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Abstract

Developing new technologies for clinical usage requires systematic and rigorous
validation and optimization for various patient scenarios to ensure robustness and
accuracy. Clinical trials on real patients are always considered the gold standard for
evaluating newly-developed technologies. However, it is often challenging to achieve
due to the high cost, difficulties in patient recruitment, ethical issues especially
considering the extra imaging dose, lack of ground-truth patient data, insufficient
number of patients for data-demanding studies, etc. As a result, anthropomorphic
phantoms are utilized to substitute patients for the testing, evaluation, and optimization
of various novel radiotherapy and medical imaging techniques before the patient
studies. Physical phantoms can be used as a preliminary tool for evaluating some
techniques, but they tend to be expensive, over-simplified, and unflexible to simulate
various patient scenarios. By contrast, digital phantoms are cost-effective, providing a
ground truth with known anatomy and physiological functions, being flexible in
simulating different patient scenarios, and efficiently generating a large amount of data.
Thus, digital phantoms are more likely to be a powerful tool for diverse technique
assessments and substitute for patients in virtual clinical trials.

The 4D-extended cardiac-torso (XCAT) phantom is a digital phantom that

simulates diverse human anatomies (e.g., genders, heights, tumor sizes etc.) with cardiac
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and respiratory motions, and it has been widely used in medical imaging and
radiotherapy research. Although being widespread, the 4D-XCAT phantom has several
limitations. First, it lacks intra-organ anatomical details and textures. The absence of the
heterogeneous anatomical textures would degrade its translatability from phantom to
patient studies for various research in radiation therapy, such as imaging reconstruction,
image registration, segmentation, treatment planning, etc. Second, the breathing motion
pattern in the 4D-XCAT phantom is simplified to an approximate linear model.
Therefore, the current phantom is not adequate for research that involves lung function,
motion management, 4D imaging or treatment optimization, etc. Third, the XCAT
phantom has not included onboard imaging artifacts. As a result, the current phantom is
not adequate for evaluating treatment delivery techniques related to motion
management, onboard localization, etc.

This dissertation aims to address these limitations by developing an eXtended
Modular ANthropomorphic (XMAN) phantom based on 4D-XCAT using generative
adversarial network (GAN)-based deep learning techniques. Structure-wise, this
dissertation includes the first chapter for introduction, the second chapter for specific
aims addressing the three limitations of the 4D-XCAT phantom, and three chapters
(chapters 3, 4, and 5) with one limitation discussed at each one of them. Finally, the

dissertation work is summarized in chapter 6.



In chapter 3, we proposed to synthesize anthropomorphic anatomical textures in
the chest region of the XCAT phantom. A dual-discriminator conditional-GAN (D-
CGAN) model was developed. For training purposes, we generated organ maps to
mimic XCAT images and train the model to synthesize realistic anatomical textures in
the organ maps to simulate real CT or CBCT images. The organ maps were generated by
segmenting the organs and gross tumor volumes from the actual patient images and
assigning unique HU values to each structure. The D-CGAN was uniquely designed
with two discriminators, one trained for the body and the other for the tumor. The D-
CGAN model was trained separately using 62 CT and 63 CBCT images from lung SBRT
patients. Then, various XCAT phantoms were input to the D-CGAN model to generate
multi-contrast textured XCAT (MT-XCAT), including CT and CBCT contrast. The MT-
XCAT phantoms were evaluated by comparing the intensity histogram features. The
visual examination demonstrated that the MT-XCAT phantoms presented similar
general contrast and anatomical textures as CT and CBCT images. The mean HU of the
MT-XCAT-CT and MT-XCAT-CBCT were -140.35 + 336.48 and -185.72 + 350.32,
compared with that of real CT (-149.79 + 346.37) and CBCT ((-245.41 + 371.66). The study
demonstrated that realistic MT-XCAT phantoms were generated using the proposed
method.

In chapter 4, we proposed to synthesize realistic and controllable respiratory

motions in the XCAT phantoms by developing a GAN-based deep learning technique. A
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motion generation model was developed based on BicycleGAN with a novel 4D
generator. Input with the end-of-inhale (EOI) phase images and a Gaussian
perturbation, the model generates inter-phase deformable-vector-fields (DVFs), which
are composed and applied to the input to generate 4D images. The model was trained
and validated using 71 4D-CT images from lung cancer patients. During testing, the EOI
phase images of the 4D-XCAT phantom are input to the well-trained motion generation
model to generate 4D-XCAT with realistic respiratory motions. By tuning the input
Gaussian perturbation, 4D-XCAT phantoms with different breathing amplitudes are
generated. A separate respiratory motion amplitude control model was built using
decision tree regression to predict the input perturbation needed for a specific motion
amplitude. This model was developed using 300 4D-XCAT phantoms generated from 6
original 4D-XCAT phantoms of different sizes with 50 different perturbations for each
size. For evaluating the generated 4D images, Dice coefficients for lungs and lung
volume variation during respiration were compared between the simulated images and
reference images. Deformation energy was calculated to evaluate the generated DVF.
DVFs and ventilation maps of the simulated 4D-CT were compared with the reference
4D-CTs using cross-correlation and Spearman’s correlation. Additionally, a comparison
of DVFs and ventilation maps among the original 4D-XCAT, the generated 4D-XCAT,
and reference patient 4D-CTs were made to show the improvement of motion realism by

the model. The amplitude control error was calculated as the absolute error between the
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generated and desired breathing amplitude. Results show that the maximum deviation
of lung volume during respiration was 5.8% and the Dice coefficient for lungs reached at
least 0.95 by comparing the simulated and reference 4D-CTs. The generated DVFs
comparable deformation energy levels. The cross-correlation of DVFs achieved 0.89 +
0.10/ 0.86 = 0.12/ 0.95 + 0.04 along the x/ y/ z directions in the testing patient group. The
cross-correlation of ventilation maps derived achieved 0.80 + 0.05/ 0.67 + 0.09/ 0.68 + 0.13,
and the Spearman's correlation achieved 0.70 + 0.05/ 0.60 + 0.09/ 0.53 + 0.01, respectively,
in the training/validation/testing patient groups. The generated 4D-XCAT phantoms
presented similar deformation energy as patient data while maintaining the original
XCAT phantom (Dice=0.95, maximum lung volume variation=4%). The respiratory
motion amplitude error was controlled to be less than 0.5 mm. The results demonstrated
that realistic and controllable respiratory motion in the 4D-XCAT phantom was
synthesized using the proposed method.

In chapter 5, we proposed to synthesize realistic CBCT imaging artifacts in the
XCAT phantoms. An artifact simulation model is developed using CT images and image
acquisition conditions as inputs and is trained to generate CBCT images with the
conditions-specific imaging artifacts. Then, XCAT phantoms are input to the model with
user-desired image acquisition conditions to simulate CBCT artifacts in the XCAT
phantoms. The model was trained in a two-step scheme: (1) simulate cone and under-

sampling artifacts for different projection numbers (450, 150, or 100); (2) simulate scatter

viii



and beam-hardening artifacts. Cone-beam projections of the CT volumes were generated
by ray-tracing and used to reconstruct CBCTs using FDK-backprojection. These CBCT
volumes were used as the output for the first-step model and the input for second-step
model. The second-step model outputs corresponding CBCTs reconstructed using
Monte-Carlo (MC) projections. The model was trained and validated with 14 patients
with 10-fold cross-validation and tested by one independent patient and 5 XCAT
phantoms. In addition to qualitative evaluation, we quantitatively evaluated the model
performance by peak-signal-to-noise-ratio (PSNR), structural similarity index (SSIM),
cross-correlation, and NPS (noise power spectrum) correlation coefficient (NCC). For the
under-sampling and cone artifacts simulation, the PSNR reached 38.58/37.24/36.92, and
the SSIM reached 0.987/0.978/0.966 for the testing patient with 450/225/100 projections,
respectively. The cross-correlation and NCC achieved at least 0.99 for all projection
numbers. Qualitatively, the model successfully simulated the streak artifact due to
under-sampling and cone artifact in the XCAT phantom. For scatter simulation, the
PSNR reached 28.05, and SSIM reached 0.904 for the testing patient. The cross-
correlation was 0.927, and NCC was 0.984. The results demonstrated the feasibility of
synthesizing CBCT artifacts in the 4D-XCAT phantom using the proposed method.

In summary, the results demonstrate that an eXtended Modular
ANthropomorphic (XMAN) phantom has been built based on the 4D-XCAT phantom

with the following important featurs: (1) Realistic anthropomorphic anatomical textures
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for CT and CBCT in the chest region. This feature can significantly enhance the
translatability from phantom to patient studies, better preparing the phantoms for a
wide variety of virtual clinical trials in radiation therapy, such as imaging
reconstruction, image registration, segmentation, treatment planning, etc. (2) Realistic
and controllable respiratory motion pattern. This feature is valuable for investigating 4D
imaging sorting and reconstruction techniques, validating ventilation map calculations,
functional image analysis, developing motion-robust treatment planning, etc. (3)
Realistic onboard CBCT imaging artifacts. This feature is valuable for evaluating and
optimizing the imaging protocol and various image processing and treatment
techniques, such as CBCT artifact correction, CBCT based target localization, radiomics

analysis, and plan adaptation.
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1. Introduction

1.1 Anthropomorphic phantoms to address the limitations of
patient studies

The deployment of novel technologies for clinical usage requires systematic and
rigorous validation and optimization for various patient scenarios to ensure robustness
and accuracy. Clinical trials on real patients are always considered the gold standard for
evaluating the novel technologies. However, this is often challenging to achieve due to
the following reasons:

(1) Limitations of clinical trials: clinical trials are expensive and time-consuming
to recruit patients. This could delay the development of the novel technologies or cause
the suspension of clinical trials due to financial difficulties. In the radiation therapy
realm, it is also not always practical to use patients to optimize technologies that involve
ionizing radiation due to the concern of extra radiation dose to patients. Therefore,
clinical trials are often used as the final validation instead of the initial evaluation and
optimization of new techniques.

(2) Lack of ground-truth in patient data: in real patient data, the ground-truth for
evaluating the techniques is challenging to establish or even unavailable in some
scenarios. For example, evaluating the impact of respiratory motion on dose delivery
requires the ground-truth of real-time 3D images of the patient, which is not practically
available. Current on-board MRI or X-ray imaging can only provide real-time 2D

images. Lacking the ground-truth makes the rigorous evaluation or validation of the
1



technologies challenging.

(3) Barriers to building a large high-quality patient database for data-demanding
studies: artificial intelligence (Al) has led to many breakthroughs in the medical field in
recent years. It shows great potential to substantially improve the efficiency and
accuracy of various imaging and treatment techniques. One important key to developing
a successful artificial intelligence model is to establish a large high-quality patient
database for model training, validation, and testing. However, this demand on patient
resources is often to fulfill in medium or small clinics. This challenge has become a
bottleneck for democratizing the development and implementation of novel Al
techniques in such clinics.

To address the limitations of patient studies, anthropomorphic phantoms, which
are the devices to represent human anatomy or physiology, provide a potential tool for
the testing, evaluation, and optimization of various novel radiotherapy and medical
imaging techniques before the patient studies. As an alternative to patient studies, using
the anthropomorphic phantoms is expected to solve the disadvantages of patient studies
in high cost, time consumption, patient recruitment, and concerns on excessive radiation
dose, and provide the ground-truth as the anatomy and physiological functions are
exactly known.

There are two types of anthropomorphic phantoms- physical phantoms and

digital phantoms. For the physical phantoms(DeWerd & Kissick, 2014), there are whole-



body phantoms, such as the Alderson Radiation Therapy phantom (ART phantom)
offered by Radiology Support Devices (Long Beach, CA), RANDO phantom offered by
The Phantom Lab (Salem, NY) and ATOM Dosimetry Phantom offered by
Computerized Imaging Reference Systems, Inc (Norfolk, VA). These phantoms are
designed for dosimetry measurements so they can accommodate radiation dosimeters in
multiple locations, and they are all commercially available. There are also body-part
phantoms, which are often developed to fulfill the needs to assess a specific treatment
modality or treatment target. Especially, 3D- printing has been increasingly popular for
developing the body-part physical phantoms(Kiarashi et al., 2015). However, physical
phantoms are overly simplified without the realism to mimic real patients, non-flexible
to simulate various scenarios, and possibly misleading due to the weak in clinical
relevance. In addition, although being more financial-friendly than clinical trials,
physical phantom is still prohibitively expensive, especially for fabricating a series of
phantoms to accommodate various human anatomies.

Compared to physical phantoms, digital phantoms are much more cost-effective.
They also provide the ground-truth with known anatomy and physiological functions.
Additionally, digital phantoms have the flexibility to simulate different patient scenarios
with well-controlled parameters, which enables researchers to investigate the effects of
the parameters and the robustness of the techniques being evaluated. Last but not least,

it is efficient to create a large number of digital phantoms to build a database for the



data-demanding techniques. With these merits, many digital phantoms have been
developed for simulation studies in medical imaging research. George Xu(Xu & Biology,
2014) summarized over 400 types of digital phantoms that have been developed to
investigate medical imaging applications and radiation dosimetry. The digital phantoms
generally fall into three categories(Abadi et al., 2020): (1) mathematical phantoms, which
use equations or simple geometric primitives to define the body structures. They are
easy to be manipulated through adjusting the parameters in the equations (such as
organ size and shape), but they lack realism. (2) Voxelized phantoms, which are based
on the segmentation of a patient’s medical imaging. Hence, they provide a more realistic
model of the patient's anatomy. However, they are not as flexible because they are fixed
to the anatomy of a particular patient. (3) Boundary representation (BREP) phantoms,
which are a hybrid of mathematical phantoms and voxelized phantoms. Based on the
segmentation of patient data, they use nonuniform rational B-splines (NURBS)
surfaces(Piegl, 1991) or polygon meshes to define each organ or structure. Therefore,
they can realistically model the anatomy while providing a mathematical basis to
simulate anatomical or motion variations.

