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Abstract

Background and purpose: Motion estimation from severely downsampled 4D-MRI
is essential for real-time imaging and tumor tracking. This simulation study developed
a novel deep learning model for simultaneous MR image reconstruction and motion
estimation, named the Downsampling-Invariant Deformable Registration (D2R) model.
Materials and methods: Forty-three patients undergoing radiotherapy for liver tumors
were recruited for model training and internal validation. Five prospective patients from
another center were recruited for external validation. Patients received 4D-MRI scans
and 3D MRI scans. The 4D-MRI was retrospectively down-sampled to simulate real-
time acquisition. Motion estimation was performed using the proposed D2R model. The
accuracy and robustness of the proposed D2R model and baseline methods, including
Demons, Elastix, the parametric total variation (pTV) algorithm, and VoxelMorph,
were compared. High-quality (HQ) 4D-MR images were also constructed using the
D2R model for real-time imaging feasibility verification. The image quality and motion
accuracy of the constructed HQ 4D-MRI were evaluated.

Results: The D2R model showed significantly superior and robust registration
performance than all the baseline methods at downsampling factors up to 500. HQ T1-
weighted and T2-weighted 4D-MR images were also successfully constructed with
significantly improved image quality, sub-voxel level motion error, and real-time
efficiency. External validation demonstrated the robustness and generalizability of the
technique.

Conclusion: In this study, we developed a novel D2R model for deformation estimation



of downsampled 4D-MR images. HQ 4D-MR images were successfully constructed
using the D2R model. This model may expand the clinical implementation of 4D-MRI
for real-time motion management during liver cancer treatment.

Keywords: real-time, motion management, 4D-MRI, deformable image registration,

deep learning



Highlights

® We proposed a deep learning registration model that is robust to downsampling
artifacts.

® We used the deep learning model to reconstruct high-quality multi-parametric 4D-
MRI from severely downsampled images.

® The model was validated by external prospective data.

® The reconstruction is promising to provide real-time efficiency.

® The proposed 4D-MRI method does not require special hardware or software and

can be integrated into current clinical protocols.



1. Introduction

Magnetic resonance imaging (MRI) has shown great capabilities for image
guidance during radiation treatment (RT) of abdominal cancer, mainly because of its
superior soft-tissue contrast. Usually, a high-quality pre-beam scan is performed before
each treatment to acquire essential information, including daily anatomical changes,
after which real-time images may be acquired during treatment to reflect tumor motion
in real time'**. However, real-time imaging mainly relies on two-dimensional (2D) cine-
MRI, which provides limited choices for image contrast (mostly T2/T1-weighted) and
incomplete motion information in only a few planes.

Four-dimensional (4D)-MRI, which contains one more time dimension than regular
three-dimensional (3D)-MRI, provides both versatile image contrasts and complete
motion information in all three directions®”’. Current 4D-MRI methods are usually
limited by insufficient temporal resolution for real-time image guidance. The total
latency between a motion and a reaction should be less than 500 ms to achieve real-
time tracking during RT®, yet 2D or 3D acquisition-based 4D-MRI methods usually
require several minutes for image acquisition to obtain sufficient data’. Some studies
have shown the feasibility of generating 4D-MR images by deforming prior 3D MR
images'®!"; however, in the real-time scenario, the time required for these methods is
unacceptable. Consequently, to fully utilize a prior high-quality multiparametric (Mp)
3D-MR image, it is of vital importance to obtain real-time 3D motion information in
the entire field of view.

Current real-time motion estimation and 4D-MRI methods are mostly based on



motion modeling. For example, 3D deformation vector fields (DVFs) may be inferred

from dynamic images, such as inferring 3D deformation vector fields (DVFs) from one-

12-15 16-19
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dimensional projections or 2D cine-MR images = >, external surrogates or
undersampled k-space data’’?!. However, these model-based methods share similar
limitations. First, they require individual modeling for each patient, and the motion
information may be incomplete, as minor motion components may be ignored. Also,
the models are usually not adaptive to patient anatomy changes throughout all the
fractions. Second, they involve the use of extra devices, and the correlation between the
external surrogates and organ deformations may be indirect. Third, patients are assumed
to maintain a constant respiratory pattern, requiring extra efforts for breath coaching.

