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Abstract
Managing respiratory motion in radiotherapy for abdominal and lung stereotactic body

radiation therapy (SBRT) patients is crucial to achieving dose conformity and sparing

healthy tissue. While previous studies have utilized principal component analysis (PCA)

combined with deep learning to localize lung tumors in real-time, these models lack testing

or validation with patient data from later treatment fractions. This study aims to achieve

highly accurate 3D tumor localization for abdominal and lung cancer patients using a PCA-

based convolutional neural network (CNN) motion model. Another goal is to enhance this

prediction model by addressing interfractional motion in lung patients through deep learning

and multiple treatment-acquired CT datasets.

The patient’s 4D computed tomography (4DCT) image was registered, and resulting

deformation vector fields (DVFs) were approximated using PCA. PCA coefficients, linked

to diaphragm displacement, controlled breath variability in synthetic CT images. Digitally

reconstructed radiographs (DRRs) from synthetic CTs served as network input. The net-

works were evaluated using a CT image designated for abdominal and lung cancer patient

testing. A DRR of the testing CT was input into the model, and the predicted CT image

was validated against the test CT to locate the tumor.

This study validated a PCA-based CNN motion model for abdominal and lung cancer

patients. Intrafractional motion modeling accurately predicted abdominal tumors with a

maximum error of 1.41 mm, whereas lung tumor localization resulted in a maximum error

of 2.83 mm. Interfractional motion significantly influenced the accuracy of lung tumor

prediction.
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1. Introduction
Radiotherapy procedures are essential in cancer treatment because they can target tu-

mors while sparing healthy tissues. Achieving conformal dose distributions is challenging

due to changes in internal anatomy over various time scales. Interfractional motion includes

day-to-day uncertainties in patient setup, weight loss, tumor progression, or radiation-

induced tissue damage. Intrafractional motion arises from respiratory and cardiac motion

and tumor drift. Significant translational, rotational, and deformative tumor motion due to

respiration has been observed in the lung, liver, pancreas, and kidneys (Vinogradskiy et al.,

2019). Managing intrafractional motion for lung or abdominal stereotactic body radiation

therapy (SBRT) patients is particularly crucial because an ablative dose is delivered to

the tumor, requiring relatively tight margins to spare surrounding healthy tissue (DeWees

et al., 2019).

Several methods are employed today to mitigate respiratory motion before and during

treatment delivery. In the treatment planning of lung or abdominal SBRT patients, a series

of CT images are acquired over multiple respiratory cycles to generate a 4DCT image. A

4DCT comprises multiple 3DCT images of the patient at different respiratory cycle phases.

One passive method to mitigate respiratory motion involves creating an internal target

volume (ITV), which encompasses the entire path of the target from a 4DCT image. While

this technique is relatively simple, ITVs can lead to high-dose delivery to organs at risk

(OARs) and low target coverage if tumor drifting occurs (Bertholet et al., 2019).

A more active method, such as real-time marker tracking, reduces margins and ensures

proper target coverage. Fiducial markers can be implanted using transthoracic, endovas-

cular, or endobronchial insertion techniques to track a pulmonary lesion during treatment.

However, this method is invasive and can increase the risk of pneumothorax. Additionally,

the accuracy of the fiducials could decrease over time due to marker migration (Casutt

et al., 2022).

Surrogate-based methods, such as infrared-based (IR) tracking, body surface tracking,

or skin fiducial monitoring, rely on external signals whose fluctuations correlate with inter-
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nal tumor motion. This correlated signal can be used with beam gating to deliver the dose

when the external signal correlates with the tumor positioning for the intended prescribed

dose distribution. However, the external-internal signal correlation may diminish over time

due to tumor drift or interfractional changes in anatomy (Bertholet et al., 2019).

