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imaging (MRI) data is provided. The CNN is used to
generate multi-parametric 4D magnetic resonance (MR)
images based on multi-parametric 3D MR images in real-
time. The method includes receiving a 4D MR image formed
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sampled fixed images by inverse NUFFT; training a CNN
with training data comprising the 4D MR image and the
corresponding downsampled 4D MR image; and estimating
the multi-parametric 4D MR image in real-time by applying
apply the predicted DVF to the multi-parametric 3D MR
images.
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REAL-TIME ULTRA-QUALITY
MULTI-PARAMETRIC FOUR-DIMENSIONAL
MAGNETIC RESONANCE IMAGING
SYSTEM AND THE METHOD THEREOF

FIELD OF THE INVENTION

The present invention is generally related to magnetic
resonance imaging (MM) system and method. Particularly,
the present disclosure is related to a system and a method for
generating real-time ultra-quality multi-parametric four-di-
mensional (4D) magnetic resonance (MR) images.

PRIOR DISCLOSURES BY THE INVENTORS
OR A JOINT INVENTOR

Part of the present invention was disclosed in Medical
Physics Vol. 49. No. 6. (Xiao, H., et al. “Ultra-Quality
Multi-Parametric 4D-MRI for Real-Time Tumor Tracking in
Liver Radiation Therapy Using a Dual-Supervised Down-
sampling-Invariant Deformable Registration Model.”
MEDICAL PHYSICS. Vol. 49. No. 6. 111 RIVER ST,
HOBOKEN 07030-5774, NJ USA: WILEY, 2022.) on Jun.
1, 2022. Part of the present invention was also disclosed in
the American Association of Physicists in Medicine
(AAPM) Annual Meeting & Exhibition on Jul. 10, 2022.
Both disclosures are grace period inventor-originated dis-
closures disclosed within one year before the effective filing
date of this application.

BACKGROUND OF THE INVENTION

MRI is widely used in medical imaging applications for
non-invasively imaging of a body part using the magneti-
zation properties of atomic nuclei. During an MRI imaging
procedure, an external magnetic field and a radio frequency
signal of Larmor frequency are employed to a region, such
as an internal body part, to obtain an image of the internal
biological structures. Typically, the region to be imaged is
scanned by a sequence of measurement cycles to receive
magnetic resonance signals as generated from the excitation.
The magnetic resonance signals are digitized and processed
to reconstruct the image. One important application of MRI
is to image a human liver for medical diagnosis and detec-
tion of possible tumors in the liver. The development of the
present invention is motivated by the difficulties encoun-
tered when performing real-time tumor tracking in liver
radiation therapy.

4D MRI technology was introduced to include the time
domain to the three spatial directions, which is a three-
dimensional (3D) time-resolved phase-contrast MRI. The
traditional 4D MRI technology is based on two-dimensional
(2D) or 3D acquisition followed by the phase ordering of the
acquired images using a computer program. Even with the
reflecting respiratory movement, the 4D MRI can still pres-
ent excellent soft tissue contrast, which is beneficial to
respiratory movement management and target delineation in
radiotherapy.

Li et al. [1] proposed to use the deformation vector field
and high-quality 3D MR images for generating the 4D MR
images, which can extract a deformation vector field from a
low-resolution T1-weighted (T1w) 4D MRI and apply the
deformation vector field to a high-resolution T1-weighted
3D MRI to obtain a high-resolution 4D MRI.

Freedman et al. [2] and Zhang et al. [3] extended the
method of Li to T2-weighted (T2w) MR images and syn-
thetic image contrasts. The development is focused on
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improving the motion accuracy and contrast diversity of this
technique. However, the foregoing mentioned methods have
some common shortcomings, making them unable to
achieve real-time ultra-high-quality multi-parametric 4D
MRI.

First, it is needed to spend a long time on image acqui-
sition to meet the sampling conditions, which causes the
image acquisition time being too long. Second, the recon-
struction of the acquired images is executed offline, and it is
unlikely to achieve real-time generation of the 4D MR
images. In particular, the extraction of the deformation
vector field is performed using traditional iterative optimi-
zation deformation registration algorithm, which usually
requires processing time ranging from tens of minutes to
several hours. In certain cases, the patient’s irregular breath-
ing cycles may cause respiratory motion artifacts and images
imprecision. Furthermore, the image contrast agent may also
be insuflicient, and may need to use special software and/or
hardware that cannot be provided clinically. Therefore, the
current 4D MRI suffers from poor image quality, severe
motion artifacts, long acquisition time, and incapable in
performing real-time tracking. In summary, the above dis-
cussed shortcomings make the existing methods unable to
provide high temporal resolution and real-time 4D MR
images.