In recent years, deep learning models have been introduced for motion estimation,
and these have successfully reduced the implementation time to milliseconds®**, thus
meeting real-time requirements. Some studies have also demonstrated the feasibility of
deformation estimation from extremely undersampled MR images using deep
learning?>-%°. Although these methods have shown promising results, the deep learning
models receive downsampled MR images directly, and downsampling artifacts may
easily mislead the motion estimation.

In this study, we propose a deep learning model, the Downsampling-Invariant
Deformable Registration (D2R) model, for simultaneous 4D-MRI reconstruction and
motion estimation, and high-quality (HQ) T1-weighted (T1w) and T2-weighted (T2w)

4D-MR images construction. The D2R model includes a reconstruction branch and a

registration branch. The former branch reconstructs images from downsampled 4D-



MRI using a densely connected convolutional neural network, while the latter branch
receives the reconstructed images and predicts accurate deformations. The performance
and robustness of the D2R model were compared with baseline iterative methods and
deep learning models. The constructed HQ 4D-MR images were evaluated by tumor

motion accuracy and image quality metrics.

2. Materials and methods
2.1 Patient data

The data used in this study was from two centers and both obtained the institutional
review board approval. Forty-three patients were from Beijing Cancer Hospital (BJCH)
with the approval number 2021YJZ05. These patients were used for model training and
internal validation. Five patients were prospectively collected from University of Texas
Southwestern Medical Center (UTSW) as external validation dataset with the approval
number STU 082013-008. Detailed patient information is provided in supplementary
Appendix A.

For BJCH patients, each of them received a 4D-MRI scan using a commercially
available sequence. Hereafter, such scan is referred to as “low-quality (LQ) 4D-MRIL.”
Thirty-one of them also received regular T1w (free-breathing) and T2w (gated) 3D MRI
scans. The 3D scans were performed just prior to the 4D scans to avoid possible
anatomical changes. Patients with low respiratory amplitude or severe motion artifacts
were excluded from model training, but were included for HQ Mp 4D-MRI

construction in later procedures. The remaining twenty-five patients used for five-fold



cross-validation. UTSW patients received 4D-MRI scans and T2w (gated) 3D MRI
scans. They were not involved in model training and were only used for HQ 4D-MRI
construction. The details of the MRI acquisition and pre-processing are provided in

supplementary Appendix A.

2.2 Real-time 4D-MRI acquisition simulation

As recommended by the American Association of Physicists in Medicine (AAPM)?,
real-time tracking requires a total latency less than 500 ms and an imaging frequency
greater than 3 Hz. To achieve this, the MRI acquisition time should be no longer than
300 ms to allow sufficient time for image reconstruction, HQ Mp 4D-MRI construction,
and radiation beam repositioning. Appendix B shows a retrospective downsampling
method using non-uniform fast Fourier transform* (NUFFT) to simulate such a real-

time scenario and generate 4D-MR images of downsampling factor (R) up to 1013.

2.3 D2R model

D2R model was trained to obtain DVFs between the high-quality pre-beam 3D MR
images and the dynamic LQ 4D-MR images. Therefore, the fixed images (If;y) in all
image pairs were downsampled retrospectively using the method introduced above. The
downsampled fixed image (I;ii‘,’cwn) was considered as the new respiratory position

during treatment, and the moving image (I,,,,,) Was intended to match it.

Figure 1 shows the network architecture of the proposed D2R model. It consists

' Available at https://github.com/andyschwarzl/gpuNUFFT
9



of a reconstruction branch and a deformable registration branch. The heavily
undersampled k-space and the simple image reconstruction with inverse NUFFT

Idown

resulted in severe artifacts in If;," ", and the blurred image content and poorly defined

organ boundaries may have misled registration. A reconstruction branch was, therefore,
needed to improve the image quality. The reconstructed image, ;7 °", and the moving

image, I,,,,,, were then fed to the deformable registration branch for DVF prediction.

