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Background: The purpose of this study is to improve on-board volumetric cine magnetic resonance
imaging (VC-MRI) using multi-slice undersampled cine images reconstructed using spatio-temporal k-space
data, patient prior 4D-MRI, motion modeling (MM) and free-form deformation (FD) for real-time 3D
target verification of liver and lung radiotherapy.

Methods: A previous method was developed to generate on-board VC-MRI by deforming prior MRI
images based on a MM and a single-slice on-board 2D-cine image. The two major improvements over the
previous method are: (I) FD was introduced to estimate VC-MRI to correct for inaccuracies in the MM; (IT)
multi-slice undersampled 2D-cine images reconstructed by a k-t SLR reconstruction method were used for
FD-based estimation to maintain the temporal resolution while improving the accuracy of VC-MRI. The
method was evaluated using XCAT lung simulation and four liver patients’ data.

Results: For XCAT, VC-MRI estimated using ten undersampled sagittal 2D-cine MRIs resulted in volume
percent difference/volume dice coefficient/center-of-mass shift of 9.77%+3.71%/0.95+0.02/0.75+0.26 mm
among all scenarios based on estimation with MM and FD. Adding FD optimization improved VC-MRI
accuracy substantially for scenarios with anatomical changes. For patient data, the mean tumor tracking
errors were 0.64x0.51, 0.62+0.47 and 0.24+0.24 mm along the superior-inferior (SI), anterior-posterior (AP)
and lateral directions, respectively, across all liver patients.

Conclusions: It is feasible to improve VC-MRI accuracy while maintaining high temporal resolution using

FD and multi-slice undersampled 2D cine images for real-time 3D target verification.
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Introduction Localization is especially critical for liver and lung treatment

since respiratory motion can affect target location (1,2).
Target localization is critical for stereotactic body radiation Reducing target localization errors helps to make the
therapy (SBRT) due to high fractional dose, tight planning radiotherapy more effective based on previous studies, which

target volume (PTV) margin, and long treatment time. showed that minimizing treatment errors was correlated with

© Quantitative Imaging in Medicine and Surgery. All rights reserved. Quant Imaging Med Surg 2020;10(2):432-450 | http://dx.doi.org/10.21037/qims.2019.12.10


https://crossmark.crossref.org/dialog/?doi=10.21037/qims.2019.12.10

Quantitative Imaging in Medicine and Surgery, Vol 10, No 2 February 2020 433

reduced normal tissue toxicity and improved tumor control
(3,4). Developing real-time volumetric imaging is necessary
for improving on-board target localization.

Recently, on-board magnetic resonance imaging (MRI)
has been introduced in clinics for target localization due to
no ionizing radiation dose and superb soft tissue contrast.
2D cine MRI and 4D MRI techniques have been developed
recently for imaging moving targets (5-10). 2D cine MRI
can track the in-plane motion of the target in 2 dimensions
by generating 2D images in the specific plane of the patient
continuously. 2D cine MRI does not have volumetric
information, and thus can only track the tumor in two
dimensions and cannot capture the out of plane motion or
the 3D deformation of the target. Orthogonal 2D MRI can
be acquired to track out of plane motion, but there are no
clinically available techniques that allow for simultaneous
orthogonal 2D cine MRI acquisition for 3D verification or
tracking (11,12). In addition, acquiring orthogonal 2D cine
MRI would not provide 3D information of the target, which
is important for verifying/tracking the target deformation
during treatment and post treatment evaluation of the
accumulated dose delivered to the target.

A volumetric-cine MRI (VC-MRI) method was developed
using a single 2D cine on-board MRI slice along with
prior 4D MRI to estimate on-board 3D cine MRI for
target localization (13). The method was accelerated using
undersampled single 2D cine images to improve the temporal
resolution of the VC-MRI (14). The original method used
a motion model (MM) to estimate a deformation field map
(DFM) used to estimate the VC-MRI. The limitation to this
method is that the VC-MRI accuracy is limited when there
are large anatomical changes, such as tumor size change from
simulation to treatment, due to the limitations of the MM.

"This study aims to do the following: (I) introduce a free-
form deformation (FD) model to correct for any errors in
the MM,; (II) acquire multiple undersampled 2D cine images
to provide adequate information for FD estimation while
maintaining or improving the temporal resolution of the VC-
MRI; (III) to evaluate the effect of 2D cine slice orientation,
slice location and slice number on the VC-MRI estimation
accuracy. The undersampled cine images are reconstructed
based on low-rank decomposition in the spatial-temporal
domain (6). The new method proposes to further improve the
accuracy and temporal resolution of VC-MRI for different
patient scenarios, making it a robust real-time 3D MRI
technique. The method is evaluated using an anthropomorphic
digital XCAT phantom. The novel undersampling technique

is evaluated using four liver patients’ data.
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Methods

The overall workflow is shown in Figure 1. The on-board
VC-MRI at any time step is assumed to be a deformation
of MRI,;,, or the end-of-expiration (EOE) phase of a 4D
MRI taken during simulation, and the goal is to solve for
the DFM that best estimates the on-board VC-MRI, by
using on-board undersampled 2D cine MRIs reconstructed
using a low-rank k-t SLR reconstruction method. Principal
component analysis (PCA) is used on DFMs obtained from
the phases of the 4D MRI to extract out three deformation
modes. The deformation modes are optimized in a MM
method to obtain a coarse estimation of the DFMs. Then,
the DFM is fine-tuned using a FD method, which lets
each voxel in the DFM deform freely, without assuming
any prior motion. More detail on the overall methods is
described in the next sections.