Accordingly, there is a need in the art to have a clinically
available 4D MRI system and the method thereof with
higher temporal resolution, better phase contrast, and higher
image quality. Furthermore, other desirable features and
characteristics will become apparent from the subsequent
detailed description and the appended claims, taken in
conjunction with the accompanying drawings and this back-
ground of the disclosure.

SUMMARY OF THE INVENTION

Provided herein is a 4D MRI system and a computer-
implemented method for generating ultra-quality multi-
parametric 4D MR images based on multi-parametric 3D
MR images in real-time. The system is implemented using
deep learning-based joint MR image reconstruction and
motion estimation model for generating the ultra-quality
multi-parametric 4D MR image.

According to the first aspect of the present disclosure, a
computer-implemented method for training a convolutional
neural network (CNN) using training data including a pair of
original and downsampled 4D magnetic resonance imaging
(MRI) data is provided. The CNN is used to generate
multi-parametric 4D magnetic resonance (MR) images
based on multi-parametric 3D MR images in real-time. The
multi-parametric 4D MR images have an improved tumor
contrast-to-noise ratio (CNR), an improved organ edges
sharpness, and a reduced perceptual blur metric (PBM). The
method includes receiving, by a processor, a 4D MR image
formed by a plurality of fixed images of different frames;
converting, by the processor, the plurality of fixed images
into a plurality of k-space data by non-uniform fast Fourier
transform (NUFFT); applying, by the processor, radial sam-
pling to the k-space data to simulate real-time MR image
acquisition; and generating a plurality of downsampled fixed
images by inverse NUFFT (iNUFFT) for reconstructing a
corresponding downsampled 4D MR image; training, by a
machine learning method, a CNN with training data com-
prising the 4D MR image and the corresponding down-
sampled 4D MR image; and estimating, by the processor, the
multi-parametric 4D MR image in real-time. The plurality of
k-space data is an array of numbers representing spatial
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frequencies of the plurality of fixed images in a Cartesian
coordinate system. The CNN is trained to calculate a pre-
dicted displacement vector field (DVF). The multi-paramet-
ric 4D MR image is estimated by applying apply the
predicted DVF to the multi-parametric 3D MR images.

In certain embodiments, the method further includes
dually supervising the step of training the CNN by an
end-to-end point error (EPE) and a normalized correlation
coeflicient (NCC).

In certain embodiments, the method further includes
generating a reference DVF from the 4D MR image using
conventional registration methods as a ground truth DVF.
The conventional registration methods include a parametric
total variation (pTV) algorithm.

In certain embodiments, the step of dually supervising the
step of training the CNN further includes determining a first
loss function between the reference DVF and the predicted
DVF as the EPE; and determining a second loss function
between a warped image and the 4D MR image as the NCC.

In certain embodiments, the step of training the CNN
includes reconstructing, by the reconstruction branch using
a densely connected network, the plurality of downsampled
fixed images to obtain reconstructed fixed images; and
deformably registering, by the registration branch, the
reconstructed fixed image and the 4D MR image to predict
deformations between the reconstructed fixed image and the
4D MR image for determining the predicted DVF.

In certain embodiments, the step of deformably register-
ing the reconstructed fixed image and the 4D MR image
further includes pairing and mapping the reconstructed fixed
image and the 4D MR image to a DVF pair for alignment.

In certain embodiments, the multi-parametric 3D MR
images include T1-weighted (Tlw) MRI, T2-weighted
(T2w) MRI, and diffusion-weighted MR imaging (DWI).

According to the second aspect of the present disclosure,
a 4D MM system is provided. The ultra-quality multi-
parametric 4D MR image obtained from the present inven-
tion shows an improved tumor CNR, an improved organ
edges sharpness, and a reduced PBM. The system includes
one or more computer devices collectively programmed
with a data pre-processing module, a model training module,
and an image generating module. The data pre-processing
module is configured to downsample a 4D MR image by
NUFFT and generates a corresponding downsampled 4D
MR image. The model training module for training a CNN
with training data using a machine learning method, wherein
the CNN is trained to calculate a predicted DVF. The image
generation module is configured to apply the predicted DVF
to the multi-parametric 3D MR images to estimate the
multi-parametric 4D MR image from the multi-parametric
3D MR images in real-time. The training data for the CNN
comprises the 4D MR image and the corresponding down-
sampled 4D MR image from the data pre-processing mod-
ule. The model training module is dually supervised by an
EPE and an NCC. The model training module is configured
to perform deformation registration of the corresponding
downsampled 4D MR image to train the CNN.

In certain embodiments, the 4D MR image is a moving
image formed by a plurality of fixed images. The plurality of
fixed images are converted into a plurality of k-space data in
a Cartesian coordinate system by NUFFT.