In recent years, virtual clinical trials (VCTs) have been developed and utilized to
evaluate and optimize medical imaging technologies virtually before real clinical trials.
As an alternative means to clinical imaging trails, VCT makes it possible to conduct

experiments quickly and cost-effectively on the computer, to answer fundamental



questions that can only be practically answered with the precise controls afforded in the
virtual domain (e.g., known ground-truth of the “patient” being imaged). One of the
major components of VCTs is to use digital phantoms as the surrogate of the human
population. Therefore, developing digital phantoms that realistically model patient

anatomy and physiology are essential for VCTs.

1.2 4D-XCAT phantom: design, applications, and limitations

The 4D extended cardiac-torso (XCAT) phantom(W. Segars, G. Sturgeon, S.
Mendonca, J. Grimes, & B. M. Tsui, 2010) is a widely used phantom that can simulate
cardiac and respiratory motions under diverse human anatomies (e.g., genders, heights,
tumor sizes and locations, etc.). The first generation of the 4D-XCAT phantom was
called the 4D NURBS-based cardiac-torso (NCAT) phantom(William Paul Segars, 2002),
which was developed to provide a realistic and flexible model to investigate the effects
of motion on nuclear medicine imaging, specifically single-photon emission computed
tomography (SPECT) and positron emission tomography (PET). Based on the Visible
Human male CT data from the National Library of Medicine (NLM), the non-uniform
rational b-spline (NURBS) surfaces were used to construct the shapes of each organ or
anatomical structure. The NURBS surfaces can be easily manipulated through the
control points that define the shapes, so the 4D-NCAT phantom also maintains the

flexibility to model anatomical variations and motion.



Based on the design of the 4D-NCAT phantom, the 4D-XCAT phantom was
developed with several significant improvements: (1) The 4D-NCAT phantom did not
include a separate model for the female, and the 4D-XCAT phantoms include both male
and female models. (2) The 4D-NCAT phantom consists of only 100 structures restricted
to the torso region, and the 4D-XCAT consists of details including thousands of
anatomical objects defined over the entire human body. (3) The cardiac and respiratory
motions are much more detailed, including the details for the cardiac chambers,
papillary muscles, and pulmonary vessels and muscles. These advances enable the 4D-
XCAT phantom a more realistic and flexible anthropomorphic model for multimodality
and high-resolution imaging research (such as CT, MRI, and PET)

The 4D-XCAT phantom has found its broad applications in medical imaging and
therapy research(W. P. Segars et al., 2018). It has been used for medical imaging
technique evaluation(Y. Chen, Yin, Zhang, Zhang, & Ren, 2018; K. Lafata et al., 2018;
Pham et al., 2019), radiation therapy technique evaluation(Ren, Zhang, & Yin, 2014;
Yawei Zhang, Deng, Yin, & Ren, 2018; Yawei Zhang, Yin, Zhang, & Ren, 2017) ,
radiation dosimetry(Xie & Zaidi, 2014), respiratory motion studies, etc., resulting in
hundreds of papers in PubMed.

However, utilizing 4D-XCAT phantom for VCT in radiation oncology remains
limited due to the lack of a comprehensive framework that realistically simulates the

entire workflow in radiotherapy. Specifically, the current phantoms are limited in the



following aspects:

(1) Lack of complete anatomical details and textures: Realistic anatomical details
and image textures determine the phantom’s realism, directly impacting the
translatability from phantom to patient studies. The absence of this feature would limit
the application of the 4D-XCAT phantoms for evaluating various radiation therapy
techniques, such as image registration, segmentation, precise treatment planning, etc.

(2) Lack of simulation of realistic respiratory motions and daily breathing and
positioning changes: Respiratory motions affect the entire radiotherapy workflow, from
imaging, planning to treatment. Currently, the XCAT phantoms can only simulate
simplified respiratory motions using an approximately linear motion vector field(W. P.
Segars, G. Sturgeon, S. Mendonca, J. Grimes, & B. M. Tsui, 2010), which is far from
realistic. This limitation would impair its applications for 4D imaging, ventilation-
related research, and functional studies.

(3) Lack of onboard imaging simulation: Onboard imaging is crucial for target
localization and adaptive therapy in radiotherapy. The quality of onboard imaging
techniques, such as CBCT, is affected by various imaging artifacts, impacting the
precision of treatment delivery techniques. Simulating onboard imaging is crucial for
performing an end-to-end VCT in radiotherapy. However, such simulation is not
currently available for the XCAT phantom or any digital phantom.

With the fast development of motion management techniques, it becomes



increasingly urgent to establish a digital platform that provides high realism for
simulating the entire radiotherapy workflow. This novel phantom will open new
horizons for end-to-end VCTs in radiotherapy to significantly accelerate the evaluation,
optimization, and adoption of novel motion management strategies to improve the

treatment outcome.

1.3 Previous methods for improving the 4D-XCAT phantom

Several studies documented in the literature have been trying to address the first
limitation, i.e., to simulate realistic anatomical details and textures. For example, an
anatomically-based volume-filling branching algorithm was utilized to generate lower
airway branches(Garrity, Segars, Knisley, & Tsui, 2003) and higher airways branches
together with artery and vein trees(Abadi, Segars, et al., 2017). The lung parenchyma
was modeled(Abadi, Sturgeon, et al., 2017) by splitting the lung lobes into secondary
pulmonary lobule units and filling heterogeneous backgrounds inside the units using a
non-parametric texture synthesis algorithm. Bone structures (spine, ribs, and sternum)
were also modeled(Abadi et al., 2018) using a mathematical model that simulated bone
texture using a 3D power-law synthesis technique. Despite these accomplishments, the
mathematical approaches are inherently restricted by the simplified representation of
realism. Besides, the anatomical textures of certain organs have not been simulated, such

as that of muscles or soft tissues.



Deformable registration method(J. Chen, Li, Du, & Frey, 2020) was lately
proposed to morph patient images to XCAT to generate image textures. However, the
large geometric and anatomy discrepancy between a specific patient and XCAT
phantoms of different sizes and breathing amplitudes can significantly deteriorate the
registration accuracy.

To the best of our knowledge, there have been no methods that provide a
complete simulation of realistic textures in all anatomical structures in the 4D-XCAT
phantom. Additionally, all the previous studies were limited to simulating the
anatomical textures for a single imaging modality which is CT. Meanwhile, there have

been no studies addressing the other two limitations of the 4D-XCAT phantom.

1.4 Recent advances using Artificial Intelligence (Al) for medical
imaging

1.4.1 Al and deep learning

In the past few years, artificial intelligence (AI) has been continually making
breaking throughs in fields such as computer vision and natural language processing.
The translation of Al techniques from the natural image field to medical imaging is
increasingly attractive and feasible. They provide another potential direction for solving
the problems that used to be difficult with conventional mathematical models.

Particularly, the advances in Al for medical imaging almost rely on the
groundbreaking performances of deep learning models(Sahiner et al., 2019). Deep

learning is a subfield of machine learning, which is a subfield of Al. Traditional machine
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learning algorithms such as support vector machine (SVM) or random forests take
handcrafted features as the input data, which are often developed based on the domain
expertise. Therefore, the handcrafted features needed for different applications (such as
object recognition or classification) are various. By comparison, deep learning usually
consists of a large number of neural network layers that can extract crucial hidden
information in the input data (in our case, medical imaging) for specific tasks. In general,
no handcrafted features are needed for deep learning models, and the success of deep
learning is more likely to rely on the depth and compositionality of the model(Sahiner et
al., 2019). Deep learning has been widely used in radiology and radiation therapy,
including image segmentation, organ or lesion detection, tissue or lesion

characterization, image processing, reconstruction, etc. (Sahiner et al., 2019).

1.4.2 Generative adversarial networks (GAN)

GAN is a type of deep learning architecture that has recently demonstrated
promising results in imaging synthesis and imaging augmentation. Invented by
Goodfellow et al. (Goodfellow et al., 2014) in the year 2014 for the purpose of creating
new data instances from random noise, the GAN consists of two neural networks: a
generator and a discriminator. The generator produces synthetic images while the
discriminator evaluates them for authenticity. The network can gradually produce
synthetic images that are indistinguishable from the real images through the joint and

adversarial training process of the generator and the discriminator.
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Based on the original GAN structure, numerous GAN-based variants(Hindupur,
2018) have been developed to adapt to different applications. GAN and its variants have
resulted in an increasing number of publications in the PubMed database in recent

years.

100
90
80
70
60
50

Count

40
30
20

, 1
0
2018 2019 2020 2021

Year

Figure 1: Counts of publications related to GAN in PubMed by year.

We here introduced two representative examples of GAN variants that are

popular in the medical imaging field and will be used in our study.

1.4.2.1. Conditional-GAN (CGAN)

The structure of CGAN(Mirza & Osindero, 2014) is shown in Figure 2. Based on
the structure of GAN, CGAN includes a condition in the network input. In this way,
CGAN can regulate the generator output to fit both the real image population and a
specific requirement. Previous works have demonstrated that CGAN is effective at

synthesizing photos with abundant textures from label maps(Isola, Zhu, Zhou, & Efros,
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2017) and creating images based on discrete labels(Mirza & Osindero, 2014) or text(Reed
et al., 2016) in the natural image field. These works inspired us to use CGAN for

anatomical texture synthesis and imaging artifacts simulation in the 4D-XCAT phantom.

a

€2
D

Figure 2: Structure of conditional-GAN (CGAN)
1.4.2.2. BicycleGAN

BicycleGAN(Zhu et al., 2017) was developed to model a distribution of potential
results. The structure of BicycleGAN is demonstrated in Figure 3. It contains two main
parts, a (1) conditional variational encoder-GAN (cVAE-GAN) responsible for the
image-to-noise-to-image translation and a (2) conditional latent regressor-GAN (cLR-
GAN) responsible for the noise-to-image-to-noise translation. The cVAE-GAN encodes
the ground-truth output image into a latent code, giving the generator a noisy starting
point into the desired output. Using this, along with the input image, the generator
synthesizes images that simulate the ground-truth output images. A KL-divergence loss
is computed to regularize the latent code to be close to a standard Gaussian distribution.

For the cLR-GAN, a randomly drawn latent code from the standard Gaussian
12



distribution is input to the generator. The same encoder used in cVAE-GAN then

attempts to recover the latent code from the output images.

..................... * I I Input Image
T T T -

[l Ground truth output

‘IE i l: ” [0 Network output
/ f s [J Loss
: B =V
\ = S | O 1 [J Deep network
A I

[l Target latent distribution

\ i
_.:III |I 4\ Sample from distribution

Il

Il

(d) Training cLR-GAN i input domain AC RH*W>3
———————————————————————————————————————————————— L output domain B R HxWx3
. — -~ randomly drawn latent code z

cVAE-GAN (B — z — B) cLR-GAN (z —- B — 2) 2 = E(C(A,2))

Figure 3: Structure of BicycleGAN(Zhu et al., 2017)

The BicycleGAN algorithm has shown success in synthesizing diverse, colorful
objects from the same grey-scale input of the object's edge. This application inspired us
to use BicycleGAN for simulating realistic respiratory motion patterns and various

respiratory motion amplitudes in the 4D-XCAT phantom.

1.5 Clinical significance and summary

The 4D-XCAT phantom is an anthropomorphic digital phantom that simulates
diverse human anatomies with cardiac and respiratory motions. As a substitute for real
patients in virtual clinical trials, the 4D-XCAT phantom is low-cost and efficient in
simulating various patient scenarios. It provides a gold standard for the quantitative
evaluation of novel techniques and devices. Despite its broad application in medical
imaging and radiotherapy research, the 4D-XCAT has several limitations. First, it lacks
intra-organ anatomical details and textures. Second, the breathing motion pattern in the

4D-XCAT phantom is simplified to an approximate linear model. Third, the XCAT
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phantom has not included imaging artifacts. To address these limitations, we propose to
use GAN-based deep learning techniques to develop an eXtended Modular
ANthropomorphic (XMAN) phantom based on the 4D-XCAT phantom.

The XMAN phantom will have a significant scientific and clinical impact due to
its following features: (1) realistic simulation of anatomical textures for CT and CBCT
imaging in the chest region. This feature can significantly enhance the translatability
from phantom to patient studies, augmenting the significance of VCT for evaluating and
optimizing a wide variety of techniques in radiotherapy, such as image reconstruction,
image registration, segmentation, treatment planning, etc. (2) realistic simulation of
patient respiratory motion in XMAN. This feature is valuable for investigating 4D
imaging sorting and reconstruction techniques(Harris, Zhang, Yin, & Ren, 2017),
validating ventilation map calculations(T. Yamamoto et al., 2013) and functional
analysis(Zhong, Jin, Ajlouni, Movsas, & Chetty, 2011), developing motion-robust photon
and proton treatment planning(Yu et al., 2016), and establishing novel onboard real-time
imaging and tracking techniques(Yang, Chang, Liu, Liu, & Li, 2017). (3) realistic
simulation of onboard CBCT imaging artifacts for various imaging acquisition scenarios.
CBCT is the most widely used onboard image guidance technique in radiotherapy.
CBCT image quality, including resolution, noise, contrast, and artifacts, has a major
impact on treatment precision. XMAN provides simulations of CBCT image quality for

different imaging scenarios, which is valuable for evaluating and optimizing the
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imaging protocol and various image processing and treatment techniques, such as CBCT
artifact correction, CBCT based target localization, radiomics analysis, and plan

adaptation.
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2. Specific Aims

The research presented in this dissertation aims to develop an eXtended Modular
ANthropomorphic (XMAN) phantom for the assessment and optimization of various
imaging and radiotherapy techniques and to be used as a powerful tool for virtual
clinical trial. The following specific aims are pursued:

Aim 1: Synthesize multi-contrast anthropomorphic anatomical textures based on
XCAT phantom geometry using dual-discriminator conditional-GAN (D-CGAN)

Aim 2: Synthesize realistic and controllable respiratory motions in the 4D-XCAT
phantoms by developing a GAN-based deep learning technique

Aim 3: Synthesize realistic onboard CBCT imaging artifacts in the XCAT

phantoms for various imaging acquisition scenarios using a GAN-based technique
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3. Development of realistic Multi-contrast Textured XCAT
(MT-XCAT) phantoms using a dual-discriminator
conditional-generative adversarial network (D-CGAN)

3.1 Background

As discussed in section 1.2, a current limitation of the XCAT is its lack of intra-
organ anatomical details and textures. Like other computational phantoms, most organs
in the current XCAT are defined as homogeneous materials. The absence of this feature
would limit the application of the 4D-XCAT phantoms for evaluating various radiation
therapy techniques, such as image registration, segmentation, precise treatment
planning, etc. Therefore, simulating anthropomorphic intra-organ textures in the XCAT
phantom is essential for its broader applications.