MM

Based on the previously developed method, the VC-MRI
is estimated as follows (13,14). Prior 4D MRI is taken
during simulation, and the EOE phase is designated as
MRI,;,.. The on-board VC-MRI at each respiratory phase
is considered a deformation of MRIL;,. shown in Equation
[1]. The goal is to solve for the DFM that best estimates the
on-board VC-MRI.
VCMRI(i,j,k) = MRI

prior

[i+DFMX(i,j,k),j+
o N
DFM, (i, j,k).k+DFM._(i, j.k)]

DFMx, DFMy and DFMz represent the deformation
fields along the three canonical directions of the Cartesian
coordinate system. The DFMs are solved based on a MM
optimization method by deforming MRI,;,, to all other
phases of the 4D MRI. PCA is used to extract out three
major deformation modes from the DFMs. Then, the
DFM can be represented as a weighted linear combination
of the first three major deformation modes, as shown by
Equation [2].

2
DFM = DFM, ..+ > w,DFM [2]
=

DFM,,,,. is the average of the original DFMs from the
prior 4D MRI, w; are the weighting coefficients, and DFM,

0,ave

are the three principal deformation modes. The weighting
coefficients, are solved for by using a data fidelity constraint,
shown in Equation [3].
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Figure 1 Overall workflow to generate on-board VC-MRI using MM-FD method and undersampled 2D cine MRI reconstructed with low

rank k-t SLR method. VC-MRI, volumetric cine magnetic resonance imaging; MM, motion modeling; FD, free-form deformation.

S * VCMRI(DFM MRI )

prior

2DCine,,, (3]

Here, S is the operator to extract the corresponding
slice of the VCMRI as the 2DCline slices. The data fidelity
constraint matches the on-board 2D cine MRI to the
corresponding slice of the VC-MRI. After the weighting
coefficients are solved for, the final DFM is calculated and
VC-MRI can be generated by using Equation [1]. For
more details about the original VC-MRI method, refer to
previous publications (13,14).

FD

Anatomical changes from simulation to treatment, such as
tumor size changes, may affect the accuracy of the DFM
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due to an inaccurate MM. To solve these potential issues,
a FD method is applied afterwards to fine tune the DFM.
The DFM solved for by the MM is used as the initial
starting point of the DFM for the FD. Without assuming
any MMs, the FD method allows each voxel in the DFM
to move freely, while minimizing deformation energy to
preserve the smoothness of the DFM. The energy of the
DFM is defined in Equation [4] (15,16).

Ny

E(DFM) ZZZZ MWM—””‘)T N

i=1 j=1 k=l m=1

(4]

[6DFng(i, j,k)]z +[aDFMgZ(z‘,j,k)]2J

Quant Imaging Med Surg 2020;10(2):432-450 | http://dx.doi.org/10.21037/qims.2019.12.10



Quantitative Imaging in Medicine and Surgery, Vol 10, No 2 February 2020 435

The goal of the FD optimization is to find the DFM
satisfying Equation [5], subject to the data fidelity constraint
in Equation [6], which aims to minimize the sum of the
differences between each of the on-board 2D cine images

with the corresponding slices of the VC-MRI.
DFM = argmin E(DFM) [5]

f(DFM) = ZHSz *VCMRI (MRIprior : DFM) -
(6]

2
<&

2DCinel.

2

Here, 7 represents the sum over the multiple cine slices.
The energy constraint and the data fidelity constraint work in
opposition. Because of that, they are enforced consecutively
through gradient descent optimization to adaptively control
the step size to reach final convergence (15).

Multi-slice undersampled 2D cine MRI

FD estimation requires the use of multiple on-board 2D
images in the data fidelity constraint due to its large number
of variables. Using undersampled 2D cine MRI allows for
acceleration to acquire multiple 2D cine MRI for VC-MRI
estimation without sacrificing its temporal resolution. A
previously developed low-rank decomposition method was
used to reconstruct the undersampled cine images (6,17).
The low-rank decomposition method uses k-t SLR to
reconstruct highly undersampled 2D cine images, utilizing
both spatial and temporal information (6,17). The spatio-
temporal signal to solve for can be denoted as y(5,z), where
s is the spatial location and 7 is the time. Then, y(s,) can be
rearranged into a matrix, x, shown in Equation [7] (17).

7(soato) 7(So’tn71)
X = : - : (7]
Y (smfl ’ tO) v (Smfl 4 tn—l )
Where the rows of x correspond to the voxels and the
columns correspond to the temporal samples.

The main optimization equation used to reconstruct the
undersampled k-space data is shown in Equation [8].

argmin,|[F, (X )~ k| + 4g(X)+ 4TV (X) 8]
The images are assumed rank deficient, and so the sparse

vector x can be generalized to a low-rank matrix, X. F, is
the partial Fourier transformation, & is the undersampled
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k-space data, and 4, and 4, are regularization parameters.
A total variation (TV) constraint in both the spatial and
temporal domain was used to utilize the sparse gradients
of the dynamic images. Equation [8] is named as k-t SLR.
Additional details of the reconstruction algorithm can
be found in previous publications (6,17). The k-t SLR
produces high quality reconstructed images based on highly
undersampled k-space data due to the decomposition in
the spatial-temporal domain by utilizing the anatomical
consistency from the temporal images.

XCAT simulation

A digital anthropomorphic phantom, XCAT, was used to
simulate the prior 4D MRI and ground-truth on-board VC-
MRI (18). The respiratory motion for the body of the phantom
and the tumor of the phantom were controlled by two
respiratory curves, separately: the diaphragm curve [superior-
inferior (SI) motion] and the chest wall curve [anterior-
posterior (AP) motion]. No lateral motion was simulated.