In certain embodiments, the plurality of k-space data is
transformed to real space to obtain a plurality of down-
sampled fixed images for training the CNN by iNUFFT. The
corresponding downsampled 4D MR image comprises the
plurality of downsampled fixed images.
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In certain embodiments, the CNN is a dual-supervised
downsampling-invariant deformable registration (D3R)
model including a reconstruction branch and a registration
branch.

In certain embodiments, the reconstruction branch is
configured to reconstruct the plurality of downsampled fixed
images using a densely connected network to obtain recon-
structed fixed images. The densely connected network com-
prises a plurality of layers each having a dense block and a
transition layer. An individual layer receives inputs from
outputs of all previous layers of the plurality of layers.

In certain embodiments, the transition layer is configured
to perform convolution and pooling. The densely connected
network is characterized with a feed-forward characteristic
for enhancing image details and suppressing artifacts.

In certain embodiments, the registration branch receives
the reconstructed fixed images and the 4D MR image for
predicting deformations between the reconstructed fixed
images and the 4D MR image, thereby the registration
branch generates the predicted DVF for the image genera-
tion module.

In certain embodiments, the registration branch is a super-
vised registration framework based on the CNN. The recon-
structed fixed images and the 4D MR image are paired and
mapped to a DVF pair for alignment.

In certain embodiments, the EPE determines a first loss
function between a reference DVF and the predicted DVF.
The NCC determines a second loss function between a
warped image and the 4D MR image.

In certain embodiments, the reference DVF is a ground
truth DVF computed from the 4D MR image using conven-
tional registration methods for supervising the model train-
ing module. The conventional registration methods com-
prise a parametric total variation (pTV) algorithm.

This Summary is provided to introduce a selection of
concepts in a simplified form that are further described
below in the Detailed Description. This Summary is not
intended to identify key features or essential features of the
claimed subject matter, nor is it intended to be used as an aid
in determining the scope of the claimed subject matter. Other
aspects and advantages of the present invention are dis-
closed as illustrated by the embodiments hereinafter.

BRIEF DESCRIPTION OF THE DRAWINGS

The appended drawings contain figures to further illus-
trate and clarify the above and other aspects, advantages,
and features of the present disclosure. It will be appreciated
that these drawings depict only certain embodiments of the
present disclosure and are not intended to limit its scope. It
will also be appreciated that these drawings are illustrated
for simplicity and clarity and have not necessarily been
depicted to scale. The present disclosure will now be
described and explained with additional specificity and
detail through the use of the accompanying drawings in
which:

FIG. 1 shows a block diagram of the real-time 4D MRI
system in accordance with certain embodiments of the
present disclosure;

FIG. 2 shows a block diagram of the data pre-processing
module in accordance with certain embodiments of the
present disclosure;

FIG. 3 shows a block diagram of the model training
module in accordance with certain embodiments of the
present disclosure;
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FIG. 4 shows the network architecture of the dual-super-
vised downsampling-invariant deformable registration
(D3R) model in accordance with certain embodiments of the
present disclosure;

FIG. 5 shows a block diagram of the image generation
module in accordance with certain embodiments of the
present disclosure;

FIG. 6 shows the comparison between D3R model and
other conventional methods on the structure similarity index
measure (SSIM), peak signal-to-noise ratio (PSNR), and
mean squared error (MSE);

FIG. 7 shows the 4D MR image and the multi-parametric
4D MR image in the coronal view of an exemplary patient;

FIG. 8 shows the tumor motion trajectories of the same
patient of FIG. 7; and

FIG. 9 shows a table summarizing further statistical
results from 31 patients with liver tumor for demonstrating
the performance of the real-time 4D MRI system.

DETAILED DESCRIPTION OF THE
INVENTION

The following detailed description is merely exemplary in
nature and is not intended to limit the disclosure or its
application and/or uses. It should be appreciated that a vast
number of variations exist. The detailed description will
enable those of ordinary skilled in the art to implement an
exemplary embodiment of the present disclosure without
undue experimentation, and it is understood that various
changes or modifications may be made in the function and
structure described in the exemplary embodiment without
departing from the scope of the present disclosure as set
forth in the appended claims.

The benefits, advantages, solutions to problems, and any
element(s) that may cause any benefit, advantage, or solu-
tion to occur or become more pronounced are not to be
construed as a critical, required, or essential features or
elements of any or all of the claims. The invention is defined
solely by the appended claims including any amendments
made during the pendency of this application and all equiva-
lents of those claims as issued.

