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ABSTRACT

Background: Respiratory motion management is essential in order to achieve high-
precision radiotherapy. Markerless motion tracking of tumor can provide a non-invasive
way to manage respiratory motion, thereby enhancing the treatment accuracy. However,
the low contrast in real-time X-ray images for image guidance limits the application of
markerless tracking.

Purpose: We present a novel approach based on a motion model to perform markerless
tracking of tumor and surrounding tissues even when they have low contrast in real-time
X-ray images.

Methods: A proof-of-concept validation of the method has been performed using digital
and physical phantoms at breathing conditions that are significantly different than the
planning stage. A motion model is first constructed by performing principal component
analysis (PCA) on the planning 4DCT. During treatment, the motion of a surrogate is
tracked and used as the input of the motion model, which generates a 3D real-time
volume estimation. Such 3D estimation is then projected to 2D to create digitally
reconstructed radiographs (DRRs). The relationships between the real-time DRRs,

reference DRRs, and reference X-ray images are first established to simulate 2D real-
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time images from the real-time volume. The registration between the simulated 2D real-
time images and real-time X-ray images corrects the initial motion model estimation to
ensure the estimated volume match the real-time condition.

Results: In digital phantom, the Dice index of pancreas was improved from 0.74 to 0.78
after correction using real-time DRRs in fully inhaled phase. Validation on lung and
pancreas are performed in physical phantom with two motion traces. The surrogate-tumor
relationships were intentionally altered to generate large target localization errors due to
the differences in body condition between treatment planning stage and during treatment.
The real-time correction for the estimated 3D real-time volume was performed using a
pair of 2D X-ray images. For the deep breathing motion trace, the tumor localization mean
absolute error (MAE) throughout the tracking decreases from around 3 mm to less than
1 mm after correction. For the shallow breathing motion trace with a 1.7 mm baseline shift,
the tumor localization mean absolute error (MAE) throughout the tracking decreases from
around 1.5 mm to less than 1 mm after correction.

Conclusions: The method combines the detailed structural information from planning
4DCT and real-time information from real-time X-ray images through a motion model. The
matching between the real-time model estimation and 2D real-time images are performed
in the same modality so that it can be applied to regions with low contrast in the images.
The real-time images successfully corrected the initial motion model estimations in our
proof-of-concept validation. This suggests the potential to perform markerless tracking in

low-contrast region using a motion model.
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1 INTRODUCTION

Respiratory motion is one of the major challenges in achieving high-precision
radiotherapy. For particle beam therapy (PBT), because doses are more focused to a
specific region comparing to conventional radiotherapy, motion management is especially
important to ensure optimal dose delivery. External tracking systems have been widely
used for motion monitoring. Through combination with gating, treatment beam can be
turned on only at certain breathing phase, thus increasing the treatment accuracy.
However, the correlations between the motions of external surrogate and tumor are not
necessarily stable, which can lead to target localization error.’

Image-guided techniques can significantly increase the accuracy of motion tracking.
Currently, internal fiducial markers are typically used to perform motion tracking through
real-time X-ray images.'® However, there are potential factors that might deteriorate the
motion tracking accuracy when using internal markers, such as marker migration or image
artifacts created by the markers. More importantly, it requires invasive procedures to
implant makers inside patient’s body, which might introduce complications and risks to
patients. Therefore, it is more desirable to perform motion tracking without the use of
internal markers.

Numerous efforts have been made on markerless tracking research.*'5 Particularly,
significant progress has been achieved on tracking lung targets.>'# Many methods utilize
template-matching between the digitally reconstructed radiograph (DRR) and real-time
X-ray image to determine the 3D tumor position.®'* Some have already been applied

clinically and achieved good tracking accuracy.'-14
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While the organs in abdomen such as liver and pancreas also undergo vigorous
motions during breathing, there has been limited progress regarding X-ray based
markerless tracking of these organs. This is probably due to the low contrast of tumor and
tissues in real-time X-ray images, which makes effective template matching very difficult
due to the difference in modalities between DRRs and X-ray images.

