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Abstract

Tagged magnetic resonance imaging (MRI) has been successfully used to track the motion of
internal tissue points within moving organs. Typically, to analyze motion using tagged MRI,

cine MRI data in the same coordinate system are acquired, incurring additional time and costs.
Consequently, tagged-to-cine MR synthesis holds the potential to reduce the extra acquisition
time and costs associated with cine MRI, without disrupting downstream motion analysis tasks.
Previous approaches have processed each frame independently, thereby overlooking the fact

that complementary information from occluded regions of the tag patterns could be present in
neighboring frames exhibiting motion. Furthermore, the inconsistent visual appearance, e.g., tag
fading, across frames can reduce synthesis performance. To address this, we propose an efficient
framework for tagged-to-cine MR sequence synthesis, leveraging both spatial and temporal
information with relatively limited data. Specifically, we follow a split-and-integral protocol

to balance spatialtemporal modeling efficiency and consistency. The light spatial-temporal
transformer (LiST?2) is designed to exploit the local and global attention in motion sequence

with relatively lightweight training parameters. The directional product relative position-time bias
is adapted to make the model aware of the spatial-temporal correlation, while the shifted window
is used for motion alignment. Then, a recurrent sliding fine-tuning (ReST) scheme is applied to
further enhance the temporal consistency. Our framework is evaluated on paired tagged and cine
MRI sequences, demonstrating superior performance over comparison methods.

1 Introduction

In muscle mechanic-related medical imaging applications, assessment of deformation
patterns of internal tissues is a crucial step that translates image-related information to
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physical spaces. The need for more accurate estimations is essential in both imaging
research and clinical practice. Tagged magnetic resonance imaging (MRI) [18] with spatially
encoded tag patterns is among the most popular modalities for capturing internal motion in
terms of deformed image patterns, which has received widespread applications in studying
the motion of internal muscles, such as the myocardium [16] and the tongue [24,23].

However, due to the intrinsic low anatomical resolution of tagged MRI, an additional set
of cine MRI scans with higher resolution are often acquired to serve as a matching pair
that specifies anatomical structures in detail [17]. They are often used in localization,
segmentation, and constraining of the tagged images [7], albeit at the cost of extra time
and expense. Recent studies propose various methods for tagged-to-cine MR translation
[11,13,12,9], aiming to generate cine MRI sequences from tagged MRI data. By utilizing
these generated cine MRI images, the need for acquiring additional cine MRI scans

is obviated, thereby almost reducing acquisition time by a half, while maintaining the
workflow for subsequent motion estimation analyses. However, the existing methods
[11,13,12,9] fail to fully exploit the video nature of collected data since they process frames
independently, disregarding the complementary information embedded in neighboring
frames, which has been well demonstrated in nature video restoration [20,5,8]. In addition,
the temporal flickering with inconsistent visual appearance in neighboring frames can
distract the viewers and result in incoherent results for the subsequent motion analysis.
Notably, the fading of tags across input frames can further reduce synthesis coherence.

A Kkey aspect of video restoration methods lies in designing components to realize alignment
across frames for exploiting inter-frame complementary information. Some sliding window-
based methods [20,15] only use CNNs without explicit alignment. These methods generally
input a short video section to extract temporal information implicitly, but their performance
tends to be suboptimal. Optical flow [19] or deformable convolution [26] is usually required,
at the cost of a more complex computational architecture and increased time expense.

Some other methods are based on a recurrent algorithm [1]; however, they suffer from
significant performance drops when processing either short or long videos [8]. Recently,
vision transformer (ViT) has become a promising alternative for attaining long-range
receptive fields [8]. However, its long-input setting can significantly reduce the available
training inputs, and its costly self-attention mechanism cannot be adequately supported by
the limited data.

To address the aforementioned challenges, in this work, we propose a splitand-integral
protocol to balance spatial-temporal modeling efficiency and consistency. Specifically, we
propose a light spatial-temporal transformer (LiST?) that adapts the image-based LightViT
[4] to the video sequence for efficient local and global spatial-temporal modeling. We equip
it with a directional product relative position-time bias to make the model aware of the
spatial-temporal correlation. In addition, the shifted window for local patch design is also
applied to address the motion-related mismatch in the boundary regions of neighboring
frames. Therefore, our LiST? inherits the efficiency of sliding window-based methods, while
being able to explicitly explore spatial-temporal correlations. However, ensuring consistency
at intersections remains uncertain. To address this, we propose a recurrent sliding fine-
tuning (ReST) scheme, which is regularized by the overlap-consistent loss. With this add-on

Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2024 October 28.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Liuetal. Page 3

step, we are able to combine the sliding window model with a recurrent algorithm, which
strengthens the interaction between temporal sections without compromising spatial quality.