Prior 4D MRI simulation

A spherical lesion of 30 mm diameter was simulated in the
middle of the lung in XCAT. The respiratory cycle was set
to 5 second, and the amplitudes of the diaphragm curve and
chest wall curve were set to 3 and 2 cm, respectively. A ten-phase
4D MRI was simulated as the prior 4D MRI. The MRI volume
of each phase was composed of 256x256x100 voxels, with
each voxel measuring 1.875x1.875x3 mm’ in dimension.
The XCAT phantom was generated in activity mode in
order to produce MRI-like images.

Ground-truth VC-MRI simulation

Based on parameters used to generate the prior 4D MRI,
eight patient scenarios were simulated for on-board volume
sets to reflect different on-board respiratory and anatomical
changes. The body volume and the tumor volume get
generated separately, each with their own corresponding
diaphragm curve (SI motion) and chest wall curve (AP
motion). Various SI and AP amplitudes were chosen for the
body and tumor volumes separately. Different shifts were
also simulated in the SI, AP and lateral directions, in which
case the tumor volume is shifted in the corresponding
direction relative to the prior 4D MRI simulation. 7able 1
shows the parameters for the eight scenarios.

On-board 2D cine MRI simulation
2D sagittal, axial and coronal slices were extracted from

Quant Imaging Med Surg 2020;10(2):432-450 | http://dx.doi.org/10.21037/qims.2019.12.10



436

Table 1 XCAT parameters for the eight on-board scenarios
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Scenario Tumor size Body SI Body AP Tumor SI Tumor AP Sl shift AP shift LAT shift Tumor phase
(mm) amplitude (cm) amplitude (cm) amplitude (cm) amplitude cm) (mm)  (mm) (mm) shift (%)
1 30 2.0 1.2 2.0 1.2 0.0 0.0 0.0 0.0
2 25 2.0 1.2 2.0 1.2 0.0 0.0 0.0 0.0
3 40 2.0 1.2 2.0 1.2 0.0 0.0 0.0 0.0
4 30 2.0 1.2 2.0 1.2 8.0 0.0 0.0 0.0
5 30 2.0 1.2 2.0 1.2 0.0 8.0 0.0 0.0
6 30 2.0 1.2 2.0 1.2 5.0 5.0 5.0 0.0
7 30 2.0 1.2 2.0 1.2 0.0 0.0 0.0 20.0
8 30 2.0 1.2 4.0 3.0 0.0 0.0 0.0 0.0

Sl, superior-inferior; AP, anterior-posterior; LAT, lateral.

the ground-truth on-board VC-MRI at various locations
through and around the tumor in the MRI,, volumes
to simulate on-board 2D cine MRI. The direct Fourier
transform of each slice was taken to simulate fully sampled
k-space. Then, the k-space data was undersampled and
reconstructed based on k-t SLR described in section “FD”.
The image size was 256x256 with 21 time-steps. Each cine
slice had an image resolution was 1.875x1.875 mm’. Fully
sampled k-space data was defined as sampling 256 phase-
encoded lines. In this study, 10% of fully sampled k-space
data was acquired on a Cartesian coordinate system. Of the
10% of the undersampled data, 10% of that was acquired
uniformly in the center k-space. The rest of k-space was
randomly sampled. Each of the 21 time-step slices had
different random phase-encoded lines sampled.

Effect of region of interest (ROI) selection

In the original VC-MRI method, estimation using a ROI
around the tumor of a sagittal 2D cine image resulted in the
most accurate VC-MRI estimation compared to matching
to the entire cine image, or global matching (13). For this
study, the following regions were used for matching in the
MM-FD algorithm: (I) global MM only; (I) ROI MM only;
(IIT) global MM with global FD; (IV) global MM with ROI
FD; (V) ROI MM with global FD; (VI) ROI MM with ROI
FD. Global refers to matching to the entire cine image and
ROI refers to only matching to an ROI around the tumor
in the optimization. MM only means only optimizing with
the MM method described in section “MM?”. and FD refers
to using the FD optimization described in section “FD”.
Effect of slice orientation, slice number and slice location
To evaluate the effect of slice orientation on VC-MRI
estimation accuracy, sagittal, coronal and axial slices were

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

extracted. The following orientations were investigated:
(I) multiple sagittal slices; (II) multiple axial slices; (III)
multiple coronal slices; and (IV) sagittal, axial and coronal
orthogonal slices.

To evaluate the effect of slice number, the following
various slice numbers were investigated: (I) 30 sagittal slices;
(II) 15 sagittal slices; (III) 10 sagittal slices; (IV) 20 axial
slices; (V) 10 axial slices; (VI) 30 coronal slices; (VII) 15
coronal slices; (VIII) 10 coronal slices; (IX) 30 orthogonal
slices: 10 axial, 10 sagittal, 10 coronal; (X) 15 orthogonal
slices: 5 axial, 5 sagittal, 5 coronal. The difference in
number of sagittal and coronal slices compared with axial
slices is due to the fact that the SI direction of the images
had a courser resolution. Figure 24 shows the distributions
of 30, 15 and 10 uniformly distributed sagittal slices for
visual comparison.

Different slice locations were extracted to evaluate the
effect of slice location on VC-MRI estimation accuracy.
Slices were uniformly taken throughout all locations of
the tumor in the MRI
to 15, 15 and 13 mm in the SI, AP and lateral directions
surrounding the tumor. To evaluate the effect of slice

volume, with slices extracted out

location on the VC-MRI estimation accuracy, ten sagittal
slices were extracted in the following locations: (I) slices
distributed non-uniformly with a much higher density
taken in the center of the tumor and only two slices
extracted from the periphery; (II) high density of slices
extracted in periphery and high density of slices extracted
in center; and (III) higher density of slices extracted
through periphery of tumor with one slice extracted from
center. Figure 2B shows the slice distribution for the three
slice locations described.
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A

30 evenly distributed

15 evenly distributed

10 evenly distributed

B

10 non-evenly
distributed

10 non-evenly
distributed

10 non-evenly
distributed

Figure 2 Slice distributions for (A) multiple sagittal slices and (B) positioning for ten sagittal slices.