The use of the terms “a” and “an” and “the” and “at least
one” and similar referents in the context of describing the
invention (especially in the context of the following claims)
are to be construed to cover both the singular and the plural,
unless otherwise indicated herein or clearly contradicted by
context. The terms “comprising,” “having,” and “including”
or any other variation thereof, are to be construed as
open-ended terms (i.e., meaning “including, but not limited
t0,”) unless otherwise noted. The use of any and all
examples, or exemplary language (e.g., “such as”) provided
herein, is intended merely to illuminate the invention better
and does not pose a limitation on the scope of the invention
unless otherwise claimed. No language in the specification
should be construed as indicating any non-claimed element
as essential to the practice of the invention. Further, unless
expressly stated to the contrary, “or” refers to an inclusive
“or” and not to an exclusive “or”. For example, a condition
A or B is satisfied by any one of the following: A is true and
B is false, A is false and B is true, and both A and B are true.
Terms of approximation, such as “about”, “generally”,
“approximately”, and “substantially” include values within
ten percent greater or less than the stated value.

Unless otherwise defined, all terms (including technical
and scientific terms) used in the embodiments of the present
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6

invention have the same meaning as commonly understood
by an ordinary skilled person in the art to which the present
invention belongs.

In certain embodiments, a method for generating real-
time ultra-quality multi-parametric 4D MR image is dis-
closed. The method of the present disclosure is characterized
in that the 4D MR images are determined using a convolu-
tional neural network (CNN) for image reconstruction and
deformable registration. In particular, the CNN provided is
configured to extract the 4D displacement vector field
(DVF) from the downsampled 4D MRI, which can enable
real-time ultra-quality multi-parametric 4D MRI.

The 4D MM is favorable for image guidance for radio-
therapy because it provides versatile image contrasts and
complete 3D motion information, which is essential for
cancer treatments. With the technological development of a
real-time 4D MRI, the image guidance can be integrated
with the radiotherapy treatment to improve the precision and
the safety to the patient. Therefore, it is also apparent that the
method of the present disclosure can be used to assist
various invasive medical procedures to implement a real-
time 4D magnetic resonance guided radiotherapy delivery
system or other real-time 4D magnetic resonance guided
treatment systems. In particular, the present invention can be
applied to perform real-time tumor tracking in radiotherapy
on a magnetic resonance linear accelerator (MR-Linac).

As it has been explained above, the existing real-time 4D
MM may have the deficiencies of low image quality or low
temporal resolution. Particularly for tumor tracking in liver,
the presently available solutions require motion modeling,
which need individual modeling for each patient and strong
assumptions in implementation, such as consistent breathing
pattern and anatomy. Therefore, the present invention is
proposed to develop a real-time ultra-quality multi-paramet-
ric (UQ Mp) 4D MRI method using deep learning-based
joint MR image reconstruction and motion estimation model
for generating the 4D MR images.

FIG. 1 shows a block diagram of the real-time 4D MRI
system (hereinafter referred to as the “system”) comprising
one or more computers collectively programmed with a data
pre-processing module 100, a model training module 200,
and an image generation module 300. The system is clini-
cally available and may be integrated in a medical imaging
device (such as an MRI apparatus) or separately provided as
a medical image processing device. Therefore, the data
pre-processing module 100, the model training module 200,
and the image generation module 300 are software imple-
mented modules implemented and programmed in one or
more computer devices collectively to execute a computer-
implemented method (hereinafter referred to as the
“method”) for generating multi-parametric 4D MR images
350 in real-time. In certain embodiments, the one or more
computer devices may include a stand-alone computer
device and a cloud-based computer platform. The system is
provided with a deep learning-based joint MR image recon-
struction and motion estimation model. The model is trained
in the model training module 200 by using the training data
from the data pre-processing module 100. The image gen-
eration module 300 receives multi-parametric 3D MR Image
150 to generate the multi-parametric 4D MR images 350. In
particular, the multi-parametric 3D MR Image 150 may
include, but not limited to, Tlw MRI 151, T2-weighted
(T2w) MRI 152, and diffusion-weighted MR imaging
(DWI) with b-value of 50 and 800.

FIG. 2 shows a block diagram of the data pre-processing
module 100 in accordance with certain embodiments of the
present disclosure. The data pre-processing module 100 is
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configured to use a processor or one or more computer
devices to downsample the 4D MR image 110 and generate
a corresponding downsampled 4D MR image 140 for simu-
lating the limited image acquisition time in real-time MRI.
The 4D MR image 110 may be collected clinically from the
hospital or other medical institutes and received by the
processor for pre-processing. The 4D MR image 110 is a
moving image, which is formed by a plurality of fixed
images 111 of different frames, wherein the plurality of fixed
images 111 are high quality multi-parametric images, which
may be 3D MR images or 2D MR images. In certain
embodiments, the fixed images 111 are designated by frames
1, 2, ..., m-1, m. The plurality of fixed images 111 are
converted into a plurality of k-space data 120 at different
frames by non-uniform fast Fourier transform (NUFFT),
wherein the plurality of k-space data 120 is an array of
numbers representing the spatial frequencies of the plurality
of fixed images 111 in a Cartesian coordinate system.
Therefore, the NUFFT is applied to downsample the 4D MR
image 110.