Recently, a patient-specific deep learning approach has been proposed to perform
markerless tracking for pancreatic tumor.’® While Al-based methods have the power to
extract clues regarding 3D tumor position from the limited information in 2D in-beam
images, Al-related issues such as lack of process transparency and strong dependency
on training data still need to be addressed. There have been studies that combine the
offline and online training data for tumor position prediction, showing promising results
that might increase the robustness of Al-based methods.'®

In addition to positional displacements, breathing can also cause tumor deformation. It
has been reported that the changes in tumor shape during breathing can be as large as
5 mm." In fact, other surrounding anatomic changes such as swallowing, peristalsis, and
bladder filling can also cause the deformation. For PBT, the motion and deformation of
surrounding tissues and gas along the beam path can largely affect the actual beam range,
which make it even more challenging to deliver accurate dose during treatment.3'8

Motion model has been proposed as a method for motion tracking that allows the
extraction of real-time 3D information.'®24 It can correlate the real-time motion of a
surrogate with that of tumor and other tissues by taking advantage of the pre-treatment
information, such as 4DCT. Principle component analysis (PCA) can be used to create a

motion model from the deformable image registrations (DIR) between the phases in
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4DCT.?>?6 Through tracking the surrogate motion during treatment, the motion model
generates a 3D real-time volume, which allows the calculation of real-time beam range in
PBT. Li et al. proposed a method to generate real-time projection images from the volume
created by a PCA lung motion model and perform optimization to minimize the difference
between the projection images and real-time images.?>?* However, like the template-
matching based methods, the method still relies on matching the CT-based projection
images and real-time X-ray images directly. Such difference in image modalities limits its
applicable region to X-ray clear regions such as lung. Recently, motion model-based
approaches have been developed for MRI-based tracking, which extends the information
from 2D cine-MRI to 3D volume.?®?” While MRI systems provide good soft-tissue
contrasts and radiation-free image-guided treatment, the in-beam images contain only 2D
information. Therefore, it is difficult to ensure the accuracy of the estimated 3D real-time
volume in the MRI-based methods.

We propose a novel framework to perform markerless tracking of tumor and
surrounding tissues for X-ray low contrast region using a motion model approach. Our
method aims at connecting the structural information from planning 4DCT and real-time
3D information from a pair of in-beam 2D images through a motion model and a real-time
correction process. The real-time correction between the model estimation and in-beam
images are designed to perform in the same modality, so that the method can be applied

to regions with low contrast in X-ray.

2 MATERIALS AND METHODS

2.1 Motion model
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Our motion model is created in similar ways as proposed by previous studies.???% Figure
1 shows the schematic illustration on the creation of motion model and its application for
motion tracking using a surrogate motion as the input. Briefly, PCA is applied to the
deformation vector fields (DVF) obtained by deformably registering the 4DCT image of
the reference phase to the images of other breathing phases. The end-of-exhale phase
(T50) is used as the reference phase because it is more stable and contains less motion
artifacts than other phases in the 4DCT image. The selected surrogate motion s(ty,,)
from the DRR images created from the 4DCT are used as the surrogate input for the PCA.
To perform PCA, the DVF and surrogate input are first centered by subtracting their mean
motion. In this proof-of-concept study, one principal component is used. The PCA yields

a matrix B, which is the motion model that takes the centered surrogate motion 5(t) as

input and generates a centered real-time deformation field DVF(t).

4DCT from treatment planning
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FIGURE 1 Schematic illustration on the creation of motion model and its application for
motion tracking using a surrogate motion (yellow dot) as the input. 5(t) is the centered

real-time surrogate motion. DVF(t) is the centered real-time deformation vector field.

The motion model relates the motion of a surrogate with that of tumor and other tissues.
As a result, a real-time 3D-DVF DVF (t) can be estimated by monitoring the external or
internal surrogate motions in real-time X-ray images during treatment. This 3D-DVF is
then applied to deform the reference CT to generate a 3D real-time (RT) volume.

In general, the motion of an internal surrogate, such as diaphragm, correlates better
with tumor motion than that of an external surrogate, such as body surface.?® Therefore,
in our approach, the top point of diaphragm is used as the surrogate. Using a pair of X-

ray image detectors, its 3D position can be tracked in real-time during treatment.

2.2 Limitation of motion model for real-time tracking
By applying the motion model, the motions of tumor and tissues at any given breathing
condition can be simulated. However, such motion simulations are limited by the 4DCT
taken during the planning stage. While the inter-fractional changes can be addressed by
pre-treatment 4DCBCT or other adaptive techniques, the limitations listed below still exist:
1. The temporal resolution of 4DCT limits the information obtained regarding tumor
and tissue motions. As a result, the motions between each phase of the 4DCT
cannot be fully described by the motion model. Likewise, if the motion exceeds the
breathing amplitude when the 4DCT was taken, the motion model might generate

large errors.
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2. The motion model relies on the motion correlation established between the
surrogate and tissues including tumor that appeared in the 4DCT. If such
correlation alters between treatment fractions or during treatment, the error of the
motion model estimation increases.

3. The instantaneous movements of the adjacent organs during treatment can cause
unpredictable changes. For examples, the peristalsis of the digestive tract and the
gas motions can affect the shapes and positions of a nearby tumor. These sudden
changes can also largely alter the beam range if it affects the tissues along the
beam path.