Details of the D2R model are provided in Appendix C.

2.4 HQ Mp 4D-MR image construction

A D2R model-based HQ Mp 4D-MRI construction framework was proposed to
demonstrate its potential for real-time imaging. An overview of the framework is shown
in Figure 2. The 4D-MRI frame at the closest respiratory phase as the prior 3D Mp
MRI was selected as the “best-matched frame.” Prior image-based 4D-MRI methods
often suffer from inevitable mismatches between 3D- and 4D-MR images and
inaccurate image registration due to differences in image contrast. Registration is even
more challenging when the 4D-MR image is retrospectively downsampled. The
rationale for introducing the “best-matched frame” instead of direct registration was the
avoidance of possible mismatches. The 4D-MRI frame of the maximal cross-correlation
with the corresponding 3D-MR image was selected and registered to the 3D-MRI using
Elastix? to address residual anatomical differences. Each alignment between 4D and

3D MR images was manually checked before further process. The registration would

? Available at https://github.com/raacampbell/matlab_elastix
10



be completed prior to the treatments and would not delay the tracking efficiency. This
frame was considered as a representation of the 3D Mp MR image and was registered
to all frames of the downsampled 4D-MRI using the D2R model to obtain the DVFs
during the entire respiratory cycle, or a 4D-DVF. The 4D-DVF was then applied to the
3D Mp MR images to construct HQ Mp 4D-MR images at the corresponding frames.

All alignments were manually verified before HQ Mp 4D-MRI reconstruction.

2.5 Evaluation

Typical iterative and deep learning registration methods, including Demons?®’,
Elastix?®, the pTV algorithm?’, and VoxelMorph®® were included as baseline methods
for comparison, and the details are shown in supplementary Appendix D. Image
similarity metrics, including the structure similarity index measure (SSIM), peak
signal-to-noise ratio (PSNR), and mean squared error (MSE) were used for assessment
and t-tests were performed to evaluate the significance of these quantitative metrics,
with a threshold p-value of 0.05.

Region-of-interest (ROI) motion accuracy is an essential component of HQ Mp
4D-MRI. A region-matching-based program was developed in MATLAB (Version
9.11.0.1769968 [R2021b]; MathWorks Inc., Natick, MA, USA)*! and the ROI motion
trajectories were recorded in the superior—inferior (SI), anterior—posterior (AP), and
medial-lateral (ML) directions. Images were interpolated before measurement to
achieve a motion resolution of 0.33 mm.

Image quality improvement from the LQ 4D-MRI to the HQ Mp 4D-MRI was

11



quantified using several metrics. First, tumor contrast enhancement was quantified
using the contrast-to-noise ratio (CNR). Second, overall image blurring was evaluated
using a no-reference perceptual blur metric (PBM)*2. Third, organ boundary sharpness
was quantified using full-width-at-half-maximum (FWHM) value at the lung—liver
edges*. For measurements involving manual contours, i.e., CNR and lung—liver edge
FWHM measurements, the procedures were repeated three times, and the average value

was reported to reduce randomness.

3. Results

Figure 3(a) plots the performance evaluation metrics of the D2R model versus the
downsampling factor R. The D2R model gave consistent image similarity at R values
as high as 500 while the iterative methods were misled by downsampling artifacts and
outputted twisted images. Specifically, as 100 radial spokes in k-space were used in
subsequent HQ Mp 4D-MR image construction, a comparison of these methods at R
=253 (100 radial spokes) was performed, and the results are shown in Figure 3(b). The
D2R model showed significantly higher values than all the baseline methods for all
similarity metrics (p < 0.05).