Patient study

The k-t SLR method was evaluated using four liver
patients’ data, and accelerated VC-MRI was estimated
using single-slice undersampled cine image and MM only
due to unavailability of the multi-slice cine data. Data
from four liver patients were acquired under IRB protocol.
Details regarding the acquisition and image parameters
for the patient study can be found in previous publications
(5,13,14,19). To summarize, a fast steady state acquisition
imaging technique (FIESTA) was used to acquire 2D axial
and sagittal images continuously and then retrospectively
sorted based on respiratory phases to generate 4D MRI.
The 4D MRI reconstruction was done using either axial
body area or sagittal body area as a respiratory surrogate
(19,20). 2D axial, sagittal and coronal cines were acquired for
30 seconds with a temporal resolution of ~3 frames/s. The
image acquisition parameters were repetition time (TR)/echo
time (TE): 3.005 ms/1.128 ms; field of view (FOV): (300-480)
x (360-480) mm; flip angle: 50 degrees; slice thickness:
5 mm, bandwidth: 976.562 Hz per pixel. The images were
interpolated to 256x256 before further analysis (19). Direct
Fourier Transformation was done on the axial, sagittal and
coronal cine images and k-space data were undersampled and
reconstructed based on k-t SLR described in section “FD”.
"Ten percent of fully sampled k-space data were acquired on a
Cartesian coordinate system. Of the 10% of the undersampled
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data, 10% of that were acquired uniformly in the center
k-space. The rest of k-space was randomly sampled. Each of
the cine time-step slices had different random phase-encoded
lines sampled. The time-steps, or the number of points in the
temporal domain, for the four patients were 180, 90, 120, and
180, respectively.

Evaluation methods

For both the XCAT study and the patient study, the
undersampled k-space data were reconstructed using
the k-t SLR reconstruction method and an iterative MR
reconstruction algorithm with total generalized variation
(TGV) regularization (21) for comparison. Images were
compared with the fully-sampled cine images.

For the XCAT study, the estimation accuracy of the
VC-MRI technique was evaluated at the end of inspiration
(EOI) phase since it had the largest deformation from
MRI,;,.. The estimated and ground-truth tumor volumes
were compared using volume percent difference (VPD) as
defined in Equation [9], center of mass shift (COMS), as
defined in Equation [10] and volume dice coefficient (VDC),
as defined in Equation [11].

VOV, =V
VPD =

*100% (9]

0
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Full Sampling

Axial

Coronal

Sagittal

k-t SLR Recon

TGV Recon

Figure 3 End-inspiration time-step images from axial, coronal and sagittal cine images using full sampled k-space, undersampled k-space

with the k-t SLR reconstruction method and undersampled k-space using the TGV reconstruction method. TGV, TGV, total generalized

variation.

Where V is the tumor volume contoured in the estimated
image and V| is that contoured in the ground-truth image.
The tumor volumes were contoured first based on image
thresholding around a volume of interest around the tumor
region, followed by manual tweaking slice by slice.

COMS =/ Ax* + Ay* + AZ* [10]

Ax, Ay, and Az are center of mass distances from V' to V),
[11]

Il and | V,lare the numbers of elements in the
estimated volume and ground-truth volume, respectively.

For the patient studies, a previously developed ROI
feature-based motion tracking method (5) was used to
calculate and compare the tumor tracking based on VC-
MRI and the 2D cine images acquired along different
directions. Details regarding how the tracking errors were

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

calculated can be found in previous publications (14).

Results
XCAT study

Undersampled cine MRI using k-t SLR reconstruction
Figure 3 shows axial, coronal and sagittal cine images
at a sample time step using fully sampled k-space data,
undersampled k-space with the k-t SLR reconstruction
method and undersampled k-space using the TGV
reconstruction method used in previous work for the
XCAT study. Both the k-t SLR and TGV reconstruction
images were reconstructed using 10% of total k-space
sampled. 7able 2 shows results of VPD, VDC and COMS
for VC-MRI estimation accuracy when the multi-slice on-
board 2D sagittal cines were reconstructed based on TGV
reconstruction and k-t SLR reconstruction. VC-MRI
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Table 2 VPD, VDC and COMS for all XCAT scenarios comparing when cine images were reconstructed using either TGV method or the k-t

SLR method
Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8

VPD (%)

TGV 6.81 6.01 4.76 3.73 6.73 6.25 4.91 13.80

k-t SLR 0.76 1.48 0.66 3.35 0.63 1.20 3.02 4.54
VDC

TGV 0.97 0.97 0.98 0.98 0.97 0.97 0.97 0.93

k-t SLR 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.98
COMS (mm)

TGV 0.36 0.41 0.49 0.29 0.46 0.41 0.28 0.91

k-t SLR 0.06 0.06 0.05 0.35 0.04 0.07 0.29 0.29
VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift; TGV, total generalized variation.
Table 3 VPD, VDC and COMS for all XCAT scenarios comparing global MM and ROT MM

Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8

VPD (%)

GMM 15.56 69.39 58.22 81.49 68.76 89.96 8.13 81.85

ROIMM 8.57 31.12 42.06 31.40 12.44 35.88 8.63 12.10
VDC

GMM 0.92 0.77 0.60 0.58 0.65 0.54 0.96 0.57

ROIMM 0.96 0.86 0.73 0.84 0.94 0.81 0.96 0.94
COMS (mm)

GMM 1.45 1.59 1.41 8.88 7.75 9.83 0.56 8.98

ROIMM 0.32 1.30 2.38 3.07 0.23 3.93 0.18 0.72

VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift; MM, motion modeling; ROI, region of interest.

estimation was done using 30 sagittal cine images and both
MM and FD.