In order to simulate real-time MR image acquisition using
MRI, radial scan is applied by a processor to the k-space data
120 of the 4D MR image 110. In certain embodiments, n
radial spokes 130 are collected from the k-space data 120
using 3D radial sampling. One critical problem with the
existing solution is related to the motion artifacts. For the
realization of real-time acquisition, the delay from the
occurrence of the patient’s action to the treatment response
should be minimized, preferably to less than 500 ms. Mean-
while, the data lost should be reduced. The inventors of the
present application have simulated the online acquisition in
real-time tumor tracking using 100 as n, so 100 radial spokes
130 are collected. Inverse NUFFT (iINUFFT) is used to
transform the simulated real-time image acquisition of the
k-space data 120 back to the real space to obtain a plurality
of downsampled fixed images 141 as the training data for the
model training module 200, wherein the plurality of down-
sampled fixed images 141 are downsampled from the plu-
rality of fixed images 111 by NUFFT for simulating the
dynamic images in real-time tracking and MR image acqui-
sition as input to a deformable registration network. The
plurality of downsampled fixed images 141 at different
moments are combined and linked together to form the
corresponding downsampled 4D MR image 140 of the 4D
MR image 110. In addition, for enhancing the accuracy and
providing retrospective data, a reference DVF 160 is com-
puted from the 4D MR image 110 using conventional
registration methods as ground truth DVF for supervising
the model training module 200. In certain embodiments, the
conventional registration methods may comprise a paramet-
ric total variation (pTV) algorithm.

Alternatively, the k-space data 120 may be used directly
as the training data for the model training module 200. In
such case, a complex neural network is used to directly
reconstruct the collected k-space data 120 without iNUFFT.
This alternative configuration can improve the quality of the
training data and further improve the accuracy of the train-
ing model.

FIG. 3 shows a block diagram of the model training
module 200, which is used to perform deformation regis-
tration of the corresponding downsampled 4D MR image
140 to train a deep learning-based model by a machine
learning method with respect to a pair of original and
downsampled 4D MRI data, in accordance with certain
embodiments of the present disclosure. The training data for
the model training module 200 comprises the 4D MR image
110 and the corresponding downsampled 4D MR image 140
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from the data pre-processing module 100. The model train-
ing module 200 comprises a CNN 250, which is trained to
calculate a predicted DVF 230. Although CNN is applied in
the present disclosure, it is apparent that other deep learning-
based models may be used. The performance of the CNN
250 is highly dependent on the training data, which is
obtained from different medical institutes and different MRI
apparatuses. With training data from a considerable number
of patients of different medical institutes, the model training
module 200 can achieve better generalization for fine-tuning
the CNN 250. In one preferred embodiment, the CNN 250
is a dual-supervised downsampling-invariant deformable
registration (D3R) model. Since the real-time tracking
requires an imaging frequency greater than 3 Hz and the
repetition time (TR) in the T1w MRI sequence is around 3
ms, 100 radial spokes 130 are utilized to reconstruct the
training images. The model training module 200 is dually
supervised with two kinds of reference data. In the preferred
embodiment, the model training module 200 is supervised
by the end-to-end point error (EPE) 220 and the normalized
correlation coeflicient (NCC) 210. In certain embodiments,
the EPE 220 determines a first loss function between the
reference DVF 160 (ground truth DVF) and the predicted
DVF 230, while the NCC 210 determines a second loss
function between the warped image 260 and the 4D MR
image 110. The first and second loss functions are used for
supervising the training of the CNN 250.

FIG. 4 shows the network architecture of the D3R model,
which is the preferred embodiment of the CNN 250, in
accordance with certain embodiments of the present disclo-
sure. The D3R model comprises a reconstruction branch 251
and a registration branch 252. The reconstruction branch 251
is configured to reconstruct the plurality of downsampled
fixed images 140 using a densely connected network to
obtain reconstructed fixed images 255. In certain embodi-
ments, the densely connected network may be the Dense
Convolutional Network (DenseNet) [4] having a plurality of
layers each having a dense block 251 A and a transition layer
251B. In particular, an individual layer receives inputs from
outputs of all previous layers of the plurality of layers, and
the transition layer 251B is configured to perform convolu-
tion and pooling. The densely connected network features a
feed-forward characteristic for enhancing the image details
and suppressing the artifacts.