Figure 4 demonstrates two registration examples. The I}il-‘,’cwn showed severe
artifacts, and the results from iterative methods were all twisted because of their nature
of aligning pixel intensities. Also, the image similarity metrics noticeably decreased to

levels even lower than those without registration. In contrast, the two deep learning

models outputs plausible results since they have seen the anatomical atlas during

12



training. The D2R model gave more accurate results compared to VoxelMorph thanks
to the image quality enhancement of 7/ °" from the reconstruction branch.

Figure 5(a) displays LQ, downsampled, and HQ Mp 4D-MR images of a patient in
six frames, with the tumor position indicated by arrows. A video of the 4D-MR image
of this patient was available in the supplementary material. The downsampled image
had degraded quality, while the HQ T1w image had better-defined structures and higher
tumor CNR of 7.7, compared to 1.9 in the LQ image. Compared to the LQ 4D-MR
image, the PBM value in the HQ T1w images decreased from 0.700 to 0.427, and the
FWHM value of the lung—liver edge decreased from 11.49 mm to 7.99 mm and from
9.81 mm to 9.26 mm in the cross-plane and in-plane directions, respectively. Tumor
visibility was further improved in the HQ T2w 4D-MR image, which had the highest
CNR of 14.4. The PBM value decreased to 0.395, and the FWHM value of the lung—
liver edge decreased to 7.84 mm and 5.13 mm in the cross-plane and in-plane directions
for the HQ T2w 4D-MR image. Motion was accurately reflected in the generated HQ
Mp 4D-MR images, and the tracked motion trajectories was plotted in Figure E.1 in
supplementary Appendix E, where tumor motion matched with the LQ 4D-MR image,
with a maximum error within 2 mm.

HQ Mp 4D-MR images were successfully obtained for the thirty-one patients from
BJCH with both 4D-MRI and 3D MRI scans. The implementation time of the D2R
model was 4.5 = 0.6 ms on the same workstation as training. The ROI motion amplitude

was measured for all patients, and statistical analysis of the mean motion error was

presented in Figure 5(b) as box plots. The mean relative ROI motion errors of HQ Mp
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4D-MR images were smaller than the voxel size of the LQ 4D-MRI. HQ Mp 4D-MR
images exhibited significant improvement (p < 0.001) over LQ 4D-MR images in
image quality metrics, including PBM, lung-liver edge sharpness, and tumor CNR,
except the tumor CNR of HQ Tlw 4D-MR images. Supplementary Appendix F
provides further details of the results.

The LQ 4D-MR, downsampled 4D-MR, and HQ T2w 4D-MR images of an
example patient in the external validation dataset are shown in Figure 6(a). The image
quality shows similar improvements as it is in the internal validation. The tumor motion
trajectory of this patient was plotted in Figure E.2 in supplementary Appendix E,
where the HQ T2w 4D-MR images matched well with the LQ 4D-MR images. Figure
6(b) shows the quantitative image quality metric improvement from the LQ 4D-MR
images (left) to HQ T2w 4D-MR images (right), in which each line represents a patient
The HQ T2w 4D-MR images over all show well matched motion and improved image

quality.

4. Discussion

To our knowledge, the D2R model is the first deep learning model to integrate
downsampled 4D-MRI reconstruction and motion estimation, showing superiority and
robustness in downsampled 4D-MR images with R up to 500. The HQ Mp 4D-MR
images constructed using the D2R model showed significantly improved image quality

and yielded accurate tumor motion trajectories. The whole construction process was

14



less than 500 ms, and the simulated image acquisition frequency was greater than 3 Hz,
promising real-time tumor tracking with 4D-MRI.

Iterative methods, including Demons, Elastix, and the pTV algorithm, outputted
twisted images when executing downsampled 4D-MRI registration due to pixel
intensity-based optimization. In contrast, deep learning models learned the overall
anatomical structures during training and were able to predict accurate DVFs. Although
the downsampled fixed images contained many artifacts, the moving image in training
was of higher quality and from which D2R model views well-defined organ boundaries,
aiding accurate deformation estimation. Besides, its reconstruction branch provides
enhanced fixed images to its registration branch, also helping its superior performance.