In this section, we propose to develop a dual-discriminator conditional-
generative adversarial network (D-CGAN) to synthesize anatomical textures within the
XCAT phantom geometry. We used both qualitative verifications via visual checking
and quantitative verification via imaging features to evaluate the realism of the
generated, multi-contrast textured XCAT (MT-XCAT) phantoms. As a pilot study, we
synthesized CT and CBCT textures in the chest region of the MT-XCAT phantom,
including lungs, heart, muscle, body background, bones, airways, and the gross tumor
volume (GTV). Results demonstrated that the MT-XCAT phantoms provide much more
realistic images for technique evaluation and virtual trials by incorporating the intra-

organ textures.
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3.2 Methods and Materials
3.2.1 Overall workflow

A schematic illustration of the overall workflow is depicted in Figure 4. In
general, the study consists of four parts: (1) data preparation: organ maps were
generated, where each structure was segmented from the real patient images and
assigned a distinct intensity value; 2D slices of images were extracted from the 3D
volume for model training; (2) Dual-discriminator CGAN training and validation:
patient data (original data and organ maps) were used for model training and
validation; (3) MT-XCAT phantom generation (D-CGAN model testing): various XCAT
phantoms were input to the validated model to generate MT-XCAT phantoms; and (4)
evaluation: imaging features were compared between the MT-XCAT phantoms and real
patient images. Detailed descriptions of each part are as follows.

______________________________________________________
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Figure 4: Overall workflow of developing the DCGAN model to simulate
anatomical textures in the XCAT phantom.
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3.2.2 Data preparation

Organ maps, including tumors, were generated from real patient data to mimic
images produced in the XCAT phantom. The generation process is illustrated in Figure

5.

Segmentation -. . Value
. ¢ v . Assignment

Real image Structures Organ map

Figure 5: An illustration of organ map generation.

First, specific organs corresponding to those defined in the XCAT phantom were
segmented from the patient images by manual contouring and/or applying thresholds
on the real-patient images. A unique HU value was subsequently assigned to each organ
to approximate the average HU value of the organ on CT. The organs, segmentation
methods, and HU values are listed in Table 1 for CT and Table 2 for CBCT.

Specific for CT images, the heart was first manually segmented. A threshold was
then applied for sub-organ structures (myocardium and heart chamber) due to the
existence of these sub-structures in the XCAT. The sub-organ segmentation of the heart
was not applied to CBCT because of the relatively low CBCT image quality, which made
such a segmentation unpractical.

It should be noted that the manual GTV contours were usually of irregular

shapes and contained both tumor and partial lung tissue. Hence, the GTV regions
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typically included a broad range of HU values. Conversely, the lesions as represented in
XCAT phantom images are always spherical and with uniform intensity. To motivate
the MT-XCAT phantoms to present realistic lesion shapes and intensity distributions, we
designed the GTV in the organ map as a uniformly filled circle that closely covered the
original GTV contour (i.e., a circle with a diameter equaled to the longest diameter of the
GTV contour). The D-CGAN model will learn to generate irregular shape textured
tumors from the circular uniform GTV, which will then be applied in the MT-XCAT
generation afterward.

Table 1: Key information for generating organ maps for CT

HU range for HU assigned to
Structure .
segmentation organ map
Manual Lungs N.A. -700
contour GTV N.A. -200
Bones HU>150 500
Muscle -15<HU<=150 100
Threshold
Body background -800<HU<=-15 -100
Airway HU<=-800 -920
Manual Myocardium HU>0 50
contour + hamb B
Threshold Heart chamber HU<=0 -50

Table 2: Key information for generating organ maps for CBCT

HU range for HU assigned to
Structure .
segmentation organ map
Lungs N.A. -900
Manual
Heart N.A. 30
contour
GTV N.A. -300
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Bones HU>250 450
Muscle 0<HU<=250 70
Threshold
Body -800<HU<=0 -100
background
Airway HU<=-800 -920

3.2.3 D-CGAN training and validation

A dual-discriminator CGAN was trained and validated in a 2D mechanism using
the patient data (corresponding real images and organ maps). During training, the
model learned how to synthesize realistic anthropomorphic textures (CT or CBCT) in
given organ maps. During model validation, the model’s ability to anthropomorphic
texture synthesis was evaluated by comparing the simulated images and real images of
the validation group. The D-CGAN was fine-tuned based on the validation results.

Traditional CGAN(Isola et al., 2017) is limited in synthesizing textures in the
GTV due to the relatively lower weight of GTV compared to other organs in the loss
function. To address this limitation, we developed a dual-discriminator system in this
study, as shown in Figure 6. One discriminator was designed for all the structures in the
body (Dvedy), and the other was only for the GTV (Decrv). The discriminator loss consists
of the losses from both discriminators. Meanwhile, the generator (G) utilizes the GTV
mask to compute a GTV-weighted generator loss. This structure was developed to
improve the model performance within the GTV.

In detail, the input to G is a Gaussian noise concatenated with the organ map,

which plays the role of the condition, and the output is a synthesized image of the same
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dimensions as the input images. Drody observes both the generated simulated body
image and the organ map, and compares them against the real image to distinguish the
simulated image from the real image. Including the condition enhances the model’s
ability to preserve the organ map geometry while synthesizing anthropomorphic
textures. Dcrv observes the simulated GTV images obtained by applying the GTV mask
to the simulated body images. Dcrv also observes the GTV mask as the condition, aiming
to distinguish the simulated GTV from real GTV images. The generator and both
discriminators' performance is improved through the adversarial training process,
enabling the generator to generate simulated images with anthropomorphic textures

similar to the real images.
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Figure 6: An illustration of the D-CGAN structure.

The network structures of the generator and discriminators are illustrated in

Figure 7. The generator was designed based on a U-net(Ronneberger, Fischer, & Brox,
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2015) with modifications. A U-net was chosen because there is a great amount of low-
level information shared between the generator input and output, and this network
architecture would be desirable to shuttle this information directly across the net(Isola et
al., 2017). Modifications include: (1) the contracting path consists of 6 convolutional
blocks. The first block utilizes a 7*7 kernel and stride of 1, and the following five blocks
repeat the application of a 3*3 kernel with a stride of 2. The feature channels increase at
each downsampling layer. (2) The bottleneck involves three convolutional blocks, which
use a 7*7 kernel with a stride of 2 for padded convolution. (3) The expansive path
consists of 6 transposed convolution blocks. The first five deconvolutional blocks utilize
a 3*3 padded transposed convolution with a stride of 2. During this upsampling, the
number of feature channels decreases with the speed corresponding to that in
downsampling. Thus, the upsampling layers could be concatenated with corresponding
downsampling layers from the contracting path. (4) Each concatenation layer (five in
total) is followed by a convolutional layer using a kernel size of 3*3 and a stride of 1. (5)
Each convolutional or transposed convolutional layer is padded during convolution,
followed by batch normalization and a rectified linear unit (ReLU) activation function.
Both discriminators utilize a patchGAN(Isola et al., 2017) structure, consisting of 5
convolutional blocks. Each block comprises an unpadded convolutional layer using a
4*4 kernel and a stride of 2 or 1, followed by batch normalization and activation. Leaky-

ReLU activation is used except for the final block, where sigmoid activation is applied.
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Each pixel in the output represents the probability of a patch from the input image being
real. The judgment of real/false of the input image is decided based on all patches'’

judgment.
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Figure 7: Network structures of the generator and discriminator in the D-CGAN.

The loss function was designed based on the conventional CGAN loss
function(Isola et al., 2017) with modifications. In a conventional CGAN, the total loss
consists of a cross-entropy type CGAN loss term and an L1 synthesis loss term, which is
computed as the L1 error between the real and simulated image(Isola et al., 2017). In our
dual-discriminator system, the CGAN loss includes the cross-entropy from both

discriminators, which are represented by the first and second terms in Equation 1.
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Legan = Ez,c[EOQ(}'Dimg (c G(ZC)))] + Ez,c[EOQ(I'DGTV (c G(zc)))]+ Et’C[IogD(t, c)]
1

In addition to the L1 synthesis loss (Equation 2), we included structural
similarity (SSIM) synthesis losses(Zhuoran Jiang et al., 2019) for the body (Equation 3)

and GTV region (Equation 4) in the generator loss.

Lp1(G) = Ezzclllit — Gz oll4] (2)
Lpoay-ssim(G) = Ez¢[SSIM(t, G(z.c))] (3)
Lory—ssim (G, GTVmask) = E; ([SSIM(t * GTVmask, G(z.c)+ GTVmask)] (4)

The final objective function is shown in Equation 5.

| =arg mgin max Legan + AL 1(G) + ulpody—ssim(G) + vLgry—ssm(G, GTVmask) (%)

In these equations, z represents a Gaussian noise process; c represents the
condition which is the organ map; t represents the target which is the real image;
GTVmask represents the binary sphere covering the manual contoured GTV. The weight

factors A, pn, and v were empirically set at 2, 5, and 1000, respectively.

3.2.4 Textured XCAT generation (D-CGAN model testing)

Images from a series of XCAT phantoms were input into the validated model to
generate textured XCAT phantoms. The phantoms were of varying genders, body sizes,

breathing amplitudes, tumor locations, and tumor sizes. The intensity of each organ in
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the XCAT phantom was assigned to be the same as that in the organ maps, as shown in

Table 1 and Table 2.

2.5 Evaluation

We validated the model’s ability to simulate anthropomorphic texture based on
the validation results. Specifically, we calculated the peak signal-to-noise ratio (PSNR)
and structural similarity index (§5IM) between the simulated images and real images for
the validation group of patients.

PSNR

The calculation method for PSNR is shown in equations (6) and (7). The PSNR
value approaches infinity as the mean squared error (MSE) between the simulated
image and the reference image approaches zero. Therefore, a higher PSNR value implies

a higher similarity between the images.

PSNR (dB) = 10 logy, (M“‘sz)

MSE

(6)

1 .. ..
MSE = — EZLE?:lUSEm(LJ) - I?‘eal(laj)]z )

mmn
In equation (6), MAX; is the maximum possible pixel value of the image. In
equation (7), Isim is the simulated image; L.q; is the target real image; m and n are the

image dimension along in-plane directions, respectively.

SSIM
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The SSIM(Wang, Bovik, Sheikh, & Simoncelli, 2004) measures the similarity
between two images, and it is considered to be correlated with the quality perception of
the human visual system. In particular, SSIM is calculated based on three terms:
luminance term, contrast term, and structural term. Detailed explanation and
computation of each term can be found in (Wang et al., 2004). The method for

calculating the SSIM is shown in equation (8).

SSIM — (Zﬂxﬂy+ci)(20xy+cz) (8)

(HEF+p5+C1) (0F +05+C3)

where Ly, Uy, Ox0y, and oxy are the local means, standard deviations, and cross-
covariance for images x, y. C1 and C: are constants of very small values. The specific
definitions of C: and C:can be found in the equation (7) and equation (9) in the
refenrence(Wang et al., 2004).

The model was fine-tuned based on the validation results. To evaluate the
generated MT-XCAT phantoms, we calculated the intensity histogram features from
each axial slice of the generated MT-XCAT images and the corresponding real patient

images used for training.

3.2.6 Materials

CT and CBCT were focused in this study, which are the two most commonly
used imaging modalities in routine radiation therapy practice. To synthesize CT

textures, sixty-two breath-hold or free-breathing CT images from an IRB-approved
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cohort of stage | NSCLC patients who accepted lung SBRT treatment(K. J. Lafata et al.,
2019) were used. Among them, fifty-seven patients were used for training, and five
patients were used for validation. To synthesize CBCT textures, sixty-three CBCT
images of stage I NSCLC patients from two IRB-approved protocols(K. J. Lafata et al.,
2019; Yawei Zhang et al., 2018) were included, and the CBCT images were all the first
daily CBCT during lung SBRT. Among them, fifty-seven sets were used for training, and
six were used for validation. In both cohorts, the GTV, heart, and lungs were contoured
by experienced clinicians.

A total of thirty XCAT phantoms were generated to test the model performance
on diverse geometries. The XCAT phantoms were generated from six 4DCT XCAT
phantoms (four male and two female) with different body sizes and breathing
amplitudes. Five phases were acquired from each 4DCT. The locations and sizes of the
tumors for the six 4DCT phantoms were set as: (1) upper left lung, 15 mm; (2) upper
right lung, 20 mm; (3) lower left lung, 25 mm; (4) lower right lung, 30 mm; (5) lower left

lung, 20 mm; (6) lower right lung, 30 mm.