ROI selection
Tuble 3 shows VPD, VDC and COMS for all XCAT
scenarios comparing global MM with ROI MM.

Table 4 shows VPD, VDC and COMS for all XCAT
scenarios comparing global FD with ROI FD. For both
global MM and ROI MM, global FD and ROI FD was done
to test the effect of ROI selection on the FD optimization.
Tuble 5 shows the VPD, VDC and COMS for all XCAT

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

scenarios comparing ROIMM and ROIMMROIFD to
emphasize the improvements that adding FD has on the
VC-MRI accuracy. Figure 4 shows MRI,,,, ground truth
VC-MRI (VCMRIy) and estimated VC-MRI (VCMRI,)
using ROIMMROIFD estimation, along with the
corresponding profile curves for XCAT scenario 2. Figure 5
shows the corresponding subtraction images for Figure 4.

Effect of acquisition orientation
Tiable 6 shows VPD, VDC and COMS for all XCAT scenarios
comparing different orientations and slice numbers. Sagittal,
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Table 4 VPD, VDC and COMS for all XCAT scenarios comparing global FD and ROI FD

Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8
VPD (%)
GMMGFD 0.63 1.16 11.07 11.94 11.30 14.28 1.26 21.36
GMMROIFD 0.95 1.27 0.66 0.44 3.17 1.01 7.94 8.38
ROIMMGFD 0.57 1.05 5.31 2.34 0.57 1.33 1.32 4.54
ROIMMROIFD 0.76 1.48 0.66 3.35 0.63 1.20 3.02 4.54
VDC
GMMGFD 1.00 0.99 0.94 0.94 0.94 0.92 0.99 0.88
GMMROIFD 1.00 0.99 1.00 1.00 0.98 0.99 0.96 0.96
ROIMMGFD 1.00 0.99 0.97 0.99 1.00 0.99 0.99 0.98
ROIMMROIFD 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.98
COMS (mm)
GMMGFD 0.05 0.10 0.55 1.42 1.41 1.59 0.09 2.24
GMMROIFD 0.08 0.06 0.06 0.05 0.28 0.05 0.97 0.58
ROIMMGFD 0.04 0.07 0.24 0.28 0.05 0.10 0.10 0.24
ROIMMROIFD 0.06 0.06 0.05 0.35 0.04 0.07 0.29 0.29

VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift; FD, free-form deformation; ROI, region of
interest.

Table 5 VPD, VDC and COMS for all XCAT scenarios comparing ROI MM and ROIMMROIFD

Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8

VPD (%)

ROIMM 8.57 31.12 42.06 31.40 12.44 35.88 8.63 12.10

ROIMMROIFD 0.76 1.48 0.66 3.35 0.63 1.20 3.02 4.54
VDC

ROIMM 0.96 0.86 0.73 0.84 0.94 0.81 0.96 0.94

ROIMMROIFD 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.98
COMS (mm)

ROIMM 0.32 1.30 2.38 3.07 0.23 3.93 0.18 0.72

ROIMMROIFD 0.06 0.06 0.05 0.35 0.04 0.07 0.29 0.29

VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift; MM, motion modeling; ROI, region of interest.
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MR, VCMRIg;

Coronal

Sagittal

VCMRIg,

Figure 4 MRI,,, ground truth VC-MRI (VCMRIGT) and estimated VC-MRI (VCMRI,,) using ROIMMROIFD estimation, along with

the corresponding profile curves for XCAT scenario 2. VC-MRI, volumetric-cine magnetic resonance imaging.

axial and coronal cine images were used to evaluate the effect
of acquisition orientation. Orthogonal cine images were also
used, which consisted of equal numbers of sagittal, axial and
coronal cine images. For sagittal and coronal cine images, 30,
15 and 10 slices were used. For axial images, 20 and 10 slices
were used. This was due to the fact that the resolution in the
out-of-plane direction was coarser than the resolution in the
in-plane direction. For the orthogonal orientation, 30 and 15
total slices were investigated. For the 30 orthogonal slices, 10
sagittal, 10 coronal and 10 axial images were used. For the 15
total slices, 5 sagittal, 5 coronal and 5 axial images were used.

Effect of slice location

Tuble 7 shows VPD, VDC and COMS for all XCAT
scenarios comparing different slice locations. For each
of the estimation results, ten sagittal cine images were
used. “Uniform” refers to evenly distributed slices. “Non-
uniform1” refers to slices distributed non-uniformly with a
much higher density taken in the center of the tumor and
only two slices extracted from the periphery (bottom left

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

image in Figure 2B). “Non-uniform2” refers to high density
of slices extracted in periphery and high density of slices
extracted in center (bottom middle image in Figure 2B), and
“Non-uniform3” refers to higher density of slices extracted
through periphery of tumor with one slice extracted from
center (bottom right image in Figure 2B).

Patient study

Undersampled cine MRI using k-t SLR reconstruction
Figure 6 shows sample time-step images for sagittal slices
for all four liver patients using full sampled k-space,
undersampled k-space with the k-t SLR reconstruction
method and undersampled k-space using the TGV
reconstruction method used in previous work. Both the k-t
SLR and TGV reconstruction images were reconstructed
using 10% of total k-space sampled.