The reconstructed fixed images 255 and the 4D MR image
110 are received by the registration branch 252 to predict the
deformations between them, thereby the registration branch
255 generates the predicted DVF 230 for the image genera-
tion module 300. In certain embodiments, the registration
branch 252 is a supervised registration framework based on
the CNN 250, which is configured to determine the predicted
DVF 230 between two frames of images. For example, the
registration branch 252 may be based on any medical image
registration techniques, such as the VoxelMorph [5]. The
reconstructed fixed images 255 and the 4D MR image 110
are paired and mapped as a DVF pair for alignment.
Throughout the training process, the reconstruction loss and
the registration loss are dually supervised. The previous data
from the data pre-processing module 100 are fed into the
D3R model for training. The training of the reconstruction
branch 251 is supervised with the 4D MR image 110, and the
training of the registration branch 252 is supervised with
image similarity and a pre-prepared reference DVF 160. The
4D MR image 110 only needs one frame whose respiratory
phase matches fixed image 111, which is called a represen-
tative frame. Image segmentation and registration are further
performed to deformably register the representative frame
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with the fixed image 111 for eliminating possible bias.
Afterwards, the D3R model is used to deform-register the
representative frame with all frames of downsampled fixed
images 141 in the corresponding downsampled 4D MR
image 140 to obtain the predicted DVF 230 from the
representative frame to each frame. After training to con-
vergence, a trained CNN 250 is obtained.

FIG. 5 shows a block diagram of the image generation
module 300 for estimating the multi-parametric 4D MR
image 350 in accordance with certain embodiments of the
present disclosure. The image generation module 300 may
be programmed as a software executed by the processor of
the one or more computer devices. In particular, the multi-
parametric 4D MR image 350 is a UQ Mp 4D MR image.
Advantageously, the use of the multi-parametric 3D MR
images 150 can simply the multiple scans of 4D MR image
to a signal scan, which can reduce the financial burden on the
patients and improve treatment efficiency for the hospitals.
In certain embodiments, the image generation module 300
receives the predicted DVF 230 from the trained CNN 250,
and the multi-parametric 3D MR images 150 for estimating
the multi-parametric 4D MR image 350. In particular, the
predicted DVF 230 obtained from the CNN 250 is used to
deform the multi-parametric 3D MR images 150 to estimate
the multi-parametric 4D MR image 350 in real-time.

The registration performance and robustness of the D3R
model are compared to conventional methods, including
Demons, Elastix, and pTV algorithm. The constructed multi-
parametric 4D MR image 350 is evaluated by tumor tracking
accuracy and image quality indicators, including tumor
contrast-to-noise ratio (CNR), liver-lung edge sharpness,
and perceptual blur metric (PBM). The D3R model shows
significantly higher image similarity measures than other
conventional methods.

For the registration between original 4D MR image 110
and the plurality of downsampled fixed images 141, the D3R
model shows significantly smaller mean squared error
(MSE), and higher peak signal-to-noise ratio (PSNR) and
structure similarity index measure (SSIM) than all the
conventional methods (p<0.001 for all metrics). The com-
parison is summarized in FIG. 6. D3R model shows signifi-
cantly improve quantitative metrics, which is more robust to
downsampling artifacts with better organ alignment. In
particular, the multi-parametric 4D MR image 350 obtained
from the present invention has an improved tumor CNR, an
improved organ edges sharpness, and a reduced PBM.

To visually illustrate the performance, the 4D MR image
110 and the multi-parametric 4D MR image 350 in the
coronal view of an exemplary patient is shown in FIG. 7. In
the figure, the original 4D MR image 110 is shown in row
(a). The corresponding downsampled 4D MR image 140 is
shown in row (b). The multi-parametric 4D MR image 350
is shown in rows (c) to (f). In particular, row (c) refers to the
T1w, row (d) refers to the T2w, row € refers to the DWI with
b=50, and row () refers to the DWI with b=800. The tumor
contrast is significantly improved in the Tlw and T2w
images.

FIG. 8 shows the corresponding tumor motion trajectories
of the same patient as that in FIG. 7. In the presented six
consecutive frames, the image quality of the corresponding
downsampled 4D MR image 140 is greatly degraded, and
the anatomical structures are difficult to identify. In com-
parison, the constructed multi-parametric 4D MR image 350
exhibits better defined anatomical boundaries with greatly
improved tumor contrast. Therefore, the tumor motion can
be accurately reflected in the multi-parametric 4D MR
image 350, with a maximum error of less than 2 mm. The
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organ motions, including those caused by the reflecting
respiratory movement, can well-matched with the original
4D MR image 110.