3.3 Results
3.3.1 CT texture synthesis
3.3.1.1 Validation group results

Figure 8 demonstrates examples of simulated CT images generated from patient

organ maps, comparing with the corresponding real CT images. The general intensities
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and contrast of the simulated CT images are similar to those of the real CT images.
Anatomical textures were generated in each structure, and the GTV shape varied to

simulate that of real CT images.

Real CT Organ Map Simulated CT

Figure 8: Examples of simulated CT images compared with corresponding real CT
images. Displaying window: [-1000 1000].

The distributions of SSIM and PSNR between the real and simulated CT for all
validation data are shown in Figure 9. The average SSIM was 0.96+0.01, and the average
PSNR was 33.79+2.43. These numbers demonstrate the ability of the model to simulate

CT textures in given organ maps accurately.
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Figure 9: (A) PSNR and (B) SSIM distribution across the validation data.
3.3.1.2 CT-Textured XCAT generation and evaluation

The XCAT phantoms were used to generate organ maps to input into the model.
Ilustrating examples of the textured XCAT phantoms with CT contrast and

corresponding original XCAT images are demonstrated in Figure 10.

XCAT- CT Texture

Figure 10: Examples of textured XCAT images with CT contrast as compared to the
corresponding original XCAT images. Displaying window: [-1000 1000].
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The intensity and general contrast on the textured XCAT images appeared
qualitatively to approach that of actual patient CT data. Quantitatively comparing the
textured XCAT images and real CT images, the mean HU and standard deviation for the
textured XCAT were -140.35 + 336.48 , which was close to that of real CTs (-149.79 +
346.37). The intensity histogram of the textured XCAT showed a similar trend

(probability distribution, peak) with that of real CT, as shown in Figure 11.
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Figure 11: Intensity histograms of textured XCAT and real CT images.
3.3.2 CBCT textures synthesis

3.3.2.1 Validation group results’

Figure 12 demonstrates examples of simulated CBCT images generated from
patient organ maps, compared with the real CBCT images. The simulated CBCT images

are qualitatively similar to the real CT images in terms of overall intensity and contrast.

31



Real CBCT Organ Map Simulated CBCT

Figure 12: Examples of simulated CBCT images compared with corresponding real
CBCT images. Displaying window: [-1000 1000].

The distributions of SSIM and PSNR between the real and simulated CBCT for
all validation data are shown in Figure 13. The average SSIM was 0.87+0.03, and the
average PSNR was 30.28+1.76 demonstrating the ability of the model to replicate CBCT

textures.
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Figure 13: (A) PSNR and (B) SSIM distribution across the validation data.
3.3.2.2 CBCT-Textured XCAT generation and evaluation

Figure 14 displays examples of original XCAT images as compared with CBCT-

textured XCAT produced using our model.

XCAT- CBCT Texture

Figure 14: Examples of textured XCAT images with CBCT contrast as compared to the
corresponding original XCAT images. Displaying window: [-1000 1000].
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Similar to the situation for CT contrast, the general contrast and anatomical
textures were simulated on the XCAT phantoms. From a quantitative evaluation, the
mean HU and standard deviation for the textured XCAT were -185.72 + 350.32,
comparing with that of real CBCTs (-245.41 + 371.66). The intensity histograms of the

textured XCAT and real patient CBCT are shown in Figure 15.

10°

Real CBCT
MT-XCAT-CBCT
’ I v CAT
10"}
102
=
]
Rl
2
o
104
105
106 n n n n n n n n n
-1000 -800 -600 400 -200 O 200 400 600 800 1000

HU

Figure 15: Intensity histograms of textured XCAT and real CBCT images.
3.4 Discussion

In this study, we developed a dual-discriminator conditional GAN (D-CGAN) to
generate heterogeneous anatomical textures in the widely used 4D XCAT digital
phantom. The model takes the XCAT phantom geometry and fills it with anatomical
textures based on real medical images. In particular, we synthesized CT and CBCT
textures in the chest region. Qualitative visual checks demonstrated that the textured

XCAT phantoms appeared similar to real patient images concerning general contrast
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and anatomical textures in both healthy tissues and within tumor volumes. A
quantitative evaluation further showed that the textured XCAT phantoms and real
images followed similar intensity histogram distributions. Note that we don’t expect the
intensity histograms and radiomic feature distributions of MT-XCAT to match exactly
with those of the real patient images. The differences are caused by two factors: (1) the
geometric differences between anatomical structures in patients and the XCAT
phantoms. Although the study addressed the realism of image textures in XCAT, the
geometry of anatomical structures in XCAT is still simpler than that of real patients. (2)
Inter-patient variations. Even if MT-XCAT can simulate geometrically realistic
anatomical structures, its imaging features are still expected to have differences from
patients due to the inter-patient variations. In reality, patients always have variations in
the anatomical geometry, which leads to differences in their intensity histograms. This
applies to the comparison between XCAT and patient image as well. Note that
compared to XCAT, the MT-XCAT shows substantial improvement in matching its
intensity histogram with real patient images. Overall, the results demonstrated a strong
degree of texture similarity between the textured XCAT phantoms and real images.
According to the quantitative evaluation results, we found the model performed
slightly better when simulating CT textures than CBCT textures. The difference could be
attributed to the worse contrast and image quality of CBCT images, which leads to more

inconsistencies in the group image characteristics compared to CT. As mentioned
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previously, the heart muscles and chambers could only be vaguely distinguished
visually, and could not be segmented into sub-regions by thresholds in the organ maps,
due to the low contrast and image quality of CBCT. As a result, the whole heart was
assigned a uniform intensity in the XCAT phantoms, leading to inferior model
performance in the heart region. Meanwhile, the segmentation of organs in CBCT was
more difficult due to the CBCT image artifacts, leading to difficulties in generating
CBCT organ maps. These factors resulted in a slightly better CT texture synthesis than
CBCT texture synthesis.

We created an innovative dual-discriminator CGAN structure to improve the
model’s performance in the GTV region. In a conventional CGAN, there is only one
discriminator, and the GTV plays a minimal weight in the discriminator’s loss function
due to its relatively small volume compared to other organs. As a result, conventional
CGAN easily overlooks the loss in the GTV region, leading to inaccuracies in the GTV
texture simulation. To address this, we designed a separate discriminator specifically for
the GTV and also incorporated a GTV-specific loss in the generator loss.

The texture synthesis is trained based on real clinical imaging data. Such images
include modality-specific effects determined by the imaging acquisition geometry,
parameters, and the reconstruction algorithm, as well as machine-specific effects
determined by the performance of the specific imaging device. Simulating modality-

specific textures in XCAT, as it was done in this study for CT and CBCT, is valuable for
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performing the virtual clinical trials for the specific imaging modality being evaluated.
Simulating machine-specific effects is less useful if the simulated phantom is used for
evaluating an imaging modality regardless of the specific machine used for imaging. In
general, machine-specific effects are much less significant than the modality-specific
effects when all the imaging devices are properly calibrated. Therefore, the model was
trained to mainly synthesize modality-specific textures.

In this study, we used the imaging features of the training patient dataset as
references to evaluate the generated MT-XCAT phantoms. A potential question raised
from this approach is whether the differences in intensity histogram would affect
regional disease evaluation. Since different cancer types and stages will have different
texture features, we restrained our training data to stage one NSCLC patients. Another
approach to evaluate the phantom is to perform observer studies to assess if or not the
phantom is distinguishable from real patient images. However, as mentioned above, the
geometric realism of the phantom hasn’t been addressed in this study. Although MT-
XCAT has realistic textures, its anatomical structures have simpler geometry than real
patients, making it not fully realistic for observer studies. Our next step is to further
improve the geometric realism of MT-XCAT so that an observer study can be performed
for the final evaluation. In addition, the same scheme can be further expanded to include

other modalities such as MRI, PET, or Ultrasound and other sites in the future.
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3.5 Conclusion

The study demonstrated the feasibility of generating XCAT phantoms with
realistic patient textures using the D-CGAN model. CT and CBCT-based textures were
simulated in the chest region of XCAT phantoms, including lungs, heart, muscle, body
background, bones, airways, and GTV. Incorporating anatomical textures within the
XCAT phantom greatly enhances its ability to simulate realistic patient-quality imaging
data. This gives the phantom the ability to more realistically assess image quality,
opening the door to additional applications, including testing and optimizing novel

imaging techniques and virtual clinical trials.
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4. Synthesize realistic respiratory motion in the 4D-XCAT
phantoms using a GAN-based technique

4.1 Background

In the previous section 1.2, we mentioned that one limitation of the 4D-XCAT
phantom is its simplified breathing motion pattern. In general, the breathing motion in
the 4D-XCAT phantom approximately presents a linearly increasing pattern from the
lung apex to the diaphragm along both superior-inferior (SI) and anterior-posterior (AP)
directions (as shown in Figure 16), which is far from realistic compared to real patients.
Therefore, the current phantom is not adequate for research that involves lung function,
motion management, 4D imaging or treatment optimization, etc. Simulating realistic
respiratory motion patterns in the 4D-XCAT phantom is essential for broadening its
applications in radiation therapy, such as evaluating 4D imaging and treatment

planning techniques for thoracic and abdominal tumors that are affected by breathing.
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Figure 16: (Figure and caption cited from FIG. 7. in ref(W. Segars et al., 2010)) Motion
vector field transforming the XCAT from end-expiration to end-inspiration. The
vector magnitudes are shown in the above image with larger motions indicated by
darker intensities. The majority of the motion occurs at the diaphragm. The motion
tails off from there in a very smooth fashion.

In this study, we developed and trained a 4D BicycleGAN to synthesize realistic
respiratory motions in the 4D-XCAT. BicycleGANalgorithm was developed to
synthesize a distribution of possible outputs given different input perturbations(Zhu et
al., 2017). Such a method offers great potential for the task of synthesizing 4D-XCAT
phantoms with various breathing amplitudes. Beyond that, we built a machine learning
model to control the respiratory motion amplitude generated by the 4D bicycle-GAN
model. The generated 4D-XCAT images were evaluated using both the deformation
field and ventilation maps to evaluate the synthesized respiratory motions' realism. The

accuracy of the respiratory motion amplitude control algorithm was evaluated by
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comparing the generated amplitude with the predefined amplitude. Different control
algorithms, including linear regression, multilayer perceptron, and decision tree
regression, were compared to investigate their efficacy. Results demonstrated the
feasibility of using deep learning models to generate realistic and controllable
respiratory motions in 4D-XCAT phantoms, which significantly enhances the value of

the phantom for radiation therapy studies.

4.2 Methods and Materials

4.2.1 Overall workflow

A schematic illustration of the overall workflow is depicted in Figure 17. First,
the 4D bicycle-GAN motion generation model is trained and validated using 4D-CT
images from real patients. The phase 1 image, which is also the end-of-inhalation (EOI)
phase, of a 4D-CT and a Gaussian perturbation are input to the model. The model
generates the inter-phase deformation vector fields (DVFs), which are then composed to
form input-to-phase DVFs. The input-to-phase DVFs are applied to the input EOI phase
image to generate the following phases of images. The loss function is calculated on both
the DVF and the image domains. Then, the 4D bicycle-GAN model is tested with the
EQOI phase image of the XCAT phantom to generate realistic respiratory motions in
XCAT phantoms. Various Gaussian perturbations are introduced to generate 4D-XCAT
phantoms with different motion amplitudes. After the establishment of the motion

generation model, a respiratory motion amplitude control model is trained to learn the
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relationship between the input Gaussian perturbation and the generated motion

amplitudes so that the phantom can generate user-defined breathing amplitudes.

Motion Generation Model

17 Loss function

1
Sl > ®R® ®
Model - @ @ @ @

4D-CT Phasel (EOI) Simulated Phase 2-n Reference Phase 2-n

Training & Validation

Gaussian
perturbation

Model Testing

Various motion amplitudes

Gaussian
perturbation

Respiratory

- Motion
MOthl.l >{ Amplitude

Generation Control
Model Model

4D-XCAT Phase 2-n

XCAT Phasel (EOI)

Figure 17: The overall workflow of the respiratory motion generation and amplitude
control.

4.2.2 Motion generation model

As mentioned above, the bicycle-GAN algorithm(Zhu et al., 2017) has the
advantage of synthesizing a distribution of possible outputs. However, there are some
challenges to use this algorithm for this specific breathing motion generation task. First,
while the original model generates a single image with one input, we would like to
synthesize multiple and temporally coherent phase images from a single-phase input. In
other words, the problem elevates from a 2D-to-2D image translation to a 3D-to-4D
image translation. Second, while the original bicycle-GAN model would not control the

specific output, we would like to control the respiratory motion amplitudes of the

42



output 4D-XCAT images. Therefore, we made certain modifications based on the vanilla
bicycle-GAN to address these challenges.

The model architecture is shown in Figure 18. The motion generation model is
developed based on the bicycle-GAN algorithm and contains two main parts, a (1)
conditional variational encoder-GAN (cVAE-GAN) and a (2) conditional latent
regressor-GAN (cLR-GAN). The cVAE-GAN encodes the reference breathing phases
into a latent perturbation, giving the generator a noisy perturbation into the desired
output. Using this, along with the input EOI image, the generator would synthesize
images that simulate the images at other respiratory phases. To ensure that the Gaussian
perturbations can induce desired outputs during testing, a KL-divergence loss is
computed to regularize the latent perturbation to be close to a standard Gaussian
distribution. For the cLR-GAN, the approach is to first provide a randomly drawn
perturbation from the standard Gaussian distribution to the generator. The same
encoder used in cVAE-GAN then attempts to recover the perturbation from the output
images. This part enhances the encoder’s ability to encode the reference images to a

Gaussian latent space.
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Figure 18: Figure 2. An illustration of the motion generation model structure.