Due to these limitations, real-time information is necessary to correct the motion model

estimation.

2.3 Real-time correction

Real-time X-ray imaging is a standard way to obtain real-time information regarding
internal motion. Previous approaches achieve motion tracking through generation of real-
time DRRs from the real-time 3D volume estimated by the motion model.?>2* These DRRs
represent the 2D image estimation of the motion model in real-time. Through the matching
between the real-time DRRs and real-time X-ray images, the original estimation can be
corrected. However, DRR is synthetic image generated by projecting the CT volume onto
2D planes, which is different from the actual X-ray images detected from the flat panel
detectors (FPD), due to the conversion of CT numbers to attenuation coefficients, noise,
detector response, and other errors. Such image modality difference between DRRs and

X-ray images makes it difficult to perform effective matching in regions other than lung. In
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fact, even for lung tumor, it is still challenging to achieve markerless tracking successfully
based on the matching between DRRs and X-ray images, especially for small lung tumor
with low contrast.?®

Here we propose a procedure so that matching between the estimated images and
real-time images can be performed in the same modality. The schematic workflow is

presented in Figure 2.

1. Treatment planning

[ttt it b ettt el |
I 1

; / CT,.{T50) / Elglion model 1
i DVF(t) = B3(t) i 3. During treatment

Surrogate
motion 3(¢)

2. Pre-treatment
3D-Volume,oger

Registration (1) Registration (ll)

i [ 2D-Imagerpp rer | DRR,E, DRRodel
E 1 ’ ' FI
{ 2D- \J’ectorsnlﬂ ( 2D-Vector,gel f‘
Registration (lll)

! 2D-Imagemoger f 2D-Imagegpp gt

4

2D-Vectorggrrection

Back-projection

3D-Vecto Fcorrection

FIGURE 2 Schematic workflow to perform real-time correction of motion model estimation
with the estimated images 2D-Imagemodel and real-time images 2D-Imagerpp_rT in the

same modality. The yellow dot represents the surrogate.

The reference CT, CTwf(T50) taken at the end-of-exhale phase in treatment planning
stage, is first projected to create reference DRR (DRRref). During patient positioning and

before the treatment begins, the reference 2D X-ray images (2D-Imagerrp_ref) from the
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FPD are taken at the end-of-exhale phase, which is the reference state. The patient-setup
is performed using multi marker lines painted on patient’s surface and the lasers in the
treatment room for coarse alignment. Then the fine patient-alignment is performed
automatically or manually using the bony structure information from the orthogonal X-ray
images or cone-beam CT image.

Next, a first registration (1) is performed between the 2D-Imagerrp_ref and DRRref. Such
registration establishes a connection between the two modalities, as well as the 2D-3D
relationship, i.e. the correspondence between the 4DCT coordinate systems and the
coordinate systems of the 2D X-ray images. Since the registration is done offline, it can
be performed in a way so that a strong connection between the two modalities is
established. During treatment, at the time when motion is being tracked, the surrogate
motion is used as the input of the motion model. The motion model generates a 3D RT
volume (3D-volumemodel), Which can then be projected to 2D to form a real-time DRR
(DRRmodet). A second registration (l1) is performed between the DRRret and DRRmodel SO
that a 2D transformation vector describing the 2D motion estimation from motion model
is obtained (2D-Vectormodel). The 2D-Vectormodel is then applied to the 2D-Imagerrp_ref to
generate 2D-Imagemodel. Since the 2D-Imagemodel has the same modality as the real-time
2D-Imagerrp_rT, a better registration can be performed comparing to the conventional
matching between DRR and X-ray images. Such third registration (lll) generates a
correction vector 2D-Vectorcorrection, Which can be back-projected according to the imager
geometry to obtain a 3D-Vectorcorrection. Such 3D correction vector corrects the motion
model DVF, thus correcting the previously estimated 3D RT volume, yielding a corrected

tumor position.
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2.4 Proof-of-concept validation
Both digital and physical phantoms were used to validate the feasibility of the proposed
method. To simplify the 2D-3D conversions, all the registrations in 2D were performed in

rigid manner.

2.4.1 Digital phantom

A digital phantom, XCAT, was used to simulate 3D volumes in various breathing
conditions.® Table 1 shows the major parameters set to simulate the breathing conditions
for model creation and validation. Normal breathing condition with 12 mm and 20 mm
breathing amplitudes in AP and Sl directions were used to create the motion model. Ten
phases of the 4DCT were generated and the reference phase (end-of-exhale) was
deformably registered to the other nine phases using Plastimatch.3! The resulting DVFs
were then used to create the motion model.