Further statistical results from 31 patients with liver tumor
are listed in FIG. 9. The 4D MR image 110 is obtained using
TWIST volumetric interpolated breath-hold examination
(TWIST-VIBE) sequence. In the table, the multi-parametric
4D MR image 350 shows significantly improved image
quality and accurate tumor motion trajectory compared to
the original 4D MR image 110. The relative tumor motion
errors are 1.18+1.20, 0.52+0.55, and 0.41x0.47 mm in the
superior-inferior, anterior-posterior, and mid-lateral direc-
tions. From the original 4D MR image 110 to the multi-
parametric 4D MR image 350, CNR increased from
8.30+6.87 to 35.28+35.29, lung-liver edge full-width-at-
half-maximum decreased from 8.7+6.4 mm to 5.2+2.4 mm,
and PBM decreased from 0.70+0.01 to 0.38+0.01. The result
demonstrates promising results for real-time tumor tracking
in liver radiation therapy.

This illustrates the fundamental 4D MRI system and
method for generating real-time ultra-quality multi-paramet-
ric 4D MR images in accordance with the present disclosure.
It will be apparent that variants of the above-disclosed and
other features and functions, or alternatives thereof, may be
combined into many other different kinds of medical devices
for performing radiotherapy on various internal organs. The
present embodiment is, therefore, to be considered in all
respects as illustrative and not restrictive. The scope of the
disclosure is indicated by the appended claims rather than by
the preceding description, and all changes that come within
the meaning and range of equivalency of the claims are
therefore intended to be embraced therein.
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What is claimed is:

1. A computer-implemented method for training a con-
volutional neural network (CNN) using training data com-
prising a pair of original and downsampled 4D magnetic
resonance imaging (MRI) data, the CNN used to generate
multi-parametric 4D magnetic resonance (MR) images
based on multi-parametric 3D MR images in real-time, the
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multi-parametric 4D MR images having an improved tumor
contrast-to-noise ratio (CNR), an improved organ edges
sharpness, and a reduced perceptual blur metric (PBM), the
method comprising:
receiving, by a processor, a 4D MR image formed by a
plurality of fixed images of different frames;

converting, by the processor, the plurality of fixed images
into a plurality of k-space data by non-uniform fast
Fourier transform (NUFFT), wherein the plurality of
k-space data is an array of numbers representing spatial
frequencies of the plurality of fixed images in a Car-
tesian coordinate system;
applying, by the processor, radial scan to the plurality of
k-space data to simulate real-time MR image acquisi-
tion; and generating a plurality of downsampled fixed
images by inverse NUFFT (iNUFFT) for forming a
corresponding downsampled 4D MR image;

reconstructing, by the processor, the plurality of down-
sampled fixed images using a densely connected net-
work in a reconstruction branch of a dual-supervised
downsampling-invariant ~ deformable  registration
(D3R) model to obtain reconstructed fixed images with
enhanced image details and suppressed artifacts;

training, by a machine learning method, the CNN with
training data comprising the 4D MR image and the
corresponding downsampled 4D MR image and the
reconstructed fixed images, wherein the CNN is the
D3R model comprising the reconstruction branch and a
registration branch and is trained to calculate a pre-
dicted displacement vector field (DVF) based on
deformable registration of the reconstructed fixed
images and the 4D MR image by the registration
branch; and

estimating, by the processor, the multi-parametric 4D MR

image in real-time by applying the predicted DVF to
the multi-parametric 3D MR images.

2. The method of claim 1 further comprising dually
supervising the step of training the CNN by an end-to-end
point error (EPE) and a normalized correlation coeflicient
(NCO).

3. The method of claim 2 further comprising generating a
reference DVF from the 4D MR image using conventional
registration methods as a ground truth DVF, wherein the
conventional registration methods comprise a parametric
total variation (pTV) algorithm.

4. The method of claim 3, wherein the step of dually
supervising the step of training the CNN further comprises
determining a first loss function between the reference DVF
and the predicted DVF as the EPE; and determining a second
loss function between a warped image and the 4D MR image
as the NCC.

5. The method of claim 1, wherein the step of training the
CNN comprises:

deformably registering, by the registration branch, the

reconstructed fixed images and the 4D MR image to
predict deformations between the reconstructed fixed
images and the 4D MR image for determining the
predicted DVFE.

6. The method of claim 5, wherein:

the densely connected network comprises a plurality of

layers each having a dense block and a transition layer;
and

an individual layer receives inputs from outputs of all

previous layers of the plurality of layers.