Unlike the conventional bicycle-GAN, which directly generates images of the
same domain as the input image, the generator is modified to output a sequence of
DVFs, as shown in Figure 19. The design of the network is described below.

The generator consists of several generation blocks. In the first generation block,
an 8-digit Gaussian perturbation (dimension: 1*8) was broadcasted to the size of the
input image by repeating each digit. Then, the broadcasted Gaussian perturbation was

concatenated with the input image and used as the input to the first generation block.

Each generation block outputs an inter-phase DVF (DVE,). The DVF, is applied to the

images at phase t ({;) to obtain the images at phase t+1 ({:+1) using linear

interpolation(Zhuoran Jiang, Yin, Ge, Ren, & Biology, 2020), which is then used as the
input of the next generation block. During model validation and testing, the inter-phase

DVFs were composed to form the input-to-phase DVFs. The composed input-to-phase
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DVFs are applied to the input EOI phase image ({1) to obtain the images at phase t+1

(I++1) using the same linear interpolation method. This step is added to solve the

blurring issue caused by repeated interpolations to generate phase images using
interphase DVFs sequentially.

Each generation block is built based on the U-net structure, which consists of 5
downsampling blocks, 4 upsampling blocks, 3 concatenated layers, and 1 output layer.
Each upsampling/ downsampling block utilizes a 3D convolutional/ deconvolutional
layer using a 4 * 4 kernel with a stride of 2 for padded convolution, following by batch-
normalization and leaky-ReLU (rectified linear unit) activation except for the first
downsampling block that omits the batch-normalization. The number of feature
channels increases at each downsampling layer and decreases with the corresponding
speed in the upsampling layers for the concatenation. The output layer utilizes a 3D
deconvolution with a 1* 1 kernel with a stride of 1 for padded convolution.

The encoder consists of two 3D convolutional layers using a 4 * 4 kernel and a
stride of 2 and three residual blocks, followed by a leaky-ReLU activation and a 3D
average pooling layer.

The two discriminators, one in the cVAE-GAN and one in the cLR-GAN, utilize
the patchGAN structure, which consists of five convolutional blocks. Each block

comprises an unpadded convolutional layer using a 4 * 4 kernel and a stride of 2
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followed by batch normalization and leaky-ReLU activation, except for the final block

where the stride is adjusted to 1, and sigmoid activation is applied.
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Figure 19: An illustration of the 4D generator structure.

The loss function is modified from the original bicycle-GAN. In the cVAE-GAN
part, the modified loss function includes: (1) the discriminator loss to distinguish the
synthetic and reference 4D-CT phase images, which utilizes cross-entropy; (2) the KL-
divergence loss to push the latent perturbation towards the standard Gaussian
distribution; (3) the image reconstruction loss which is computed as the structure
similarity (SSIM) between the simulated and reference phase images; and (4) the
unsupervised DVF gradient smoothness loss(Z. Jiang, Yin, Ge, & Ren, 2020) of the inter-
phase DVFs to guarantee the image continuity between every two phases. The cVAE-

GAN loss function is calculated as shown in Equation (9).
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In the cLR-GAN part, the loss function is the same as that of the original bicycle-
GAN, including the discriminator loss using cross-entropy and an L1-loss between the
standard Gaussian distribution and the latent perturbation encoded from synthetic
images. The cLR-GAN loss function is calculated as shown in Equation (10).

LELR — arg I]GIJIEII I]‘fD‘c'IX LEGL;..?".I (_qu fn) + ‘A’!nraur Jl'r"l (z“,zj (10)

Thus, the overall loss function can take advantage of both cycles Iy =2z— f:.:
and £ = f” — Z), as shown in Equation (11):

Loss = arg I]E‘HEI} max Lf;:ﬁ,-"?[fu, f,!) +
Agsin Lssia [:*rn ’ fn) + Agrad Lgraa(DVE,) + Agy Ly, (2) + LGaw [In’ fn) * digeentL1(2:2)
(11)

With the well-trained motion generation model, the EOI phase of the XCAT
phantoms and various Gaussian perturbations are input to the generator, which
generates the inter-phase DVFs and finally outputs 4D-XCAT images of diverse

breathing motion amplitudes.
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4.2.3 Respiratory motion amplitude control model

Besides synthesizing realistic breathing motion patterns, we also aim to establish
a mechanism to control the respiratory motion amplitude generated in 4D-XCAT models
so that users can generate the desired motion amplitude based on their needs. To
achieve this goal, machine learning models are trained to predict the input Gaussian
perturbation needed for the motion generation model to generate 4D-XCAT with a
desired respiratory motion amplitude. The chosen machine learning algorithms are the
ones that are commonly used for a multi-output regression problem, considering the
predicted Gaussian perturbation has multiple digits. Specifically, linear regression,
decision tree regression, and multilayer perceptron (MLP) were used and compared.

As shown in Figure 20, the model input includes the respiratory amplitude and
phantom size, and the model output is an 8-digit perturbation. Phantom size is a vital
input, as we found that the same Gaussian perturbation with phantoms of different sizes
can lead to different respiratory amplitudes generated by the motion generation model.
The respiratory motion amplitude was calculated as the moving vector length of a
landmark located at the apex of the diaphragm. In each algorithm, the model parameters
were tuned empirically to achieve the optimal performance of its type. For example, in
the decision tree regression model, the tunable parameter was the maximum depth of

the tree; in the MLP model, the tunable parameters included hidden layer sizes, penalty
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parameters, optimization method, etc. All the machine learning models were built using

the scikit-learn package(Pedregosa et al., 2011).

Phantom XCAT EOI
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Amplitude perturbation
Adesired

Figure 20: A schematic illustration of respiratory motion amplitude control
mechanism.

4.2.4 Materials

To construct the motion generation model, we used 71 4D-CT images of 20 lung
cancer patients from the TCIA (The Cancer Imaging Archive) dataset for model training
and validation. Each 4D-CT contains 10 phases, and we used phase 1 to phase 5 due to
the GPU memory limitation, with phase 1 as the EOI phase and phase 5 as the EOE
phase. 65 4D-CT images were used for training, and 6 4D-CT images were used for
validation. To avoid the potential bias towards the validation data, we also tested the
model using an independent group of patient data, which included 9 4D-CT images
from the SPARE Challenge dataset(Shieh et al., 2019). Due to the limited GPU memory,
all 4D-CT images were resampled to a 128*128¥64 volume with an identical pixel spacing
of 3.9064 mm and slice thickness of 4.125 mm.

After the motion generation model was trained, validated, and tested using
patient data, it was tested using the XCAT images to generate 4D-XCAT with

respiratory motions. 6 XCAT phantoms of different body sizes were used to generate
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4D-XCAT phantom images, and each phantom was tested with 50 random perturbations
to generate different breathing amplitudes.

The generated 4D-XCAT phantoms with various respiratory motion
amplitudes were used for training, validating, and testing the motion amplitude control
model. Specifically, there were 300 sets of XCAT phantoms in total with different
breathing amplitudes and phantom sizes. 90% of them were used for the model training
and validation with the 10-fold cross-validation technique to reduce overfitting, and 10%
of the data were used for model testing. The motion control error was calculated for the

testing group.

4.2.5 Evaluation
4.2.5.1 Evaluate the realism of the generated breathing motion

The efficacy of the motion generation model was evaluated from both the
image domain and DVF domain. On the image domain, several metrics were used for
the evaluation: (1) Dice coefficients for lungs between the reference image and the
simulated image at the EOE phase. (2) Lung volume variation during respiration of the
reference and the simulated images. Note that the simulated images used in evaluation
metrics (1) and (2) were not the directly generated image. Instead, they were generated
by linearly interpolating the generated DVFs to a higher resolution (pixel size: 0.9766
mm, slice thickness: 3 mm; volume dimension 512*512*96) and applied to the 4DCT EOI

phase image before downsampling. This action was taken to maintain the image quality.
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The lungs were segmented using a thresholding method (threshold: -200 HU). (3) Cross-
correlation of whole-body DVFs between the reference 4D-CTs and generated 4D-CTs.
The whole-body DVFs here were obtained by deformable registration between the EOI
images and the EOE images using a pre-trained deformable registration model(Z. Jiang
et al., 2020) for both the reference images and generated images. The DVFs generated by
the motion generation model were not directly used for this evaluation to avoid the
inconsistency caused by different deformable registration methods. (4) Ventilation maps,
which were computed from the registered DVFs. Ventilation maps between the
reference 4D-CTs and generated 4D-CTs were compared using cross-correlation and
Spearman’s correlation. On the DVF domain, the deformation energy of the directly
generated DVFs was calculated and compared between the real 4DCTs and simulated
images. Deformation energy is a commonly used metric indicating the smoothness of
DVE(You Zhang, Yin, Segars, & Ren, 2013) and is normalized by the number of voxels in
the lungs.

The ventilation map calculates the lung ventilation based on the lung volume
deformation from the EOI phase to the end-of-expiration (EOE) phase to represent the
function of the lung. In this study, the ventilation map was used to evaluate the realism
of the simulated breathing motion. Specifically, the ventilation map was calculated

based on the Jacobian determinant(Reinhardt et al., 2008), as shown in Equation (12).
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where V(X, ¥, Z) is the ventilation of a small volume at point (x,y,z); | (x,y.2) is

the Jacobian of the small volume at point (x,y,z); i, Uy, U; correspond to the x, y, z

component of the DVF, respectively.

To evaluate the 4D-XCAT generation results, we also evaluated the image
domain and the DVF domain using the same methods in evaluating the patient study
results. Specifically, six 4D-XCAT phantoms of different sizes were generated using the
motion generation model, and the corresponding original 4D-XCAT phantoms of similar
maximum breathing amplitudes were also generated. Dice coefficients for lungs
between the original 4D-XCAT phantoms and the generated 4D-XCAT phantoms were
calculated at the EOE phase. Lung volume variation during respiration was compared
between the original 4D-XCAT phantoms and the generated 4D-XCAT phantoms. The
deformation energy of the generated DVFs was calculated and compared with those of
the original 4D-XCAT phantoms. Ventilation maps were calculated for both phantoms
and compared visually. Since the absence of ground truth for the generated 4D-XCAT
images, a ventilation map from a real patient was also included as a reference for

comparison to evaluate the realism 4D-XCAT.
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4.2.5.2 Evaluate the motion amplitude control error

To evaluate the effectiveness of the predicted perturbation, we calculated a
motion control error, as shown in Figure 4. During this process, the predicted
perturbations are returned back to the motion generation model, and the generated

breathing amplitudes (f-lgﬁ,,!EI ratsd ) are compared with the initially desired breathing

amplitudes (A gesireq) to calculate the motion control error, as shown in Equation (13).

respiratory motion amplitude control error = |A — Ageneratea | (13)

desirad

4.3 Results

4.3.1 Motion model training, validation, and testing using patient 4D-
CT

Figure 21 shows an example of the 4D-CT validation result from the motion
generation model. As can be seen, the motion generation model simulated the breathing
motion in the 4D-CT image. The Dice coefficients for the body and lungs between the
reference EOE images and simulated EOE images are shown in Table 3. The lung

volume variation during respiration is shown in Table 4.
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Phase 2 Phase 3 Phase 4 Phase 5

Reference
phases

Reference image variation
Simulated phases

Simulated image variation

Difference between reference
and simulated images

Figure 21: An example of 4D-CT validation results. 1st row: reference 4D-CT phases;
3rd row: simulated 4D-CT phases; 2nd and 4th rows: image variations from the input
EOI phase to other phases. 5th row: the difference between the 1st-row and 3rd-row
images.

Table 3: Dice coefficients between the reference and simulated EOE images

Training group Validation group Testing group
Lungs 0.96 +0.03 0.95 +0.02 0.96 +0.02
Table 4: Lung volume variation during respiration in 4DCT
Lung Volume (cc) Phase 2 Phase 3 Phase 4 Phase 5
(EOE)
Reference 4372.9 4240.1 4103.7 3991.9
.. +1603.3 +1600.0 +1573.2 +1535.6
Téa:;‘:l‘;g Sirmlation 43998 | 43194 | 42390 | 41057
+1592.0 +1586.3 +1574.0 +1597.7
%Difference 1.0% 2.5% 3.8% 5.4%
Reference 3313.3 3225.4 3137.9 3081.2
Validation +675.11 +650.59 +621.17 +592.35
Group Simulation 3338.9 3311.8 3275.2 3244.7
+657.94 +651.49 +642.34 +634.28
%Difference 1.2% 2.9% 4.6% 5.3%
Reference 3543.0 3416.2 3313.5+12 3248.6
Testing Group +1341.5 +1339.0 94.1 +1269.8
Simulation 550.2 3500.7 3456.6 3420.8
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+1317.8 +1306.5 +1291.6 +1277.9
%Difference 0.7% 3.1% 4.8% 5.8%

An example of the DVF comparison is shown in Figure 22. The quantitative
evaluation of the generated DVF is shown in Table 5 and Table 6. The cross-correlation
between the reference and simulated DVF for the whole body ranged from 0.81 to 0.99
along inter-plane directions or superior-inferior directions. Furthermore, we derived the
ventilation map from the generated DVF in the lung to evaluate the realism of the
motion pattern. An example of the ventilation maps for the reference and simulated 4D
images is shown in Figure 23. All the images are shown in the same window and level
for comparison. As we can see from the figures, the model successfully simulated the
obvious larger breathing motion around the rib cage and the lower lobes of the lungs.

Quantitative evaluation results are shown in Table 7.
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Figure 22: Comparison of reference DVF and simulated DVF.

Reference vent map Simulated vent map Difference

Figure 23: Comparison of reference DVF and simulated DVF.