The main contributions of this work are three-fold:

. To our knowledge, this is the first attempt at tagged-to-cine MRI sequence
synthesis, which explicitly explores the complementary cross-frame information.

. We developed a light spatial-temporal transformer with position-time bias and
shifted window to achieve efficient motion modeling with relatively limited data.

. We further explored a recurrent sliding scheme as a fine-tuning phase to
strengthen temporal consistency between neighboring sliding sections.

Both quantitative and qualitative evaluation results from 20 healthy controls with a total

of 3,774 paired slices of tagged and cine MRI show the validity of our proposed LiST? +
ReST framework and its superiority to conventional image and long-video-based translation
methods.

2 Methodology

Given the paired tagged and cine MRI sequences, we adopt a split-and-integral protocol
with LiST2 and ReST to balance data efficiency and temporal consistency. Following

the temporal sliding windows [20,21], we segment a long video sequence X into several
overlapping sections x* € R W XT each with a fixed length T, where s indexes the
section. We empirically set T to consist of five consecutive frames {x e RH XWX ]}T_] [20],

and we use a step size of 7//2 frames® to address the correlation at intersections in our ReST
phase.

Following the conventional approach used in ViT for video restoration and processing
[8,10], each frame x; is processed by two layers of shared 2D convolution, serving
as the encoder. This facilitates efficient modeling of neighboring correlations to extract

X HXW,;x1

features f; € R© after the /-th layer, followed by applying an attention scheme.

Importantly, we employ a shared decoder architecture based on UNet, incorporating
deconvolution layers and skip connections. This decoder is used to synthesize the

corresponding cine MRI sequences {Ef e RH XWX I}Tf ; approximating the ground truth
@

2.1 Light Spatial-Temporal Transformer (LiST?)
Directly modeling spatial-temporal correlations among any two C-dim vectors in H x W
plane of f; can impose quadratic complexity of @(H,ZW,ZTZ). The recent efficient ViTs

[4,25,2] usually adopt a local patch design to compute local selfattention and correlate
global patches with CNNs or anchored global attention. We further extend the general idea
to the 3D volume sequence. Specifically, in the H x W plane, the feature f; is divided

6//: floor division, which rounds the division result down to the nearest integer.
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into non-overlap local patches with the size of M, x M. For a spatial-temporal patch, we
concatenate T frames to have N = [(M, x M) x T| tokens, which are processed by the linear
projections of query (W), key (W), and value (W) branches with d-dim output to have a 2D
matrix f2, £, f € R™ X4 [3,25,2]. The i-th local patch self-attention across T frames is then
formulated as

[l

Ja

£ = Atn (7, £, 1) = SoftMax( r, e RN X4,

@

To enable the model to be aware of spatial-temporal correlations, we propose
adding a directional product relative position-time bias r, € R * N, where element
ros = Pitt, 5, i, € R is the relative position weight between the voxel a and b in H,x W, x T
tensor’. Notably, while the bias as in [22] only addresses spatial considerations, temporal
aspects are crucial for our task. We set the offset of patch positions in three directions as
follows: 6, = H,— H,+ H,8),=W.-W,+ W, and 6., =T,—T,+ T as the indices in the
learnable tensor p. Therefore, our r, can distinguish between spatial or temporal offsets and
their direction.

In addition, motion can introduce offsets between corresponding pixels in different
sequential frames, and boundary pixels may often transition across pre-defined patches
spanning multiple frames. Therefore, using a fixed patch splitting or pyramid shrinking

of the patch [4,25,2] may not efficiently explore cross-frame information in boundary
regions. As such, we propose to adopt the approach in SWinTransformer [14] to different
splitting methods within consecutive transformer blocks to provide connections within
various possible patch combinations. In addition, as in [14], we set the regular patch window
with fixed dimensions of M, = M, = 4, and displace the shifted window by (2,2) pixels. By

doing this, no pixel will always be the middle patch boundary. Thus, with a constant N, the
H W,

computational complexity of local processing for all patches becomes @(N2 o M—) which
H w

scales linearly with the input spatial size.