For validation purpose, deep breathing with 20 mm and 40 mm breathing amplitudes
in AP and Sl directions, respectively, were used to simulate condition which is not
described by the 4DCT that constructed the motion model. Twenty phases of volume were
created and defined as the ground truth. The volumes were projected to 2D at imaging
angles of 180° and 270° to create the DRRs using a home-made program. In this digital
simulation, the DRRs act as 2D real-time images to correct the original motion model
estimation. The estimated volumes before and after the correction are then compared

with the ground truths. Dice similarity coefficient (DSC) is used to measure the similarity
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between the ground truth pancreas volume X and estimated pancreas volume Y with and

without the correction using the formula below:

s < 2XnYl
X1+ Y]

TABLE 1 Major parameters set to simulate the breathing conditions for model creation

and validation in digital phantom.

Process Breathing AP amplitude Sl amplitude No. of
condition (mm) (mm) phases
Model creation Normal 12 20 10
Validation Deep 20 40 20

2.4.2 Physical phantom

To perform validation in physical phantom, a dynamic thorax phantom made by Kyoto
Kagaku was used. The experiment setup is shown in Figure 3(a). The original phantom
was designed for the simulation of human thorax environment, with tumor models of
various CT numbers and a low-density rod, which moves independently. In this study for
lung, @ 12 mm diameter tumor model with CT number of +100 HU is placed inside the
rod. A mediastinum, as shown in Figure 3(b), was placed inside the phantom while the
diaphragm was moving. A thinner diaphragm with its shape extracted from XCAT was 3D-
printed, with a hole to allow the rod moving independently. Acrylic was selected as the 3D

printing material, with a CT number around +30 HU. The 3D-printed diaphragm and the
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tumor rod set from Kyoto Kagaku for thorax and their corresponding positions inside the
phantom are shown in Figure 3(c).

In addition to the simulation of thorax environment, we also tried to simulate the
abdomen environment, which contains a high density of tissues. Similar to the 3D-printed
diaphragm for lung, a thicker diaphragm with its shape extracted from XCAT was 3D-
printed with acrylic material. Moreover, the rod was also 3D-printed to host a 50 mm
diameter tumor model with CT number of +150 HU. The 3D-printed diaphragm and tumor

rod for abdomen are shown in Figure 3(d).

Rod and cap
(3D-printed, acrylic)

'pragm
(3D:printed,yacrylic) : Tumor model
(® 50 mm, +150 HU)

Rod and cap
(Kyoto Kagaku)

“(9 12 mm, +100 HU)

FIGURE 3 (a) Experiment setup of the physical phantom, (b) the mediastinum, and the
diaphragm and rod designed for simulating (c) thorax environment with a lung tumor and

(d) abdomen environment with a pancreas tumor.
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Table 2 shows the breathing amplitudes of the two motion traces used in the validations.
The motion model was first constructed using the 4DCT taken under normal breathing
conditions with an amplitude of 17.9 mm for both diaphragm and tumor (Motion trace 0).
The 4DCT was taken using SIEMENS SOMATOM confidence in Hokkaido University
Hospital, with a marker block placed on the “Respiratory Gating Disc” tracked for phase
binning. Due to the limitation of the motion control unit, the motion was limited to Sl
direction only. Two motion traces with amplitudes of 12.5 and 28.6 mm for both diaphragm
and tumor were assessed to measure the inherent tracking error of diaphragm and tumor,
which are shown in the Supplementary Information. Next, two other breathing patterns
with significantly different breathing amplitudes were applied. In these two breathing
patterns, the tumor rod and diaphragm were intentionally set to move differently to
simulate cases which the correlation between the motions of surrogate and tumor has
changed after the planning 4DCT was taken. For Motion trace 1, which aims at simulating
a deep breathing condition, the moving amplitude for diaphragm was 27.6 mm and that
for the tumor was 33.2 mm. While for Motion trace 2, which aims at simulating a shallow
breathing condition with 1.7 mm baseline shift, the moving amplitude for diaphragm was
27.6 mm and that for the tumor was 33.2 mm. These motion traces are applied to the

model creation and validation processes for both simulated lung and pancreas tumors.

TABLE 2 Major parameters set to simulate the breathing conditions for model creation

and validation in physical phantom.

Process Breathing condition Diaphragm Tumor

amplitude (mm)  amplitude (mm)
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Model creation

Normal 17.9 17.9
(Motion trace 0)
Validation 1
Deep 27.6 33.2
(Motion trace 1)
Validation 2 Shallow
125+1.7 15.3+1.7

(Motion trace 2) (1.7 mm baseline shift)

The experiment was conducted in currently operating PBT treatment facility in
Hokkaido University Hospital. The facility has the ability to perform gated PBT treatment
based on the tracking result from internal fiducial marker.® Therefore, after applying our
new markerless tracking method to obtain tumor position, it is straightforward to apply to
PBT treatment using the tracked position as the gating signal. Figure 4 shows the
experimental setup for taking real-time X-ray images. A pair of X-ray tubes and FPD were
used for imaging at a rate of 30 Hz to gather as much information as possible for validation.
For lung simulation, the tube voltage and tube current were set to be 100 kV and 50 mA,
respectively, with an exposure time of 3 ms. For pancreas simulation, the tube voltage
and tube current were set to be 110 kV and 60 mA, respectively, with an exposure time
of 3 ms. Such imaging conditions were typically used for motion tracking using internal
markers in current treatment of lung and pancreatic tumors. In clinical practice, the
imaging rate is typically 15 Hz. For typical clinical cases in Hokkaido University Hospital,
the imaging dose would be less than 5% of the dose prescribed for the target, which is
within the recommended threshold in the AAPM Task Group 180.32 The average contrast-

to-noise ratio (CNR) of the two imagers for the lung tumor and pancreas tumor are 1.39
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and 0.42, respectively. The details of the calculation of CNR are given in the
Supplementary Information.

After specifying the motion of the phantom, X-ray images were taken synchronously at
two imaging angles: 135° and 225°. The breathing motion repeats at a period of 5 seconds.
We have recorded the image series for 40 seconds. Since the breathing patterns are
constant, we only performed analysis on one breathing cycle between the 25 seconds to
30 seconds, in the middle of the image series taken from the imagers. In addition, for
simplicity in this proof-of-concept study, we performed model correction every 500 ms
among the analyzed period. DRRs are generated using the same geometry as the X-ray
images taken. Since all motions are rigid, registration () described in Figure 2 was
implemented in rigid manner and the correspondence is straightforward. Registration (ll)
was then carried out between DRRref and DRRmodel to simulate the real-time X-ray images
(2D-Imagemodel). Registration (lll) between the ten 2D-Imagerprp rT and 2D-Imagemodel
generates a pair of 2D correction vectors, which are back-projected to 3D for the

correction of the estimated 3D RT volume.
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FIGURE 4 Experimental setup for data acquisition of X-ray images for motion tracking.

3 RESULTS

3.1 Digital phantom

We first validate the concept of the proposed method in digital phantom. Figure 6 shows
the 4DCT images generated by XCAT. Sagittal plane was presented to visualize the
breathing amplitudes at T50 phase (Figure 5a), TOO phase under the normal breathing
(Figure 5b) and deep breathing (Figure 5¢) motion as described in Table 1. In this study,
the CT images for T50 phase are the same for both the normal breathing and deep

breathing conditions.
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FIGURE 5 4DCT images generated by XCAT in the sagittal plane at (a) TS50 phase, and
TOO phase under the (b) normal breathing and (c) deep breathing motion. The red lines

show the relative diaphragm positions.

Next, to create 3D real-time volume using a motion model, a surrogate input is needed.
The diaphragm top point in DRR was tracked and used as the surrogate input of the
motion model. The 3D real-time volume generated by the motion model was then
projected to 2D plane with a specified angle. The DRR created by projecting the ground
truth volume of the deep breathing TOO phase (Figure 6a) is compared with the DRR
created by projecting the model volume at an imaging angle 270° (Figure 6b). The
DRRmodel sShows signs of distortion near the diaphragm edges. This is due to the quality
of DIR and excessive extrapolation of the motion model estimation, which was created

under the condition with halved breathing amplitude.
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DRRGT DRRmodel

FIGURE 6 DRR images generated from (a) ground truth volume and (b) model volume of
the deep breathing TOO phase at an imaging angle 270°. The registration area for model

correction is shown in red squares.

To address the errors from the motion model, real-time model correction using the 2D
real-time images was carried out. Model correction was performed on a small area at the
pancreas region, as shown in Figure 7. As a proof-of-concept study, the area is selected
so that the rib movement would not affect the correction process. The registration
between the two area generated a correction vector and converted to 3D. The conversion
is straightforward as the imaging angle is at 270° and the isocenters of the volume and
DRR are well-defined.

Figure 7a shows the ground truth 3D volume with pancreas being highlighted for
visualization. Figure 7b and 7c show the difference images between the GT and the
motion model results before and after correction, respectively. Visually, the corrected

motion model volume shows a reduced error when compared to the GT.
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FIGURE 7 (a) CT image (sagittal plane) of the ground truth (GT) created by XCAT and

..\!

CTer minus

CTger minus
3D-Volumeygge 3D-Volumenogel corrected

difference images between the GT and motion model results (b) before and (c) after the

correction. Pancreas is highlighted for visualization.

Dice coefficients were calculated for pancreas between the GT and motion model
volumes with and without correction for the 20 phases. Results show improvement on the
Dice coefficient value after the correction process for most phases, as shown in Figure 8.

For the fully inhaled state TOO, the Dice coefficient value improved from 0.74 to 0.78.
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FIGURE 8 Dice coefficients of pancreas between the GT and the motion model volumes

without and with correction in digital phantom.

3.2 Physical phantom
Next, we validate the proposed method experimentally under the condition that is similar
to a typical PBT treatment. Figure 9 shows the coronal plane slices for 10 phases of 4DCT
images (T00-T90) taken for the phantom which underwent normal breathing motion, for
both lung and pancreas environments. DIR was performed between the images of T50
and other phases to obtain a set of DVFs for motion model creation.

The diaphragm top point was tracked in real-time X-ray image pair and converted to
3D displacement, which was used as the input of the motion model. The inherent tracking
error for the diaphragm and pancreas tumor was found to be 0.2 mm and 0.5 mm,

respectively, measured from the two motion patterns shown in the Supplementary



396

397

398

399

400

401

403

404

405

406

407

408

409

23

Information. The motion model then generated the 3D volume of each phase. The
resulted 3D volumes are also shown in Figure 9. In contrast to the noticeable motion
artifacts of diaphragm and rod seen in the experimental 4DCT, the 3D-volumemodel ShOws
no artifacts as each phase was generated by applying the motion model estimation to the

artifact-free reference T50 volume.

(a) Lung tumor simulation
4DCT

3D-volume,o4a

FIGURE 9 4DCT images (coronal plane) taken at normal breathing motion and 3D volume
generated by motion model using the diaphragm position of the same 10 phases as the
input for (a) lung tumor and (b) pancreas tumor simulation. The red lines indicate the

positions of tumor and diaphragm at T50 reference state.

The real-time X-ray images at imaging angles of 135°/225° of the reference T50 and

deep breathing TOO phase, as well as the simulated 2D-Imagemodel from motion model,
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are shown in Figure 10. Rigid registrations were carried out in the areas shown in the red
rectangles. For the lung case, the area includes the rod, tumor, rib, and mediastinum. For
the pancreas case, the area includes the diaphragm, rod, tumor, and the air gap between
tumor and rod, while excluding the air gap between the rod and diaphragm. The rigid
registrations generate sets of 2D correction vectors. The 2D correction vectors are used
to calculate a 3D correction vector using trigonometry. The tumor position is then obtained

from the corrected 3D volume.

(a) Lung tumor simulation (b) Pancreas tumor simulation
2D-Imagerpp rer 2D-Imageepp rr 2D-Imagemoger 2D-Imagerpp (o 2D-Imagepp rr 2D-Imageogel
(reference) (real-time) (real-time) (reference) (real-time) (real-time)

FIGURE 10 Real-time X-ray images at imaging angles of 135°/225° at reference T50 and
deep breathing TOO phase of the deep breathing motion, and the corresponding simulated
2D-Imagemodel from motion model, for (a) lung tumor and (b) pancreas tumor simulation.

The registration area for model correction is shown in red squares.

Figure 11a compares the ground truth diaphragm and the lung tumor motions, with the
measured diaphragm motion and estimated tumor motions from the motion model with
and without the real-time correction. The different motions between the diaphragm and

lung tumor during the deep breathing condition (motion trace 1) introduce a large error to
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the uncorrected motion model estimation. The lung tumor localization errors are shown
in Figure 11b. The errors are reduced significantly after applying the correction using the
real-time X-ray image. For the fully inhaled states, the tumor localization errors reduce
from around 6 mm to around 2 mm after correction, while the mean absolute error (MAE)
decreases from 3.3 mm to 0.7 mm after applying the correction. The standard deviations
of the error are 2.3 mm before the correction and 0.8 mm after applying the correction.
Similar results are found for the shallow breathing condition with a 1.7 mm baseline shift
(motion trace 2), as shown in Figure 11c and 11d. The mean absolute error (MAE)
decreases from 1.4 mm to 0.8 mm after applying the correction. The standard deviations

of the error are 1.0 mm before the correction and 0.5 mm after applying the correction.

(a)z 400 Diaphragm a“fi lung tumor motion (b) ®° Lung tumor localization errors
£ w0 (Motion Trace 1) 70 {Motion Trace 1)
2 7N " i
3 300 P \‘\\ 6.0 = *
B 25.0 /:4/ 3 * E
B /i # % £50 2l
£ 200 /s E
E " \ 540
£ 150 e * E *
o / 30
E
g 100 y/ \N i
= 20 g a .
E - A S *
a - — - ’ \ ’ N .
0.0 &7 # ot / ] B Foe
0.0 10 20 3.0 40 5.0 & __& N P T
5.0 Time (s) 0.0 A = k-7 A- - a4
Diaphragm (GT) Diaphragm (measured) 0.0 1.0 o Time (s) 3.0 40 50
Tumor (GT) #+ - Tumor (model, w/o correction) # - Tumor (model, w/o correction) ~ & — Tumor(model, w/ correction)
~ 4 — Tumor(model, w/ correction)
20.0 i i e
(c)z Diaphragm a"fj lung tumor motion (d) **° Lung tumor localization errors
% 6.0 (Mm'_on Trace 2) 350 (Motion Trace 2)
8 160 DN .
# Lty 3.00
g 140 / Y .
. f& Vi '.
5 12, /& ) —2.50
B 120 /"_ A\ = -
£ 100 o\ E :
s / N ~ 2.00 :
z 80 /4 N\ 2 gih AL -
£ 7 BN W 450 " »
g %0 v - A S \ LA
= iy L4 ; \ ’ .
o 40 0y \ 1.00 . 5 y i : .
6 59 & o P v - N P i
0 £ | ey 050 4. 8 N A e
0.0 Seas
0.00
0.0 1.0 20 3.0 4.0 5.0
S Time(s) N ) 0.0 1.0 20 Time(s) 3.0 40 50
laphragm aphragm (measure a "
Tumer (GT) +..- Tumor (model, w/o correction) #--- Tumor (model, w/o correction) & — Tumor(model, w/f correction)

& — Tumor(model, w/ correction)



440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

26

FIGURE 11 Diaphragm and lung tumor motion curves of ground truth (GT) and model
without and with correction, Tumor localization errors of the motion model without and

with correction, for (a) motion trace 1 and (b) motion trace 2.

Figure 12 shows the similar comparison between the ground truth diaphragm and the
pancreas tumor motions, with the measured diaphragm motion and estimated tumor
motions from the motion model with and without the real-time correction. The pancreas
tumor localization errors are reduced significantly after applying the correction using the
real-time X-ray image. For the fully inhaled states during deep breathing (motion trace 1),
the tumor localization errors reduce from around 5 mm to less than 2 mm after correction,
while the mean absolute error (MAE) decreases from 2.5 mm to 0.5 mm after applying
the correction. The standard deviations of the error are 2.1 mm before the correction and
0.5 mm after applying the correction. Similar results are found for the shallow breathing
condition with a 1.7 mm baseline shift (motion trace 2), as shown in Figure 11c and 11d.
The mean absolute error (MAE) decreases from 1.3 mm to 0.6 mm after applying the
correction. The standard deviations of the error are 0.9 mm before the correction and 0.3

mm after applying the correction.
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(a) = 400  Diaphragm and pancreas tumor motion (b) 6.5 Pancreas tumor localization errors
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FIGURE 12 Diaphragm and pancreas tumor motion curves of ground truth (GT) and
model without and with correction, Tumor localization errors of the motion model without

and with correction, for (a) motion trace 1 and (b) motion trace 2.

4 DISCUSSION
A proof-of-concept study for our motion model-based markerless tracking method has
been carried out.

In digital phantom, using the diaphragm top point as the input, the motion model
generated the DRRs that simulate the instant breathing condition. The registration
between the estimated DRR and the ground truth DRR in the pancreas region

successfully improved the accuracy of the original estimation from motion model.
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Generally, the improvement is significant at larger amplitude cases, where the motion
model has larger errors. The improvement is not noticeable or even negative for the
exhaled phases where the motion model already has a small error. This is probably due
to the registration errors in the correction process due to small displacement.

In physical phantom, the diaphragm top point motion was tracked in X-ray image and
was used as the motion model input. The motion model generated 3D and 2D motion
estimations, which were used to simulate 2D images with the same modality as the X-ray
images. The simulated 2D images were registered to the real-time X-ray images and
corrected the original estimated 3D volume. The results show significant reductions of
tumor localization error, which is originated from the change in surrogate-tumor
relationship between the time when motion model was created and the time during
treatment, from around 6 mm to around 2 mm. The success of preforming real-time
correction to the 3D volume using a pair 2D images allows the tracking accuracy of the
motion model to be ensured even when the surrogate-tumor relationship was significantly
different than the time when the motion model was created. In terms of computational
time, the real-time correction process was performed in around 500 ms using a domestic
GPU (NIVIDIA GeForce RTX 3050), which allows the implementation at 2 Hz. The
majority time spent was on the rigid registration between the 2D images, which was
around 400 ms. The creation of real-time DRRmodel from the real-time 3D-DVF took around
50 ms. While the current proof-of-concept study has a latency of around 500 ms, it is
promising for it to be applied in real-time with further optimization of the algorithm in the