Table 5: Deformation energy of the generated DVFs

Training Validation Testing
group group group
Deformatio | Reference 0.33+0.17 0.22+0.14 0.36 +0.14
n Energy | Simulation 0.50 +0.25 0.34 +0.05 0.53+0.18
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Table 6: Cross-correlation between the whole-body DVFs of the reference images and

simulation images

Training group | Validation group Testing group
c DVF_x 0.97+0.01 0.84+0.07 0.89+0.10
r0ss DVF_y 0.96+0.02 0.81+0.09 0.86+0.12
correlation
DVF_z 0.99+0.01 0.89+0.08 0.95+0.04
Table 7: Comparison of ventilation maps computed from the reference and generated
DVFs
Training group Validation group Testing group
Cross 0.80:0.05 0.67:0.09 0.68:0.13
correlation
Spearman’s 0.70£0.05 0.60+0.09 0.53+0.11
correlation

4.3.2 AD-XCAT synthesis

To test the performance of the motion generation model, we also evaluated the
images and DVF properties of the generated 4D-XCAT phantoms. The Dice coefficient
for lungs between the reference and simulated EOE images in the XCAT phantom is
0.950 + 0.004. The lung volume variation results are shown in Table 8. The deformation
energy was calculated from the directly generated DVFs and the motion vector fields
generated from the original 4D-XCAT phantoms, and the results are shown in Table 9.
Ventilation maps were calculated for both phantoms and compared visually. Since the
absence of ground truth for the generated 4D-XCAT images, a ventilation map from a
real patient was also included as a reference for comparison to evaluate the realism 4D-

XCAT.
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Table 8: Lung volume variation during respiration in XCAT phantom

Lung Volume (cc) Phase 2 Phase 3 Phase 4 Phase 5 (EOE)
Original XCAT 4419.6+529.8 | 4468.7+535.6 | 4294.2+514.0 | 4048.3+500.2
Generated XCAT | 4507.1+522.3 | 4307.74495.1 | 4120.5+474.6 | 3960.6+457.8
%Difference 1.9% 3.6% 4.0% 2.2%
Table 9: Deformation energy of the generated DVFs

Original XCAT Generated XCAT
Deformation Energy 0.08 +0.002 0.36 +0.07

We also compared the ventilation map of the original 4D-XCAT and the
generated 4D-XCAT. As shown in the first column in Figure 24, the ventilation map of
the original XCAT is relatively uniform because of the simplified linear motion pattern.
By comparison, the ventilation map of the generated XCAT phantom using our method
presents a more heterogeneous pattern with greater ventilation in the lower lobes, which
resembles that of real CT. Note that the difference between the ventilation maps of the
generated 4D-XCAT and real 4D-CT is inevitable because of the anatomical difference
between the XCAT and real CT and patient-specific differences in ventilation. The deep
learning model used to synthesize respiratory motions in the 4D-XCAT was trained
from a group of patients, and therefore, the ventilation maps represent average
characteristics from the group. The ventilation map from a specific patient’s 4D-CT
represents the patient-specific ventilation characteristics. As a result, the difference
between the generated 4D-XCAT and real 4D-CT in Figure 8 is partially due to the inter-

patient variation in ventilation.
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Original 4D-XCAT Generated 4D-XCAT Real 4D-CT

Figure 24: Comparison of ventilation maps from original 4D-XCAT, generated 4D-
XCAT, and real-patient 4D-CT. 1st row: coronal view; 2nd row: sagittal view.
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4.3.3 Synthesis of diverse motion patterns

As shown in Figure 25, different levels of diaphragm motions were synthesized
from the EOI to EOE phases when different Gaussian perturbations were used. The
breathing amplitude is 14.2 mm in the simulated EOE #1 image, and the breathing

amplitude is 8.0 mm in the simulated EOE #2 image.

Input (EOI) Simulated EOE #1 Simulated EOE #2

AIAN

Figure 25: An example of a 4D-XCAT phantom generated with different breathing
amplitudes.

4.3.4 AD-XCAT breathing amplitude control

Furthermore, the motion control mechanism was found to work well. As shown
in Figure 26, the decision tree algorithm performs the best among the three algorithms.

The general motion amplitude control error is smaller than 0.5 mm
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Linear rearession _ MLP _ Decision Tree

Figure 26: Prediction error of the different motion amplitude control algorithms.
4.3.5 Model runtime

In terms of time consumption, it took about 18 hours to train the motion
generation model on a 24GB NVIDIA TITAN RTX GPU, while it took about 0.23 seconds
to generate a 4D-CT or 4D-XCAT during validation and testing. The training and
validation of the motion amplitude control model were rapid using the scikit-learn
package. With 10-fold cross-validation, the training and validation only took less than
0.1 seconds for each algorithm, and the end-to-end evaluation of a testing case took

about 0.5 seconds.

4.4 Discussion

In this study, we developed a deep learning method to generate realistic
respiratory motion, i.e., similar spatial and temporal respiratory motion patterns as that
of real patients which is not generated in the original XCAT phantom, in the widely
used 4D-XCAT digital phantom. The method was built based on the bicycle-GAN
algorithm(Zhu et al., 2017) with a novel 4D generator and was trained using the

breathing motion pattern extracted from real 4D-CT. The original bicycle-GAN model
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successfully simulated RGB images from a greyscale image input. The task of generating
the RGB images is analogous to the task of generating DVFs. RGB generation requires
synthesizing three-color channel values at each pixel of the input image, while DVF
generation requires synthesizing three deformation vector values (Dx, Dy, Dz along
three axes) at each pixel of the input image. The previous paper showed the efficacy of
using Gaussian perturbation to generate images of different RGB colors. Therefore, it
can be expected that it is potentially feasible to use Gaussian perturbations to generate
DVFs with different magnitudes, thus generating 4D-XCAT phantoms of different
breathing amplitudes. Our study results further demonstrated the feasibility of such an
approach. In addition, we built a machine learning model to control the breathing
amplitude of the generated phantoms, due to the complicated relationship between the
Gaussian perturbation and the motion amplitude.

Simulating realistic breathing motion in the 4D-XCAT phantom is significant for
translating the findings in phantom studies into clinical practice, especially for the
following studies: 1). 4D imaging studies: Various 4D imaging acquisition and
reconstruction techniques can be evaluated using XCAT. The complexity of the
respiratory motion can significantly impact the data acquisition adequacy and intra-
phase motion amplitude of different structures, which consequently affects the quality
of the reconstructed 4D images. Simulating realistic motions can validate the techniques

in scenarios that are close to the real patients, thus increasing the value of the phantom
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study for optimizing the techniques for clinical usage. 2). Motion modeling: Motion
modeling is often used to build a patient respiratory model from the 4D images acquired
during simulation, which will be used for onboard image reconstruction or localization.
The linearly increasing respiratory motion in the original XCAT is too simple to
represent real patient breathing motions. Thus, the original 4D-XCAT phantom is
inadequate to test the efficacy of motion modeling techniques. 3). Functional imaging
study: XCAT can be a valuable tool to evaluate and standardize different technologies to
reconstruct 4D imaging and derive functional information, such as ventilation maps,
from the 4D images. However, as shown in Fig 8 of the manuscript, the original XCAT
has an unrealistic uniform ventilation map, which makes it inadequate for such studies.
4). Interplay effect study: The interplay between respiratory motion and MLC motion for
fluence modulation can affect the delivered dose to the tumor and nearby structures.
The XCAT phantom provides an important tool to investigate such an effect since it
provides ground-truth images of the respiratory motion. The impact of the interplay
effects is highly dependent on the complexity of the respiratory motion. Therefore,
establishing a more realistic motion pattern will greatly increase the value of the
phantom for such study. This improvement can be more significant for pencil-beam
scanning proton treatments as well as that with MLCs, as such treatments are more
sensitive to the exact motion. 5). Target tracking: XCAT can be valuable for developing

target localization or tracking techniques based on 2D projection images. The complexity
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of the respiratory motion in XCAT affects the deformation and overlapping of the tumor
and other structures at different time frames, which has an important impact on tracking
accuracy. Therefore, simulating realistic respiratory motion makes such phantom
studies more meaningful for future clinical implementation. For applications 4) and 5),
they require the phantom to be with breath-to-breath variation and hysteresis.
Currently, the newly developed model can simulate breath-to-breathing variation.
However, it is not being able to simulate hysteresis by simulating 5 phases. This
limitation and potential solutions are discussed later.

During the training and validation of the motion generation model using real-
patient 4D-CTs, the realism of the generated breathing motion was evaluated by
multiple metrics in the image domain and DVF domain. As shown in Table 1 and Table
2, the motion generation model simulated the lung motion and lung volume variation
during respiration, which matches closely to the reference 4D-CT images. The
ventilation map calculated based on the Jacobian determinant of the DVF was also used
to evaluate the realism of the generated breathing motion. Spearman’s correlation is a
commonly used method to evaluate the reproducibility or correlation of ventilation
maps(Kipritidis et al., 2019; Woodruff, Shieh, Hegi - Johnson, Keall, & Kipritidis, 2017;
Tokihiro Yamamoto et al., 2012). Our results in Table 5 showed that the Spearman's
correlation between generated and ground-truth ventilation maps was 0.53+0.10 in the

patient testing group. We consider this value to be satisfactory due to the following
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reasons: (1). Inter-patient variations. The motion generation model was trained using the
respiratory motion data from the training group of 65 patients, and therefore it learned
the general motion patterns from these patients. When the model was tested in the
testing group of 9 other patients, the generated motion will still represent the
characteristics of the training group, which is expected to have some difference from the
characteristics of the testing group due to inter-patient variations. (2). Reference values
in previous literature. To our knowledge, there have been no studies that looked at the
correlation between ventilation maps from different patients, potentially due to the
challenges caused by the geometric differences between patients. However, Yamamoto
et al.(Tokihiro Yamamoto et al., 2012) quantified the reproducibility of 4D-CT ventilation
imaging for the same patient, and they reported Spearman’s correlation of 0.50 + 0.15
between two intra-patient ventilation maps on average. Since we were comparing the
ground-truth 4D-CT images with the simulated 4D-CT images generated from a group-
trained model, the Spearman’s correlation is expected to be either equivalent or worse
than the reported values for the intra-patient study above. Therefore, our correlation
value of 0.53+0.10 is considered acceptable considering the inter-patient variations.

The improvement of realism of the 4D-XCAT phantom can be demonstrated by
the comparable deformation energy of the DVFs and ventilation maps of the generated
4D-XCAT phantoms and real 4DCT images, which are far different from that of the

original 4D-XCAT. The deformation energy of the original 4D-XCAT DVF between the
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EOI phase and EOE phase is 0.08+0.002, which is much lower than that of the reference
4D-CT (training group: 0.33+0.17; validation group: 0.22+ 0.14; testing group: 0.36+ 0.14)
and generated 4D-XCAT phantom (0.36+0.07) due to the simple linear deformation
model used in the original XCAT phantom. Note that the difference between the energy
of reference and simulated DVFs can be caused by inter-patient differences and the
difference introduced by the deformable registration algorithm. The ventilation map of
the generated 4D-XCAT phantoms was heterogeneous and presented obvious greater
ventilation in the lower lobes, which is similar to that of real patient 4D-CT. In contrast,
the original 4D-XCAT phantom presents a relatively uniform pattern in the ventilation
map. Note that we would expect differences between the ventilation maps of the
generated 4D-XCAT phantoms and real 4D-CT patient data. The differences are caused
by: (1) the anatomical difference between the XCAT and real patients; and (2) patient-
specific differences. The generated 4D-XCAT phantoms are produced from the motion
generation model trained by a group of patients, while real 4D-CT would present
patient-specific ventilation characteristics. Additionally, phantoms of diverse breathing
amplitudes can be generated by tuning the model input perturbations, and the motion
amplitude control error can be controlled to be within 0.5 mm.

This study has several novelties. First, we modified the bicycle-GAN structure
targeting the specific task. We developed a 4D-generator that synthesizes DVFs instead

of directly generating CT images, and included an unsupervised gradient smoothness of
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the DVF in the loss function. Generating continuous phases of images from a single-
phase input is challenging, and the gradient smoothness loss guarantees the continuity
between the generated phases. Second, we used ventilation maps to evaluate the realism
of the generated respiratory motion. Overall, the ventilation map reflects the wellness of
the patient's lung function by computing the lung volume variation during breathing.
Specifically, the voxel values on ventilation maps represent the spatial movement of the
voxel during breathing. Therefore, a ventilation map is appropriate to evaluate the
realism of the generated breathing motion. Third, we developed a respiratory motion
amplitude control mechanism using machine learning and evaluated the effectiveness of
the mechanism by computing an end-to-end motion amplitude control error. The results
demonstrated that the machine-learning motion control mechanism was able to control
the breathing amplitude of the output phantoms with sub-mm accuracy.