For efficient global correlation, we follow the lightweight transformer design [4], which uses
a global embedding G € REX4 with K < H x W, x T randomly generated global tokens

as the anchor for global information aggregation G. We perform the aggregation using

the attention mechanism with G4, £}, and f;, which is then broadcasted with the attention

mechanism of f, (}k, and G to leverage global contextual information [4]. Notably, with a
global reference anchor G, we can process each patch in parallel. Thus, for global attention,
information from local tokens can be aggregated by modeling their global dependencies
using

A learnable tensor pPE IR(ZH’ —Dx@EWi-1)xQT-1) is initialized with trunc_normal_ [22], where H, and W, are the

maximum patch dimensions in global attention. Of note, we use the same p for local and global attention.
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GUt™ 41,

Ja

G, = Attn (Gq, ff,ff) = SoftMax( f;, € RNV xd

@

We then broadcast these global dependencies to each local token as follows:

16 41w Nxd

£Eb — Ay (f?, G 62") = SoftMax G eR

©)

For each patch, we have the final feature f, = £ + 2™, ¢ RV X 4. By adding £** and £,

each token can leverage both local and global features while maintaining linear complexity
relative to the input size. This results in noticeable improvements with a negligible increase
in FLOPs.

After the processing of our L blocks of LiSTZ, deconvolution with skip connections is
applied to generate the cine MRI sequences. The model is trained with the following
reconstruction loss:

)
LiST ~s4+1 ~s+1 ~s+1 ~s+1 ~s+1 ~s+1 ~s+1 ~s+1 ~s+1 ~s+1 2
Zel = et et gt et et L st eriatlatiat s .

©

Note that with T = 5 and a step size of T//2 = 2, we use only three middle generated frames
from each video section as our final results.

2.2 Recurrent Sliding Fine-Tuning (ReST)

To improve coherence between temporal sections, we further adapt the recurrent scheme as
a fine-tuning phase with additional loss regularization to alleviate flickering. Specifically, we
input the frame of section s + 1 as the last output frame of section s, which can be described
as follows:

. ~s41 ~s+1 =s+1 cQr2 ([ s s s s
Section s+1:{c°j arhet }:LlST (@ <2 xit L at')).

®)

We calculate 25 = || {&'1', & &'}, [@1,&*",&* ") I as our reconstruction loss.
Moreover, an overlap exists in the output frames of the neighboring sections. Therefore,
we enforce the consistency with Z,....., = || & — @' |I>. The overall loss in ReST phase is
L =2 + AL seriap-
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3 Experiments and Results

For the experiments carried out in this work, 20 sequences with a total of 3,774 paired
tagged and cine MRI frames were acquired from a total of 20 healthy controls, while
speaking an utterance, “a souk” [7,23]. The image sequence was acquired at a rate of
26 frames per second. Both cine and tagged MRI images are in the same spatiotemporal
coordinate space. For our task, tagged MRI images with horizontal tag patterns were
utilized. Each frame of tagged and cine MRI has a spatial size of 128x128.

We employed a subject-independent five-fold cross-validation approach. In each fold, one
subject was used for testing, while the remaining four subjects were used for training and
validation. The long video was divided into sections consisting of five frames with a step
size of two. For data augmentation, we applied random jitter by resizing the input images
from 128 x 128 to 140 x 140, followed by random cropping back to the original size of 128
x 128 similar to [9,6].

We utilized the standard UNet backbone, employing two convolutional or deconvolutional
blocks in our encoder and decoder modules, respectively. We note that all compared
methods consistently utilized the L2 minimization objective. Empirically, we set

L =4,K =64, and a = 1. Our framework was implemented using the PyTorch deep learning
toolbox, with a learning rate set to 1e-4 in the Adam optimizer. The training was conducted
on an NVIDIA A100 GPU, requiring approximately 5 hours for 200 epochs of LiST?2
training, followed by 100 epochs of ReST. During testing, translating one tagged MRI
section to the corresponding cine MR images took about 0.2 seconds.

We anticipate that the synthesized images will demonstrate realistic and structurally
consistent textures relative to their corresponding ground truth images, which is essential for
subsequent analyses. In Fig. 2, we present a qualitative comparison between our proposed
LiST2 and ReST methods. We can clearly observe that the generated cine MRI sequence
aligns well with the ground truth, achieving superior structural and texture consistency
among neighboring frames. In the LiST2-only model, i.e., without the ReST phase, we

can achieve relatively good temporal consistency within each section. However, flickering
may still be present in the outputs across different sections. Additionally, the reconstructed
tongue shape in the second section also shows a relatively large deformation compared

with the ground truth. For LiST? w/o shifted window (SW), the generated results can

have a large degradation. SW can be an important module in our framework to enhance

the local attention of moving parts. Without SW, the spatial-temporal correlation might

be disrupted by mismatches in pixels caused by motion. The considerable variation in
contrast and texture within the tongue region across real cine MRI images could potentially
impact subsequent analyses. Furthermore, without a lightweight design, directly applying
the SWInVIT [14] to video data may not yield visually satisfactory results. The relatively
limited dataset may not adequately support the training of such a large model. While the
framewise method [11] is able to synthesize cine MRI sequences with good visual quality,
coherence among neighboring frames may be lacking. For example, the second frame in Fig.
2 often appears considerably smoother compared with the third frame, leading to distortion
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in the anatomical structure. Notably, the use of adversarial loss as in [11] does not lead to
improved performance in our video synthesis task.