VC-MRI estimation
Figure 7 shows prior MRI image at the EOI phase, 2D cine
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VCMRIg-MRI, o,

Axial

Coronal

Sagittal

VCMRIg-VCMRIg,

Figure 5 Subtraction images corresponding to Figure 4 in axial, coronal and sagittal views. VC-MRI, volumetric cine magnetic resonance

imaging.

at an EOEphase, estimated VC-MRI at an EOE phase
and their normalized profile comparisons for patient 1.
Figure 8 shows subtraction images between the estimated
VC-MRI and the 2D cine for patient 1. Figure 9 shows
the tumor tracking based on the fully sampled 2D cine
images at different views, the estimated VC-MRI based
on the fully sampled 2D cine images and the estimated
VC-MRI based on the undersampled 2D cine images for
average cycles in the lateral, SI and AP directions (13,14).
The accelerated VC-MRI and non-accelerated VC-MRI
were estimated based on sagittal cine images. The tracking
along the SI and lateral directions was based using coronal
orientation, and the tracking along the AP direction was

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

based on sagittal orientation. Table § shows the mean tumor
tracking errors and the Pearson correlation coefficients of
the tumor tracking accuracy based on VC-MRI using fully
sampled 2D sagittal cine images and accelerated VC-MRI
using undersampled 2D sagittal cine images reconstructed
using the k-t SLR method for each patient. All Pearson
correlation coefficients were greater than 0.90.

Discussion

The VC-MRI generation method using multiple
undersampled 2D cine images, MM and FD can
substantially improve the VC-MRI accuracy from the
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Table 6 VPD, VDC, COMS for all XCAT scenarios comparing different acquisition orientations and slice numbers

443

Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8
VPD (%)
30 sagittal 0.76 1.48 0.66 3.35 0.63 1.20 3.02 4.54
30 coronal 3.78 6.54 8.70 6.57 3.75 9.22 3.65 9.39
20 axial 5.42 9.28 9.55 10.04 7.87 12.95 7.69 12.41
30 ortho 4.79 6.33 9.58 6.70 5.21 8.65 4.10 9.45
15 sagittal 4.79 5.27 12.30 4.86 4.38 7.77 5.17 6.81
15 coronal 6.24 9.70 19.38 8.97 9.21 14.66 5.92 20.98
10 axial 11.41 11.50 18.25 14.59 16.32 21.61 10.59 15.25
15 ortho 6.11 15.40 15.44 11.06 10.79 16.93 9.39 17.45
10 sagittal 7.62 8.23 18.63 7.64 7.37 9.73 9.07 9.89
10 coronal 7.75 23.21 29.84 13.08 10.60 20.66 8.76 30.12
VDC
30 sagittal 1.00 0.99 1.00 0.98 1.00 0.99 0.98 0.98
30 coronal 0.98 0.97 0.95 0.97 0.98 0.95 0.98 0.95
20 axial 0.97 0.95 0.95 0.95 0.96 0.93 0.96 0.94
30 ortho 0.98 0.97 0.95 0.97 0.97 0.96 0.98 0.95
15 sagittal 0.98 0.97 0.93 0.98 0.98 0.96 0.97 0.97
15 coronal 0.97 0.95 0.89 0.95 0.95 0.92 0.97 0.88
10 axial 0.94 0.94 0.90 0.92 0.91 0.89 0.95 0.92
15 ortho 0.97 0.93 0.92 0.94 0.94 0.91 0.95 0.91
10 sagittal 0.96 0.96 0.90 0.96 0.96 0.95 0.95 0.95
10 coronal 0.96 0.89 0.83 0.93 0.95 0.89 0.95 0.84
COMS (mm)
30 sagittal 0.06 0.06 0.05 0.35 0.04 0.07 0.29 0.29
30 coronal 0.27 0.48 0.54 0.36 0.29 0.92 0.15 0.24
20 axial 0.25 0.29 0.39 0.67 0.26 1.05 0.51 0.59
30 ortho 0.25 0.36 0.32 0.30 0.31 0.93 0.32 0.42
15 sagittal 0.16 0.22 0.87 0.38 0.28 0.70 0.25 0.32
15 coronal 0.32 0.71 0.60 0.71 0.52 1.53 0.22 0.64
10 axial 0.49 0.73 0.75 1.16 1.34 2.19 1.05 0.74
15 ortho 0.29 0.67 0.60 0.66 0.74 1.83 0.63 1.52
10 sagittal 0.51 0.64 1.29 0.48 0.58 0.89 0.83 0.75
10 coronal 0.30 0.56 0.91 0.98 0.78 2.18 0.18 217

VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift.
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Table 7 VPD, VDC and COMS for different slice locations

Scenarios
Evaluation metrics
1 2 3 4 5 6 7 8
VPD (%)
Uniform 7.62 8.23 18.63 7.64 7.37 9.73 9.07 9.89
Non-uniform1 6.24 12.87 28.60 7.20 6.73 25.39 9.26 11.91
Non-uniform2 11.66 37.03 38.98 13.71 13.52 43.08 8.13 20.23
Non-uniform3 10.71 30.27 29.81 16.68 10.10 28.74 8.07 22.24
VDC
Uniform 0.96 0.96 0.90 0.96 0.96 0.95 0.95 0.95
Non-uniform1 0.97 0.94 0.83 0.96 0.97 0.86 0.95 0.94
Non-uniform2 0.94 0.84 0.76 0.93 0.93 0.78 0.96 0.90
Non-uniform3 0.95 0.87 0.82 0.92 0.95 0.86 0.96 0.89
COMS (mm)
Uniform 0.51 0.64 1.29 0.48 0.58 0.89 0.83 0.75
Non-uniform1 0.48 0.79 0.64 0.73 0.44 3.13 0.67 1.24
Non-uniform2 0.85 1.19 0.58 1.24 0.50 4.98 0.32 1.84
Non-uniform3 0.74 1.43 1.47 1.65 0.54 2.08 0.23 2.22