A main challenge in this study is that there is no “ground-truth” DVF to evaluate
the synthesized DVF. Real patients only have 4D images without ground-truth DVF.
Any registration algorithm used to register a DVF will leads to registration errors. In the
XCAT phantom, since we are synthesizing more realistic DVF, there is no “ground-
truth” DVF available either. The absence of ground-truth makes evaluating the synthetic
DVF a challenging task. The original XCAT phantom generates a linearly increasing
DVF, which has neither been validated against any ground truth DVF nor been

quantitatively evaluated. Therefore, for the evaluation of DVF, we mainly evaluate its
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properties and compared it against the patient data. Specifically, we evaluated the
deformation energy(You Zhang et al., 2013) of DVF, which is commonly used to
evaluate DVF in deformable registration. We compared the deformation energy of the
simulated DVF with the reference DVF registered between the ground-truth images
using our published deep-learning registration method(Z. Jiang et al., 2020). This
evaluation might not be ideal but should provide valuable information for reference.
Comparing with the original XCAT phantom, the newly developed model keeps
the merit of the original 4D-XCAT phantom in using real-patient breathing trace to
simulate breath-to-breath variation. The original phantom can simulate respiratory
motions based on real patient breathing traces. In the original 4D-XCAT phantom, the
organ motion is simulated by moving the control points on organ surfaces using cubic
NURBS algorithm based on two breathing signals (SI motion and AP motion). The
motion of control points at different phases is linearly proportional to the maximum
breathing amplitude based on the breathing signals. The newly developed phantom can
utilize the real patient breathing trace in a similar way. Specifically, the generated DVF
between the EOI phase and EOE phase could be scaled according to a real-patient
breathing signal. In this way, the breath-to-breath variation can be simulated in the
newly developed phantom. Using the scaling method, we can also simulate a full
breathing cycle which usually contains 10 phases. We can linearly scale the more

realistic EOI-to-EOE DVF in our new 4D-XCAT phantom based on the patient breathing
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trace to generate the rest of the phases. Another approach is to mirror the generated
respiratory phases in the first half breathing cycle to the second half, and then linearly
scale the realistic deformation fields based on the patient breathing trace in the second
half of the cycle to generate the rest of the phases.

Another merit of the original 4D-XCAT phantom is that it can simulate hysteresis
in motion by simulating a phase shift between the SI and AP signals. Since our model
does not utilize separate signals and only simulates a half breathing cycle, we
acknowledge that our current phantom cannot generate hysteresis at the current stage.

This limitation can be addressed in the future in two ways: (1) With a larger GPU
memory, we can train the model to generate all 10 phase images of the breathing cycle,
which will include hysteresis learned from real patient breathing motion. b). We can
potentially train separate models to generate DVF along SI and AP directions separately,
similar to how XCAT is designed. Then phase shift can be introduced between SI and
AP motions to produce hysteresis.

One limitation of the study is that image resolution is currently limited by GPU
memory. In the presented method, we composed the generated interphase DVFs, and
used linear interpolation to apply them on full-resolution 4D-CT EOI phase images for
better image resolution. One potential way to improve the results is to compose the
interphase DVFs during model training, although we expect minor improvement from

that. Another way to address this limitation in the very near future lies with the advance
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in hardware. Currently, we are training the model on an NVIDIA TITAN RTX GPU with
24 GB memory. Based on our estimation, the image resolution can be improved to
1.9mm*1.9mm*3 mm for an image size of 256*256*96 on a 48 GB GPU (NVIDIA Quadro
8000). NVIDIA just recently announced a new A100 80GB GPU card to be released in
early 2021. This new card will allow us to improve the resolution further to match closer
to the clinical lung CT scan resolution, which is around Imm*Imm*3mm. Also, please
be noted that this memory issue only exists in the training stage. Once the model is
trained and disseminated to users, users do not need to have a large GPU memory to
generate the XCAT images.

Organ mass is an important measurement for radiation dosimetry. In the original
XCAT phantom, all the organs are assigned with uniform intensities that do not change
during respiration. The XCAT phantom includes a separate parameter that defines the
density of the lungs. This parameter is not reflected in the image pixel values, and is
rather just an add-on parameter that can be assigned to lungs so its mass can be
calculated for dose calculation, etc. This density parameter is typically adjusted for
different respiratory phases, so that lung mass remains constant during breathing. The
same adjustments can be used in our model so that the lung mass remains constant
during breathing. A similar approach can be applied to other organs in the phantom.

The respiratory motion pattern of the generated 4D-XCAT phantoms depends on

the training data characteristics. In the future, we would like to include more training
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patients to further expand the model’s ability to simulate different patient scenarios.
Potentially, patient data can be divided into different groups based on their lung
functions to train a model separately to simulate respiratory characteristics for each
group. Sliding motions between organs can also be incorporated in the model in future
studies to further enhance the realism of the respiratory motions in the phantom. Sliding
motion mostly account for the out-of-sync motion of lungs and rib cages. In the future,
we could add a low constraint of the DVF smoothness at the sliding surfaces in the
training loss function to allow sliding motions in the motion generation model. In this
study, patient 4D-CT data were used to train the motion generation model, since 4D-CT
is the most widely used imaging technique for motion assessment in clinical practice.
Data from other imaging modalities, such as 4D-MRI, can also be used in the future for
motion modeling. Both 4D-CT and 4D-MRI are susceptible to motion artifacts. In our
study, images with severe motion artifacts were excluded from the training data to
ensure the quality of the training. In the future, advanced imaging sorting,
reconstruction, and processing techniques can be employed to minimize such artifacts in

the training data.

4.5 Conclusion

The study demonstrated the feasibility of generating realistic controllable
respiratory motion in the 4D-XCAT phantom using the proposed motion generation and

amplitude control models. This crucial development greatly enhances the value of the
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XCAT phantom, giving it the ability to more realistically simulate respiratory motions
for various 4D imaging and radiotherapy studies, such as 4D image optimization,

motion management, and robust treatment planning.
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5. Synthesize on-board imaging artifacts in the XCAT
phantoms using a GAN-based technique

5.1 Background

As we discussed in section 1.2, the utility of the XCAT phantom for virtual
clinical trials (VCT) in radiotherapy is still limited due to the lack of realistic
characteristics in several aspects. In particular, it lacks the on-board imaging (OBI)
simulation. OBI is crucial for target localization and adaptive therapy in radiotherapy.
The quality of OBI techniques, such as CBCT, is affected by various imaging artifacts,
impacting treatment techniques’ precision. Therefore, OBI simulation is crucial for
performing an end-to-end VCT in radiotherapy. However, such simulation is not
currently available in the XCAT phantom or any digital phantom.

In this study, we developed a GAN-based deep learning technique to simulate
CBCT imaging artifacts in the 4D-XCAT phantoms for different image acquisition
conditions. The artifact simulation model was built based on conditional-GAN (CGAN)
algorithm with CT images and CBCT image acquisition conditions as inputs and CBCT
with imaging artifacts as the output. The model was trained in a two-step scheme, firstly
simulating the under-sampling and cone artifacts and secondly simulating scatter and
beam-hardening artifacts. Our framework demonstrated the feasibility of synthesizing
CBCT imaging artifacts (under-sampling, cone, scatter, and beam-hardening) in the

XCAT phantom using the proposed method. This crucial development enhances the

73



value of XCAT phantoms for evaluating and optimizing various OBI and treatment

delivery techniques.

5.2 Methods and Materials
5.2.1 Overall workflow

Figure 27 shows the overall workflow of the study. An artifact simulation model
is developed based on GAN algorithm. The model was trained in two steps:
(1) Simulate cone artifact and under-sampling artifact for different projection numbers.
At this step, CT image and image acquisition conditions (number of projections,
exposure (mAs), and x-ray tube potential (kVp)) were input to the model. Cone-beam
projections of the CT volumes, which are also called the digitally reconstructed
radiographs (DRRs), were generated by ray-tracing and used to reconstruct CBCTs
using FDK-backprojection(Feldkamp, Davis, & Kress, 1984). The reconstructed CBCTs
were with cone artifact and under-sampling artifact, thus were used as the output for
the first-step model. (2) simulate scatter and beam-hardening artifact. At the second
step, the reconstructed CBCT using CBCT DRRs from the first step were used as the
model input. The output of the second-step model was the CBCT images reconstructed
from projections obtained from Monte Carlo simulation of the CT volumes that include
scatters and noise components. In this way, the geometrical mismatch among the input
CT and the output CBCTs in each step is avoided, and only the artifacts information was

simulated. The well-trained model was finally tested on XCAT phantom images.
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Figure 27: Overall workflow of the study of synthesizing realistc CBCT imaging
artifacts in the XCAT phantom

5.2.2 Data Preparation
5.2.2.1 Acquisition of CBCT projections

Two types of CBCT projections were acquired from the CT volumes for the
purpose of simulating different types of CBCT imaging artifacts:

(1) DRRs acquired by ray-tracing algorithm(Siddon, 1985). An in-house ray-
tracing platform(Zhuoran Jiang, Yin, Ge, Ren, & Biology, 2021) was used to forward
projects 3D CT data on to planes, forming “radiographs”. During this process, only the
x-ray attenuation of primary signal was considered. Thus, the reconstructed CBCT
images using the DRRs are only affected by cone artifact and under-sampling artifact.

(2) CBCT projections acquired by Monte Carlo (MC) simulation. A GPU-based
MC tool for CBCT projection simulation(Jia, Yan, Cervifio, Folkerts, & Jiang, 2012) was

utilized to simulate CBCT projections under clinically realistic conditions. Each
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projection image contains primary signal, scatter signal, and noise. Therefore, in
addition to the under-sampling artifact and cone artifact, the reconstructed CBCT
images using these projections would contain scatter and beam-hardening artifacts.
With the GPU-based approach, the MC simulation process was fastened to generate 900

CBCT projections with 10'° photon histories in about 12 hours.

5.2.2.2 CBCT reconstruction by FDK-backprojection

FDK-backprojection is still the main CBCT reconstruction algorithm used in
clinic. An in-house CBCT reconstruction system(Zhuoran Jiang et al., 2021) using FDK-
backprojection algorithm was utilized to reconstruct CBCT images from both the CBCT

DRRs and MC projections.

5.2.3 Artifact Simulation Model Design

Currently, we trained a separate artifact simulation model for each imaging
acquisition condition. In other words, different artifact simulation models were
established for n projections (n=450, 150, or 100).

The model structure for both steps utilized the GAN structure that includes a
discriminator and a generator. Detailed parameter settings of the model can be found in
Figure 28. The generator was built based on the U-net with modifications. The
contracting path consists of six 3D convolutional layers, and the symmetric expanding
path consists of six 3D deconvolutional layers. The contracting path and expanding path

are connected by 4 concatenation layers. Each convolutional/deconvolutional layer
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utilizes a 3 * 3 kernel and an in-plane stride of 2 (axial stride 1 or 2, depending on the
volume dimension) for padded convolution. Each convolutional/deconvolutional layer
is followed by batch-normalization and ReLU (rectified linear unit) activation, excepting
the first convolutional layer and final deconvolutional layer that omit the batch-
normalization. With the starting number of 32, the number of feature channels increases
at each contracting layer and decreases with the corresponding speed in the expending
layers for the concatenation.

The discriminator utilized the convolutional patchGAN structure with 5-layer
convolutional blocks and an output layer. Each convolutional block contains a 3D
convolutional layer with a 4 * 4 kernel and an in-plane stride of 2 (axial stride 1 or 2,
depending on the volume dimension) for padded convolution, followed by batch-
normalization and ReLU (rectified linear unit) activation except for the first
convolutional layer that omits the batch-normalization. The output layer is a sigmoid
activation layer.

The loss function consists of: (1) GAN loss using sigmoid cross-entropy. The
GAN loss is used to distinguish the simulated and reference CBCT images. (2) Image
reconstruction loss that is computed as the L1-distance and SSIM between the simulated

images and reference images.
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Figure 28: Architecture of the artifact simulation model

5.2.4 Materials

We trained the model in two approaches: (1) Train the model using patient data,
and test the model with XCAT phantoms. (2) Train and test the model both using XCAT
phantom images.

With the first approach, we trained and validated the model using fourteen
patients with 10-fold cross-validation and tested the model with one independent
patient. The CT images were resized to 512*512*80 with a pixel size of 1.2695 mm and
slice thickness of 2, 2.5, or 3 mm. At the first step, CBCT volumes were reconstructed
with n projection numbers (n=450, 225, or 100, while the full projection number is 900),
110kVp, and 1200mAms/projection. At the second step, we simulated the scatter and

beam-hardening artifacts for CBCTs reconstructed from full projections. The CBCT
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volumes were reconstructed with consistent dimensions and resolution with the
corresponding CT image.

With the second approach, we used 25 XAT phantoms of different body sizes
and breathing amplitudes. 20 XCAT phantoms were used for training and validation
with 10-fold cross-validation, and 5 phantoms were used for testing. The image
dimension is 512*512%64. The image resolution is 1.2695 mm for pixel size and 3 mm for

slice thickness.

5.2.5 Evaluation

To validate the model performance using patient data, we calculated the peak-
signal-to-noise-ratio (PSNR), structural similarity (5SIM), cross-correlation, and NPS
(noise power spectrum) correlation coefficient (NCC) between the simulated and
reference images. The definitions of PSNR and SSIM have been introduced in section
3.2.5, and the definitions of cross-correlation have been introduced in section 4.2.5.
NPS(Prince & Links, 2006) is the noise power per unit of bandwidth, thus describing the
spatial frequency content of the noise. For example, the “white noise” has equal noise
power at all spatial frequencies. Then, the correlation coefficient was calculated between
the NPS of the simulated images and that of the reference images.

To evaluate the generated XCAT images with imaging artifacts, we generated the
DRR and MC projections for the XCAT under the consistent imaging acquisition

conditions and reconstructed the CBCT volumes for the XCAT phantoms using FDK-
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backprojection as the ground-truth. Then, we compared the SSIM between the ground-

truth XCAT phantom images and the generated XCAT images.

5.3 Results
5.3.1 Simulation of under-sampling artifact and cone artifact
5.3.1.1 Train the model using patient images

Patient testing results

The simulation results for the testing patient are shown in Figure 28 and Table
10. In Figure 29, we can see the streak artifact and cone artifact were successfully
simulated. In Table 10, the statistical evaluation results demonstrate the high realism of

the under-sampling and cone artifact simulation.