To quantitatively evaluate our framework, we employed established evaluation metrics, such
as the Structural Similarity Index Measure (SSIM), Peak Signal-to-Noise Ratio (PSNR),
and Mean L1 error [11,9]. Table 1 lists numerical comparisons between the proposed
framework, image-based tagged-to-cine methods (e.g., UNet [9] and Bi-VAE-GAN [11]),
the recent CNN-based sliding window method DVDnet [20] with five-frame section, as

well as video-based transformer VRT [8]. The proposed LiSTZ outperformed the other three
comparison methods with respect to L1 error, SSIM, and PSNR consistently. By integrating
five consecutive frames as input, DVDnet [20] with CNN-based sliding window can achieve
improvements over the frame-based methods [9,11], while its spatial-temporal modeling
ability could be inferior to the ViT-based models [8]. However, the relatively limited video
data cannot adequately support the VRT with a 16-frame video section, leading to inferior
performance. Similarly, the absence of a lightweight ViT design, such as replacing the
LiST2 module with SWinViT [14], also results in a performance drop. Furthermore, the
performance can be enhanced even further through post-training fine-tuning with ReST.

It is worth noticing that recurrent-only models often experience significant performance
degradation when applied to short sequences [8], because of the lack of enough long
sequences for training. As shown in Fig. 3, the relatively high performance of LiST? can be
achieved with L € [4, 6 ], T €[5, 7] and K € [64, 128]. The lower one is usually adopted for
efficiency. In addition, the weight of &#,,...., could be a € [0.5, 2].

4 Conclusions

In this work, we proposed to synthesize cine MRI sequences from its paired tagged

MRI sequences. Given that occluded information by the tag patterns can be inherited in
neighboring frames, it is advantageous to leverage inter-frame information. In addition,
temporal flickering is a long-lasting challenge in sequence processing. With relatively
limited data, we proposed a split-and-integral protocol with LiSTZ and ReST to balance
spatial-temporal modeling efficiency and consistency. We systematically designed a
lightweight LiST?2 framework to achieve video translation, in which the directional product
relative position-time bias and shifted window were further adapted to catering the motion.
The ReST phase can be a general module to be added on sliding window-based methods
for improved cross-section consistency. Our experimental results showed that our method
outperformed the comparison methods both quantitatively and qualitatively. The synthesized
cine MRI holds promise for further applications, such as tongue segmentation and surface
motion observation.
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Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2024 October 28.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Liu etal. Page 11

Input
Tagged sequence

Ground truth
Cine sequence

LiST? + ReST
generated

LiST2 w/o ReST
generated

LiST? w/o SW
(RW-only)

Bi-VAE-GAN
generated
(with UNet)

Fig. 2:

Qualitative comparisons of our proposed LiST2 + ReST with imagebased Bi-VAE-GAN
(UNet) [11] and ablation study. The first three and later two frames are from two consecutive
sections in LiST2-based methods.
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Numerical comparisons and ablation study with five-fold crossevaluation. The best results are shown in bold.
We report the results as mean+SD over three random initializations.

Methods Processing input L1y ssiM 4 PSNR 1

UNet [9] Image 157.53+0.14 | 0.9426+0.0034 | 32.85+0.12
Bi-VAE-GAN (UNet) [11] Image 152.47+0.28 | 0.9502+0.0074 | 36.48+0.30
DVDnet [20] Sliding section 150.24+0.15 | 0.9678+0.0031 | 36.46+0.15
VRT [8] Video (16-frame) | 208.71+0.18 | 0.8742+0.0023 | 16.97+0.19
Proposed (LiSTZ + ReST) Sliding section 141.91+0.18 | 0.9743+0.0035 | 38.95+0.15
Proposed (LiST? only) Sliding section 143.05+0.20 | 0.9728+0.0027 | 38.72+0.18
Proposed (LiST? w/o SW) Sliding section 147.68+0.26 | 0.9715+0.0025 | 38.49+0.16
Proposed (Replace LiST? to SWinViT [14]) | Sliding section 192.54+0.22 | 0.9135+0.0042 | 30.54+0.22

Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2024 October 28.



	Abstract
	Introduction
	Methodology
	Light Spatial-Temporal Transformer LiST2
	Recurrent Sliding Fine-Tuning ReST

	Experiments and Results
	Conclusions
	References
	Fig. 1:
	Fig. 2:
	Fig. 3:
	Table 1:

