in terms of T1 accuracy.
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