Deep learning-based 4D-MRI reconstruction has been a hot topic in recent years
and many interesting studies have been proposed. For example, Freedman et al.
developed a model named Dracula for rapid 4D-MRI reconstruction®¥, and Kiistner et
al. introduced additional motion correction into the reconstruction model for better
performance®®. However, many of these studies have primarily focused on improving
image quality, rather than optimizing workflows for real-time applications. Freedman
et al. spent about 28 seconds to reconstruct the images for one patient and Kiistner et
al. spent 90 seconds in image acquisition and another 35 seconds in image
reconstruction. By contrast, our study simulated an acquisition time of 0.3 second and
reconstructed the images in milli-seconds, aiming for real-time target tracking during
treatment.

The D2R model has several advantages over current real-time motion estimation or

15



4D-MRI methods. First, this method does not require patient-specific modeling and
may therefore be universal, saving time and computational resources in clinical
implementation. Second, this method does not assume motion similarity between the
training scans and those acquired during treatment, reducing the need for patient
breathing coaching. Third, this method provides images, rather than just DVFs, for
visualizing patient motion and serving as a quality assurance indicator if exceptional
motion occurs. Finally, this method may provide multiple MRI contrasts simultaneously,
benefiting other online applications such as segmentation.

The motivation for constructing HQ Mp 4D-MR images was to demonstrate the
feasibility of the D2R model for real-time imaging. The imaging acquisition
theoretically takes less than 300 ms per frame, which meets the imaging frequency
requirement. GPU-based NUFFT reconstruction takes approximately 50 ms per volume,
D2R model implementation takes 4.5 + 0.6 ms per frame, and modern MLC tracking
takes approximately 80 ms to reposition the radiation beam>®. The total latency may be
as short as 500 ms and the imaging frequency is greater than 3 Hz, satisfying the real-
time requirement® and promising the application of 4D-MRI in real-time tumor tracking.
A noteworthy point is that the data processing may need a powerful workstation instead
of the computers associated with the MR scanners, and the data loading and transferring
can take extra time in the real clinic. The average ROI tracking error in the HQ Mp 4D-
MRI was highest in the SI direction, at 1.18 £ 1.20 mm. This may be acceptable for
liver stereotactic body RT, as a margin of 1.5 mm is usually applied during planning®’.

The robustness and generalizability of our HQ 4D-MRI technique has been

16



validated on the prospective external dataset from UTSW. Despite the differences on
the MR scanner, imaging sequence, and clinical protocols, the technique successfully
constructed HQ 4D-MR images with improved image quality and well-matched tumor
motion trajectories. These results not only reinforce the robustness and generalizability
of our method but also provide tangible evidence of its applicability in the clinic.
Despite the promising results, this study has some limitations. First, the
downsampling was retrospective and simulated. The upper limit of the downsampled
4D-MR image was the LQ 4D-MR image instead of the actual patient. Also, the
simulation simplifies the processing of the k-space data, such as data transferring and
coil sensitivity compensation. Although we expect that our method will perform better
on actual patients, extra delays could be introduced into the reconstruction because of
the k-space data processing. We will acquire k-space data and evaluate the technique in
real clinical settings in our future studies. Second, the downsampled images would be
of better quality if using deep-learning-based reconstruction or super-resolution

methods>®3°

and potentially improve the deformation estimation accuracy. Lastly, the
images collected were not single-phase, especially the respiratory-averaged T1lw
images from BJCH. Even in the gated images, the tumor size can be larger than its
actual size and the enlarged volume could be its transverse area times up to 20% of the
patient’s breathing amplitude in the SI direction, as the gating was set at the last 20%
amplitude of the inhalation process. We will prospectively design a more appropriate
protocol for acquisition to balance the image quality and efficiency and provide better

images for HQ 4D-MRI reconstruction in later studies.
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5. Conclusions