CcT Ref CBCT Sim CBCT Ref CBCT Sim CBCT Ref CBCT Sim CBCT

n=450 n=150 n=100
Figure 29: Patient testing results for simulating under-sampling artifact and cone
artifact with n CBCT projections. Visualization window [-1000 400] HU

Table 10: Patient testing results for under-sampling and cone artifact
simulation

451 projections | 150 projections | 100 projections

Training | PSNR 4771 +1.39 4330+ 1.61 43.86+1.39
& SSIM 0.996 + 0.001 0.991+0.003 | 0.987+0.003
Validati ;
alidation | Cross 0.999+0.0003 | 0.999+0.0005 | 0.998 +0.0005
group correlation
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NCC 0.999 + 0.0002 0.999 + 0.0003 0.999 + 0.0003
PSNR 38.58 37.24 36.92
. SSIM 0.987 0.978 0.966
Testing Cross-
group correlation 0.994 0.992 0.990
NCC 0.999 0.999 0.999

XCAT phantom testing results

In Figure 30, the model successfully simulated the streak artifact due to under-

sampling and cone artifact in the XCAT phantom based on the visual check.

Original XCAT XCAT with under-smapling and cone artifacts

n=450 n=150 n=100

Figure 30: XCAT simulation results for simulating under-sampling artifact and cone
artifact with n CBCT projections. Visualization window [-1000 400] HU

5.3.1.2 Train the model using the XCAT phantoms

Using this approach, the training data and testing data are consistent (both are
XCAT phantom images). The results are shown in Figure 31 and Table 11.
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Figure 31: XCAT simulation results for simulating under-sampling artifact and cone
artifact with n CBCT projections. Visualization window [-1000 500] HU

Table 11: XCAT phantom testing results for the under-sampling and cone
artifact simulation

451 projections | 150 projections | 100 projections
PSNR 47.55 +0.31 41.44 +0.51 39.18 +0.63
Training & SSIM 0.988 + 0.0006 0.950 + 0.008 0.927 +0.014
Validati -
alidation [ Cross- | 000 00001 | 0994+0.0008 | 0.989+0.002
group correlation
NCC 0.999 + 0.0001 0.999 + 0.0001 0.999 + 0.0004
PSNR 47.50 = 0.37 41.53 +£0.24 43.86 +0.07
) SSIM 0.988 + 0.0002 0.953 £ 0.001 0.932 £ 0.001
Testing Cross.
group . 0.998 + 0.0001 0.994 + 0.0002 0.990 + 0.0004
correlation
NCC 0.999+0.00003 0.999 + 0.0001 0.999 + 0.0002

5.3.2 Simulation of scatter artifact and beam-hardening artifact

5.3.2.1 Results from patient testing group

In Figure 30, we can see the scatter and beam-hardening artifacts were

successfully simulated near rib region.
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Model input: Model output:
CBCT by DRRs CBCT by MC projections Simulated CBCT

Figure 32: Patient testing results for simulating scatter artifact and beam-hardening
artifact with full CBCT projections. Visualization window [-1000 400] HU

Table 12: Patient testing results for simulating scatter artifact and beam-
hardening artifact

900 projections
. PSNR 32.02+3.18
If:l‘i‘c‘;‘;?oi‘ SSIM 0.924 + 0.031
Cross-correlation 0.943 + 0.026
group

NCC 0.990 + 0.032

PSNR 28.05

Testing group S5IM 0504

Cross-correlation 0.927

NCC 0.984
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5.3.2.1 Results from XCAT phantom testing group

In Figure 31, we can see the scatter and beam-hardening artifacts were simulated

near the bone regions.

Figure 33: XCAT testing result for scatter and beam-hardening artifact simulation.
Visualization window [-1000 400] HU

5.3.3 Model runtime

In terms of time consumption, it took about 13 hours to train the first-step model
on a 24GB NVIDIA TITAN RTX GPU or 10 hours on a 48GB NVIDIA QUADRO 8000
GPU, and it took about another 6 hours and 4 hours to train the second-step model on
the two types of GPUs, respectively. It generated the CBCT images with imaging

artifacts in real-time during validation and testing.
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5.4 Discussion

In this study, we developed a deep learning method to generate realistic onboard
CBCT imaging artifacts in the widely used 4D-XCAT digital phantom, including cone
artifact, under-sampling artifact, scatter artifact, and beam-hardening artifact. An artifact
simulation model is developed based on the GAN algorithm, with the CT images and
image acquisition conditions as inputs and the corresponding CBCT images with the
conditions-specific imaging artifacts as the output. The model was trained in a two-step
scheme- firstly simulating cone and under-sampling artifacts for different projection
numbers (450, 150, or 100 projections) and secondly simulating scatter and beam-
hardening artifacts. The CBCT with imaging artifacts were reconstructed from CBCT
DRREs (for the first-step model) or MC projections (for the second-step model) using
FDK-backprojection. In this way, the geometry consistency between the input CT
volumes and output CBCT volumes was guaranteed. Results from the patient validation
group demonstrate that the model successfully simulated the desired CBCT imaging
artifacts from both quantitative and qualitative evaluation. In the generated XCAT
phantom, we can also qualitatively assure the simulation of the CBCT imaging artifacts.

Simulating the realistic CBCT imaging artifacts in the 4D-XCAT phantom is
significant for the evaluation and optimization of novel technologies related to onboard
imaging. Onboard imaging plays a vital role in image-guided radiation therapy (IGRT)

and improving the radiotherapy outcome. CBCT is the most widely used onboard image
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guidance technique in radiotherapy. CBCT image quality, including resolution, noise,
contrast, and artifacts, substantially impacts treatment precision. Providing the
simulation of onboard CBCT images for different imaging scenarios is valuable for
evaluating and optimizing the new imaging protocols and various image processing and
treatment techniques, such as CBCT artifact correction, CBCT based target localization,
radiomics analysis, and plan adaptation.

During the training and validation of the artifact simulation model using real-
patient images, which could be with CT image artifacts. However, compared with CBCT
images, the CT image quality sufficiently better to be used as the training data for CBCT
artifact simulation. Ideally, super-resolution CT images could be used as the training
data, or image augmentation techniques could be applied for image pre-processing. The
realism of the generated CBCT imaging artifacts was evaluated by multiple metrics. The
PSNR evaluates the intensity difference between the generated images and reference
images; the SSIM evaluates the similarity between two images considering the quality
perception of the human visual system for luminance, contrast, and structure; the cross-
correlation measures similarity between two images, especially considering the spatial
displacement of one relative to the other. These metrics are well-recognized evaluation
metrics that evaluate the image quality and realism of the simulated images.
Additionally, considering the specific task of synthesizing image artifacts, we included

the NCC (correlation coefficient of NPS) to evaluate the noise feature of the simulated
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images. From the training, validation, and testing results of patient study, all these
evaluation metrics show satisfying results. Since there is no “ground-truth” for the
generated phantom, we mainly used qualitatively for them. From visual check, the
model successfully simulated the streak artifact due to under-sampling and cone artifact
in the XCAT phantom. The newly-generated phantom also shows scatter and beam-
hardening artifact near bone regions during the simulation of scatter and beam-
hardening artifact, even though the simulated images are a bit “blotchy”. That could be
caused by the inconsistent image quality between the CT images during training and
XCAT phantom images during testing. Transfer learning model from CT images to
XCAT phantom images could be built to address this limitation in the future.

One limitation of the study is that the target CBCT with imaging artifacts were
reconstructed from the Monte Carlo simulation of the CBCT projection. Although it has
been widely accepted as a ground-truth, Monte Carlo simulation can only incorporate a
limited number of materials and utilize a limited number of photons for the simulation.
Therefore, the imaging quality from Monte Carlo simulation is generally worse than that
of real CBCT images in the clinic. In this study, it is the best approach we could use to
avoid the geometric mismatch between the CT images and CBCT images.

Another limitation of the study is that the current method trains separate models
for each imaging acquisition condition. It can be a more flexible model if the imaging

acquisition condition could be encoded into the model. Conditional-GAN, which can
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regulate the model output by a specific condition, could provide a potential solution for

this application.

5.5 Conclusion

The results demonstrated the feasibility of synthesizing CBCT artifacts in the 4D-
XCAT phantom using the proposed method. This crucial development enhances the
value of XCAT phantoms for evaluating and optimizing various on-board imaging and

treatment delivery techniques.
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6. Conclusions

This dissertation research aims to develop an eXtended Modular
ANthropomorphic (XMAN) phantom based on 4D-XCAT achievements, addressing
three main limitations of the current 4D-XCAT phantom: lacking intra-organ anatomical
details and textures, simplified breathing motion pattern, and absence of onboard
imaging artifacts. GAN-based deep learning technique was used as the main tool in this
research. The main inspiration for this work is to train and validate a GAN-based deep
learning model using patient data, making the model learn the patient-realistic
characteristics. Then, the model is applied on the 4D-XCAT phantom, equipping the 4D-
XCAT phantom with the patient-realistic features.

First, the anthropomorphic anatomical textures for CT and CBCT in the chest
region of the XCAT phantoms were synthesized by developing a dual-discriminator
conditional-GAN (D-CGAN) model. Organ maps were generated from the real CT or
CBCT images to mimic the XCAT images and were used as the model input during
training and validation. This process built a bridge between the patient data and XCAT
phantom data, thus significantly decreasing the difficulties in generating realistic
anatomical textures in the MT-XCAT phantoms. A unique dual-discriminator structure
was designed in the DCGAN model to enhance the model performance in the GTV
region. By qualitative and quantitative evaluation, the MT-XCAT phantoms presented

similar general contrast and anatomical textures as CT and CBCT images. This
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improvement is valuable for expanding the applications of the phantom to various
research in radiation therapy, such as imaging reconstruction, image registration,
segmentation, treatment planning, etc.

Second, realistic and controllable respiratory motion was generated in the 4D-
XCAT phantoms. A motion generation model was developed based on BicycleGAN
with a novel 4D generator. The model generates the DVFs from the input EOI phase
image to the following phases. The DVFs are applied to the input EOI phase to generate
4D images. The respiratory motion amplitude is controlled by another input which is a
Gaussian perturbation. A separate machine-learning respiratory motion amplitude
control model was built to predict the input perturbation needed for a specific motion
amplitude. During the patient study, the simulated 4D-CT images were close to the
reference images in lung geometry, lung volume, DVF characteristics, and ventilation
map characteristics. The generated 4D-XCAT phantoms presented similar deformation
energy and ventilation map pattern as patient data, proving the realistic respiratory
motion pattern was simulated in the 4D-XCAT phantom. Additionally, the respiratory
motion amplitude control error was controlled to be less than 0.5 mm. Simulating the
realistic respiratory motion pattern is significant for the 4D-XCAT phantom used for
technology assessment in 4D imaging, ventilation-related research, and functional

studies.
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Third, realistic onboard CBCT imaging artifacts were synthesized in the XCAT
phantoms. An artifact simulation model generates the CBCT imaging artifacts in a two-
steps scheme. Firstly, it simulates the cone artifact and under-sampling artifact for
different projection numbers (450, 150, or 100). Second, it simulates scatter artifact and
beam-hardening artifact. Simulating the onboard imaging artifacts is crucial for
performing an end-to-end VCT in radiotherapy.

For clinical application, the XMAN phantom will have a significant impact on the
technology assessment in the entire image-guided radiation therapy (IGRT) workflow.
In particular, the synthesis of realistic anthropomorphic anatomical textures significantly
enhances the value of the phantom for the evaluation and optimization of IGRT
techniques, such as image reconstruction, image registration, segmentation, treatment
planning, etc. The realistic simulation of patient respiratory motion in the XMAN
phantom is valuable for investigating 4D imaging sorting and reconstruction techniques,
validating ventilation map calculations and functional analysis, developing motion-
robust photon and proton treatment planning, and establishing novel onboard real-time
imaging and tracking techniques. The realistic simulation of onboard CBCT imaging
artifacts is valuable for evaluating and optimizing the imaging protocol and various
image processing and treatment techniques, such as CBCT artifact correction, CBCT
based target localization, radiomics analysis, and plan adaptation. The XMAN phantom

with realistic features can greatly enhance the translatability of research findings from
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the phantom study to patient study and perform as a powerful tool for various virtual
clinical trials.

Future directions of the work may include several aspects: (1) Integrate the three
improvements in the 4D-XCAT phantom and make the XMAN phantom deliverable to
users. Currently, the new features developed in the XMAN phantom work
independently and have not been integrated with the XCAT generation program.
Providing a complete and realistic simulation in one platform would empower the VCTs
for various imaging and radiotherapy techniques. (2) Develop a 3D model for the
anatomical texture simulation. The anatomical texture synthesis model was trained in
the 2D scheme in this dissertation work due to hardware constraints when the
experiment was conducted. As a result, discontinuity could occur between two axial
slices, and the textures generated may not resemble the natural continuous pattern in
real-patient images. We have been attempting to address this limitation by training the
model in 3D-scheme, i.e., generate 3D organ map to be used as the model input. There
has been promising progress with this approach. (3) Expand the current XMAN
phantom from the chest region to the abdominal region, and ultimately expend it for
whole-body usage. Cancers in the abdominal region, such as liver cancer, stomach
cancer, and colorectal cancer, have been the leading cause of death from cancer globally.
One main direction for improving the radiotherapy outcome of abdominal cancers is

minimizing the impact of patient motion. Onboard imaging techniques that provide fast,
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low-dose, high-quality image guidance and online treatment adaption techniques for
gating and tracking are needed. Therefore, developing a digital phantom that provides a
reliable and accurate simulation of the anatomical texture and motion for onboard
simulation in the abdominal region is essential for the development of these
technologies. Developing a phantom that (4) Develop patient-specific phantom. The
XMAN phantom is developed based on the images of a group of patients. Therefore, it
does not reflect the inter-patient variations, limiting its ability to customize techniques
for individual patients. Developing a patient-specific XMAN phantom would benefit a
wide variety of research, including online adaptive therapy, robust treatment planning,

and deep learning models for patient-specific tasks.
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