7. The method of claim 6, wherein the step of reconstruct-
ing the plurality of downsampled fixed images further
comprises performing convolution and pooling, wherein the
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densely connected network is characterized with a feed-
forward characteristic for enhancing image details and sup-
pressing artifacts.

8. The method of claim 5, wherein the step of deformably
registering the reconstructed fixed image and the 4D MR
image further comprises pairing and mapping the recon-
structed fixed image and the 4D MR image to a DVF pair for
alignment, wherein the registration branch is a supervised
registration framework based on the CNN.

9. The method of claim 1, wherein the multi-parametric
3D MR images comprise Tl-weighted (T1w) MRI,
T2-weighted (T2w) MRI, and diffusion-weighted MR imag-
ing (DWI).

10. A four-dimensional (4D) magnetic resonance imaging
(MRI) system for generating multi-parametric 4D magnetic
resonance (MR) images based on multi-parametric 3D MR
images in real-time, the multi-parametric 4D MR images
having an improved tumor contrast-to-noise ratio (CNR), an
improved organ edges sharpness, and a reduced perceptual
blur metric (PBM), the system comprising:

one or more computer devices collectively programmed

with a data pre-processing module, a model training
module, and an image generating module, wherein:
the data pre-processing module is configured to down-
sample a 4D MR image by non-uniform fast Fourier
transform (NUFFT) and generate a corresponding
downsampled 4D MR image, wherein:
the 4D MR image is formed by a plurality of fixed
images of different frames,
the plurality of fixed images are converted into a
plurality of k-space data by the non-uniform fast
Fourier transform (NUFFT),
the plurality of k-space data is an array of numbers
representing spatial frequencies of the plurality of
fixed images in a Cartesian coordinate system,
radial scan is applied to the plurality of k-space data
to simulate real-time MR image acquisition, and
a plurality of downsampled fixed images are gener-
ated by inverse NUFFT (iNUFFT) for forming the
corresponding downsampled 4D MR image;
the data pre-processing module is further configured to
reconstruct the plurality of downsampled fixed
images using a densely connected network in a
reconstruction branch of a dual-supervised down-
sampling-invariant deformable registration (D3R)
model to obtain reconstructed fixed images with
enhanced image details and suppressed artifacts;
the model training module is configured to train a
convolutional neural network (CNN) with training
data using a machine learning method, wherein the
CNN is the D3R model comprising the reconstruc-
tion branch and a registration branch, the training
data comprises the 4D MR image, the corresponding
downsampled 4D MR image and the reconstructed
fixed images from the data pre-processing module,
and the CNN is trained to calculate a predicted
displacement vector field (DVF) based on deform-
able registration of the reconstructed fixed images
and the 4D MR image by the registration branch; and
the image generation module is configured to apply
the predicted DVF to the multi-parametric 3D MR
images to estimate the multi-parametric 4D MR
image in real-time,
wherein:
the training data for the CNN comprises the 4D MR
image and the corresponding downsampled 4D
MR image from the data pre-processing module;
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the model training module is dually supervised by an
end-to-end point error (EPE) and a normalized
correlation coefficient (NCC); and

the model training module is configured to perform
deformation registration of the corresponding
downsampled 4D MR image to train the CNN.

11. The system of claim 10, wherein the 4D MR image is
a moving image formed by the plurality of fixed images.

12. The system of claim 10, wherein the reconstruction
branch is configured to reconstruct the plurality of down-
sampled fixed images using a densely connected network to
obtain reconstructed fixed images, wherein:

the densely connected network comprises a plurality of

layers each having a dense block and a transition layer;
and

an individual layer receives inputs from outputs of all

previous layers of the plurality of layers.

13. The system of claim 12, wherein the transition layer
is configured to perform convolution and pooling; and the
densely connected network is characterized with a feed-
forward characteristic for enhancing image details and sup-
pressing artifacts.
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14. The system of claim 12, wherein the registration
branch receives the reconstructed fixed images and the 4D
MR image for predicting deformations between the recon-
structed fixed images and the 4D MR image, thereby the
registration branch generates the predicted DVF for the
image generation module.

15. The system of claim 14, wherein the registration
branch is a supervised registration framework based on the
CNN, wherein the reconstructed fixed images and the 4D
MR image are paired and mapped to a DVF pair for
alignment.

16. The system of claim 10, wherein the EPE determines
a first loss function between a reference DVF and the
predicted DVF; and the NCC determines a second loss
function between a warped image and the 4D MR image.

17. The system of claim 16, wherein the reference DVF
is a ground truth DVF computed from the 4D MR image
using conventional registration methods for supervising the
model training module, wherein the conventional registra-
tion methods comprise a parametric total variation (pTV)
algorithm.