In this study, we developed a novel D2R model for deformation estimation of
retrospectively downsampled 4D-MR images. The performance of the model was
consistent at downsampling factors up to 500. HQ Mp 4D-MR images, including T1w
and T2w images, were successfully constructed using the D2R model with significantly
improved image quality, sub-voxel-level tumor motion trajectories, and real-time
efficiency. This new method may expand the clinical implementation of 4D-MRI for

real-time motion management during RT for liver cancer.
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Figure captions
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Figure 1: Network architecture of (a) the proposed D2R model and (b) the dense block.
Con: convolutional layer

BN: batch normalization layer; DVF,,..4: predicted DVF; I;’i‘,’c""”: downsampled fixed
image; I75°°": reconstructed fixed image; I,,,,: moving image; ReLU: rectified linear

unit activation layer; Up: upsampling layer.
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D2R Model

3D Mp MRI 4D-DVF HQ Mp 4D-MRI

Figure 2: The HQ Mp 4D-MRI construction framework using the D2R model.
3D: three-dimensional; 4D: four-dimensional; D2R: downsampling-invariant
deformable registration;, DVF': displacement vector field;, Mp: multiparametric; MRI:

magnetic resonance imaging, HQ: high-quality.
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Figure 3: Registration performance of all tested methods. (a) Evaluation metrics versus
the downsampling factor, R. (b) Comparison of registration results at downsampling
factor R =253 (100 radial spokes).

D2R: downsampling-invariant deformable registration; DVF': displacement vector
field; MSE: mean squared error;, PSNR: peak signal-to-noise ratio; pTV: parametric

total variation; SSIM: structure similarity index measure.
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Figure 4: Examples of inputs (first row), registration results (second row), and
difference map (third row) in the (a) axial view and (b) coronal view. White arrows
indicate the superior accuracy of the D2R model over VoxelMorph.

ix

I¢;y: fixed image; I;"’W": downsampled fixed image; If/7°": reconstructed fixed image;

L0 MOViNg image; 135;';:”5: warped image from Demons; Iﬂffg"": warped image
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from Elastix; I‘f,a,,p warped image from pTV algorithm; I};}.,: warped image from

Voxelmorph; Ipax,: warped image from D2R model.
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Figure 5: (@) (From top to bottom) The LQ 4D-MR image, downsampled 4D-MR
image, HQ T1w 4D-MR image, and HQ T2w 4D-MR image of an example patient in
the coronal view. Arrows indicate the tumor in the first frame. The images represent
3D volumes, but only 2D slices are shown for demonstration. (b) The relative ROI
motion error (N = 31) in HQ Mp 4D-MR images, CNR (N = 22), PBM (N = 31), and
lung-liver edge sharpness (N = 31) of different 4D-MR images.

4D-MRI: four-dimensional magnetic resonance imaging, AP: anterior—posterior;, CNR:
contrast-to-noise ratio;, FWHM: full-width at half-maximum; ML: medial-lateral;

PBM: perceptual blur metric;, ROI: region-of-interest,; SI: superior—inferior; TIw: TI-
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weighted; T2w: T2-weighted; HQ: high-quality.
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Figure 6: (a) (From top to bottom) The LQ 4D-MR image, downsampled 4D-MR
image, and HQ T2w (SPIR) 4D-MR image of an example patient from the external
dataset in the coronal view. Arrows indicate the tumor in the first frame. The images
represent 3D volumes, but only 2D slices are shown for demonstration. (b) The relative
ROI motion error (N = 5) in HQ T2w (SPIR) 4D-MRI, and image quality metrics (N =
5) of different 4D-MR images. Each line represents a patient, and it shows the image
quality changes from the LQ 4D-MR images (left) to the HQ 4D-MR images (right).

4D-MRI: four-dimensional magnetic resonance imaging, AP: anterior—posterior;, CNR:
contrast-to-noise ratio;, FWHM: full-width at half-maximum; ML: medial-lateral;
PBM: perceptual blur metric;, ROI: region-of-interest,; SI: superior—inferior; T2w: T2-

weighted; SPIR: Spectral Pre-saturation with Inversion Recovery;, HQ: high-quality.

30