future.
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As a proof-of-concept study, the validation processes were relatively simple and
straightforward. For the digital phantom, the CT number of each organ is assumed to be
constant across that whole organ. In addition, there is no noise in the DRR images created
from digital phantom. For physical phantom, the diaphragm and tumor rod only moved in
one direction without any deformation. Moreover, although the tumor rods and the 3D
printed materials are suitable for creating a low-contrast environment, it is still far different
than the actual environment in patient body. A more accurate simulation and validation
using patient data are desired. Finally, all the registrations including the real-time
correction was only performed using rigid registration. Improvement of the method to
perform deformable real-time correction is needed, such as extending the use of 2D
transformation vector into 2D-DVF. However, the conversion from 2D to 3D is an ill-posed
problem as there might not be sufficient information to convert 2D deformable vectors to
3D for model correction. As a result, a method to iteratively optimize the 3D real-time
volume to simulate a pair of 2D images that match the 2D real-time images needs to be
developed.

In addition, our method has the following limitations. The accuracy of our motion model
depends on the accuracy of DIR performed between the phases in 4DCT. While the errors
can be partly corrected by X-ray image in the real-time correction process, the initial
estimation accuracy is still crucial to the correction speed and accuracy. Also, in order to
achieve the matching of estimated image and real-time image in the same modality, it is
essential to develop a method to establish an accurate correspondence between the
reference CT and the X-ray image taken at the reference moment, so that real-time

information and the 3D structural information can be connected well. The fore-mentioned
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method to iteratively optimize the 3D reference volume that best reproduces a pair of 2D
reference images can be one possible option.

Despite the simpleness of our validations and the limitations explained above, our
method has successfully combined the detailedness of 4DCT and real-time information
from 2D X-ray images through a motion model to track the tumor and tissues motions. In
addition, such incorporation was achieved through the matching between the estimated
images and real-time images in the same modality, which allows the potential applications
in low X-ray contrast regions such as liver and pancreas.

The framework can be generalized in Figure 13. Structural information is modelled into
a motion model, and the motion model is corrected, or optimized, by the real-time
information to generate 3D volume that can reproduce the real-time information. Such
optimization process can be performed iteratively until the similarity index between the
estimated images and real-time images reaches a certain threshold. The 3D real-time
volume allows the estimation of tumor positions as well as the OAR positions. It also
allows the calculation of water equivalent thickness (WET) along the beam path for PBT

treatment.
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Structural Modeling

e.g.: Real-timeDRR | NMotion . Real-time
| model 3D volume
Real-time Optimization

i nfo rmation [&-9- Real-time X-ray images

FIGURE 13 The generalized framework of the workflow in this study. Structural
information is modelled to create a motion model, while the real-time information is used

to optimize the motion model to generate an accurate 3D real-time volume.

Under the framework, our method can be further extended. For example, the structural
information can be modelled individually to create an organ model. Such model can be
utilized so that real-time monitoring of OAR motion can be achieved, which helps ensure
the organs-at-risk (OARSs) not to be exposed to excessive dose. A gas model can also be
incorporated so that the sudden and quick movement of gas inside the digestive tracts
can be tracked. This can be especially useful in PBT as these gas bubbles can
significantly alter the beam range of particle beam when they enter the beam path.
Moreover, other prior-knowledge and extra freedoms can be used to modify the 3D motion
estimation to produce a better matching with the real-time information to account for the
deformations of tumor and tissues. For example, some pre-built deformation models such
as a biomechanical model can be used as the initial modification.®* A randomized DVF

can be added as a fine-tuning parameter so that the optimization will not be limited by
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prior information. This provides the freedom to modify the motion model estimation to
describe any possible body conditions appeared during the treatment.

Finally, this framework might also serve as a real-time optimization tool for any 3D real-
time estimation result including the Al-based methods. While methods like deep learning
are powerful to localize tumor position, it has been difficult to ensure their real-time
tracking results are reliable. By incorporating with this framework, Al-based estimations
can be further optimized to produce the best simulation that matches the pair of 2D real-

time images, thus ensuring its tracking accuracy.

5 CONCLUSION

The key to perform high precision markerless motion tracking of tumor lies on the
utilization of detailed structural information from the planning stage and real-time
information during treatment. We present a novel approach to incorporate 4DCT and 2D
real-time images through a motion model. The proof-of-concept validation results in both
digital and physical phantoms show that the 2D real-time images can successfully correct
the initial motion model estimation, thus improving the tracking accuracy. Since the
matching between the motion model estimation and real-time information is performed
between the images in the same modality, tracking is achievable even when the contrasts
in real-time X-ray images are low. Our result suggests a new motion model approach to

perform markerless tracking.
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