VPD, volume percent difference; VDC, volume dice coefficient; COMS, center of mass shift.

previous methods published in previous publications (13,14).
This new method introduces FD models to correct for any
errors in the MM, and it acquires multiple undersampled
2D cine images to provide adequate information for the
FD estimation while maintaining the temporal resolution
of the VC-MRI. Potentially, the accuracy of the FD model
can be affected by the contrast of the image. Its speed is
also slower than the MM method due to its large number of
variables to be solved. The innovate k-t SLR reconstruction
algorithm used to reconstruct the undersampled 2D cine
k-space data used the spatio-temporal information of the
data to reconstruct high quality cine images, while only
acquiring 10% of total k-space. Using only 10% of total
k-space was chosen based on previous work (6,14). In the
MM optimization, only three modes from the PCA were
used based on previous work that found that the first
three principal motion modes are the most important and
capture the majority of the deformations and using more
modes does not result in better accuracy (15). The first
three motion modes were also used in our previous work
(13,14), which demonstrated their adequacy for VC-MRI

estimation.

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

Results from the XCAT study showed using the k-t
SLR reconstruction method compared to the TGV
reconstruction method improved the VC-MRI accuracy by
67.20%, 2.34% and 59.79% for VPD, VDC and COMS,
respectively, on average of all eight XCAT scenarios when
using 30 sagittal cine images, based on Table 2. Results from
Table 5 show the vast improvement adding FD has on the
VC-MRI estimation for scenarios where MM only doesn’t
result in accurate estimation, such as XCAT scenarios 2, 3, 4
and 6, where there is tumor size change or tumor positional
changes from simulation to treatment. Results also showed
that acquiring multiple sagittal cine images provided
better VC-MRI estimation than acquiring multiple axial,
coronal or orthogonal cine images. The more sagittal
slices, the higher the VC-MRI accuracy. However, using
ten sagittal slices provided adequate VC-MRI accuracy
across all eight XCAT scenarios. Using ten cine slices,
undersampled with each slice acquiring 10% of total k-space
data, results in a maintained temporal resolution of VC-
MRI when compared to using a single fully-sampled cine
image. Based on results shown in Table 7, acquiring the
multiple slices uniformly across the tumor region resulted

Quant Imaging Med Surg 2020;10(2):432-450 | http://dx.doi.org/10.21037/qims.2019.12.10



Quantitative Imaging in Medicine and Surgery, Vol 10, No 2 February 2020 445

Fully sampled

k-t SLR Recon

TGV Recon

Figure 6 Sample time-step sagittal cine slices for all four patients (P1, P2, P3 and P4) using full sampled k-space, undersampled k-space with

the k-t SLR reconstruction method and undersampled k-space using the TGV reconstruction method. TGV, total generalized variation.

in better accuracy than acquiring the slices non-uniformly
distributed throughout the tumor region. It is important
to note, however, that the non-uniform sampling strategies
had large variations in VPD and COMS, showing that
their performance is dependent on the on-board situation.
In contrast, uniform sampling had more much robust
accuracy across all scenarios. As the XCAT image voxel size
is 1.875x1.875x3 mm’, a VPD <20% and COMS <2 mm
were considered clinically acceptable tolerances (14).
The uniform sampling strategy achieved accuracy within
these tolerances for all XCAT scenarios, demonstrating its
robustness for clinical applications. The reason for the large
variation among VPD and COMS is that the among of
anatomical information captured in non-uniform sampling

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

is highly dependent on the tumor shape and location. If the
tumor moves into the sparsely sampled region in certain
scenarios, little information is captured for VC-MRI
estimation, leading to large errors in VPD and COMS.
In comparison, the uniform sampling ensures a consistent
sampling density across the whole region regardless of the
tumor location to ensure enough information is captured
for VC-MRI estimation.

The method was evaluated using XCAT simulation
to test the accuracy of using multiple 2D cine images
and FD optimization. The XCAT study provides
unique opportunities to evaluate the performance under
different scenarios and provides a ground-truth image for
quantitative evaluation. On-board scenarios were simulated
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MR, 2D Cine VCMRL, | VCMRI

Axial

Coronal

Sagittal

Figure 7 Prior MRI at EOI phase, 2D cine at an EOE phase, estimated VC-MRI at an EOE phase for patient 1. VC-MRI was estimated
by matching to undersampled axial, coronal and sagittal cine images, respectively. Horizontal red dotted lines correspond to the location of
the normalized profile curves, shown to the right of the images. The red arrows indicate areas for comparison. VC-MRI, volumetric cine

magnetic resonance imaging; EOI, end of inspiration; EOE, end of expiration.

2D Gine-MRl,,, 2D Cine-VCMRIgy,

Axial

Coronal

Sagittal

Figure 8 Subtraction images of 2D cine with MRI;,, and 2D cine with estimated VC-MRI. The red arrows indicate areas for comparison.

VC-MRI, volumetric cine magnetic resonance imaging.

© Quantitative Imaging in Medicine and Surgery. All rights reserved. Quant Imaging Med Surg 2020;10(2):432-450 | http://dx.doi.org/10.21037/qims.2019.12.10



Quantitative Imaging in Medicine and Surgery, Vol 10, No 2 February 2020 447

S| Motion AP Motion LAT Motion
10 10 10
8 2D Cine 8 2D Cine 8 2D Cine
....... VCMRI,, —mmmmm. VOMRI
6 6 =+ =+ -VCMRleq: 6 =+ =+ = VMRl
= 4 = 4 = 4
E 2 E 2 E 2
g o 3 0 3 0 M
2 2 2 S
E‘ -2 E‘ -2 E‘ -2
g -4 Z -4 g -4
-6 —6 -6
_8 -8 -8
~10 0

Phase

-10 -1
01 2 3 45 6 7 8 91011 01 2 3 4 5 6 7 8 9 10 11 01 2 3 4 5 6 7 8 9 10 11
Phase Phase

Figure 9 Tumor tracking curves based on 2D cine, VC-MRI using fully sampled sagittal cine images (VC-MRI,,) and VC-MRI using

undersampled sagittal cine images (VC-MRI,.,,) for an average cycle. The tracking along the lateral and SI directions was calculated

using coronal orientation and tracking along the AP direction was based on using sagittal orientation. VC-MRI, volumetric cine magnetic

resonance imaging; SI, superior-inferior; AP, anterior-posterior; LAT, lateral.

Table 8 Tumor tracking errors [p+c (mm)] and Pearson correlation coefficients (PCC) based on comparing estimated VC-MRI (using either full

sampled cine images or undersampled cine images reconstructed using the k-t SLR method) with 2D sagittal and 2D coronal cine images in SI,

AP and lateral directions for the patient study

Patient number Sl, yxo (mm) PCC AP, yxc (mm) PCC LAT, py+o (mm) PCC
P1
Full sampled 0.52+0.46 0.98 0.10+0.10 1.00 0.28+0.14 1.00
k-t SLR 0.37+0.34 0.99 0.08+0.09 1.00 0.13+0.13 0.99
P2
Full sampled 0.32+0.17 0.99 0.04+0.02 1.00 0.08+0.05 0.97
k-t SLR 0.60+0.47 0.95 0.27+0.26 0.95 0.05+0.03 0.99
P3
Full sampled 1.04+0.39 0.99 1.06+0.57 0.90 0.50+0.42 0.98
k-t SLR 0.65+0.53 0.99 1.14+0.61 0.90 0.48+0.39 0.98
P4
Full sampled 0.26+0.20 0.99 0.65+0.42 0.92 0.30+0.30 0.92
k-t SLR 0.93+0.64 0.94 0.98+0.66 0.97 0.30+0.25 0.92

VC-MRI, volumetric cine magnetic resonance imaging; Sl, superior-inferior; AP, anterior-posterior.

to represent various respiratory and anatomical changes
from simulation to treatment, such as tumor size change,
breathing amplitude change and tumor positional change.
There are other realistic situations that may clinically occur
from simulation to treatment, such as tumor deformation,
which is not feasible to implement with the XCAT
simulation. The eight on-board scenarios that were used
in this study are just a subset of possible common clinical
occurrences. Four liver patients’ data were using to test

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

the accuracy of the VC-MRI estimation when using a
single-slice undersampled 2D cine MRI using the k-t SLR
reconstruction method and MM only. The patient study
provides a further evaluation of the estimated VC-MRI
using real liver patient images with real respiratory motions.
It is important to note the challenges with the patient study.
First of all, only single-slice 2D cine MRI were acquired
in the axial, sagittal and coronal planes, separately for all
four liver patients. Therefore, it is currently impractical to
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test the VC-MRI method using multiple 2D cine images
with FD. Also, it is challenging to establish a ground-truth
VC-MRI for the patient studies, since currently there is
no technique that is capable of acquiring real-time VC-
MRI. Future studies should be implemented to acquire
multiple 2D cine images using only 10% of k-space data
for real liver patients, so that we can fully evaluate the VC-
MRI estimation method using both MM and FD presented
in this study. A prospective study will be conducted in the
future once a new clinical protocol has been approved and
enough patient data have been accrued. Also, this study
showed that using an ROI in the estimation provided better
VC-MRI accuracy than using the entire global image. This
was tested on XCAT data, and future studies should be
done to fully evaluate the effect ROI selection has on VC-
MRI estimation using both XCAT and patient studies. In
real patient studies, an ROI can be chosen based on using
the planning PTV from the prior 4D image and expanding
that by a given margin in every direction, to account for
motion and set-up errors that may occur from simulation
to treatment. Lastly, it is important to note that the XCAT
evaluations were done on a lung phantom and the real
patient evaluations were done on a liver patient. The
different image qualities in lung and liver can have different
impact on the accuracy of the VC-MRI. Future patient
studies are needed to evaluate the accuracy the new VC-
MRI technique in the lung.

The method proposed uses a FD optimization to fine-
tune the DFM based on energy minimization and a data
fidelity constraint. There are other techniques to estimation
deformation, such as using artificial neural networks (22-25)
or biomechanical models (26-28). Future work may be done
in using other deformation optimization methods.

Additionally, this study used a novel k-t SLR method to
reconstruct highly undersampled k-space data. There are
other reconstruction methods that can be utilized in future
studies to evaluate the effect the reconstruction has on the
VC-MRI estimation accuracy (29-31). Another option to
explore in the future would be to utilize ultrasound during
radiotherapy to aid in the on-board information acquired.
Giger et al. proposed an ultrasound-driven 4D MRI method
for respiratory motion imaging, which could potentially be
used in future studies to improve VC-MRI estimation (32).

In general, this new method further improves the
accuracy of VC-MRI for different patient scenarios, making
it a robust real-time volumetric MRI technique. These
improvements of delivery accuracy can potentially improve
the treatment outcome and pave the road to further margin

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

reduction and dose escalation.

Conclusions

Studies showed that it is feasible to improve the VC-MRI
accuracy while maintaining high temporal resolution using
FD and multi-slice undersampled 2D cine images for real-
time 3D target verification in radiation therapy.
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