Real-time 3D tumor localization based on x-ray projections is non-invasive and could

prove more reliable than surrogate-based methods. Wei et al. proposed a method based on

a convolutional neural network (CNN) to accurately localize a lung tumor in real-time. This

method establishes a breathing motion model using principal component analysis (PCA)

based on the planning 4DCT. This model represents the patient’s respiratory-induced

anatomy deformation using a linear combination of principal components and corresponding

PCA coefficients. Subsequently, a CNN regression model is trained to estimate the rela-

tionship between the CBCT projection and PCA coefficients using digitally reconstructed

radiographs (DRRs) of 3D-CT images from different breathing phases. During treatment,

the trained CNN provides a set of PCA coefficients corresponding to the kilovoltage (kV)

projection image acquired from the on-board cone-beam CT (CBCT) scanner. These co-

efficients determine the tumor position and the patient’s respiration-induced anatomy de-

formation. While this study achieved tumor localization accuracy of less than 1 mm, the

experiments were limited to only lung patients and only addressed intrafractional motion

(Wei et al., 2020).

This study aims to implement a CNN prediction model inspired by Wei et al. to explore

the efficacy of tumor localization in abdominal patients affected by respiratory motion. The

abdominal region exhibits low tissue contrast in CT and DRRs, potentially leading to poor

prediction results. Additionally, abdominal organ motion due to respiration is nonlinear and

more complex than lung expansion and contraction. To capture anatomical deformation,

group-wise deformable image registration (DIR) will be integrated into the model creation

workflow.

This study will also explore the implications of lung SBRT patients’ interfractional

motion. The model will be tested and validated using a second patient image set acquired

2



at a later fraction of treatment to analyze the effects of interfractional motion on lung tumor

localization. Data augmentation methods will be implemented to mitigate patient setup

uncertainty and potential anatomical changes that may differ from the planning 4DCT

image used to create the model.
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2. Methods
This project comprised two main stages: network training and the application/testing

phase. The patient-speci�c prediction networks were trained using the work�ow illustrated

in Figure 2.1. PCA motion models were created from a patient's 4DCT images acquired for

treatment planning. Random sampling of PCA coe�cients enabled the generation of syn-

thetic CT images, which were then transformed into DRRs for training. Data augmentation

was performed during and after the generation of the DRRs to increase training accuracy

and minimize patient setup uncertainty during testing. The prediction model was assessed

using a DRR generated from CT image data that was not used in training or validating

the network. This testing DRR image is analogous to a patient receiving a radiograph to

check for alignment uncertainty before delivering a new fraction of radiation. The CNN

model predicted PCA coe�cients to generate a new deformation vector �eld (DVF). The

DVF generated the volumetric image and tumor location, which were then evaluated with

the ground-truth CT image.

FIGURE 2.1: This work�ow map illustrates how training data is generated from a patient
4DCT scan and used to train the convolutional neural network.
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FIGURE 2.2: This work�ow illustrates how a trained network is evaluated for each patient.

2.1 Principal Component Analysis

The fundamental mechanism behind our prediction model is a PCA motion model

generated from a patient's 4DCT image. A 4DCT image is a set ofN 3D-CT images,

where N represents a respiratory cycle phase. We selected a reference image to be the

midpoint between the inhalation and exhalation phases of the 4DCT image. DIR on the

4DCT image resulted in a set of DVFs that map each phase to the speci�ed reference

phase. The set of phase-dependent DVFs can be represented by a matrix M of size[3x

NvoxelCT, N ], where 3 represents the three-dimensional motion, andNvoxelCT denotes the

number of voxels in each CT image. PCA was performed on a zero-mean version of the

matrix M. The resulting principal components (eigenvectors) encapsulate the respiratory

motion of the 4DCT image. The PCA formulation allows us to represent any DVF relative

to the reference CT image as a linear combination of eigenvectors and coe�cients (Denis

de Senneville et al., 2015).

D = M̃ +
k¸

n= 1

piqi (2.1)

D represents a DVF relative to the reference phase image in this context.M̃ is the

phase-wise mean of matrixM. p and q are the PCA eigenvectors and their respective PCA
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coe�cients, respectively. The subscript i denotes the eigenvectors' index, andk represents

the number of principal components. Our experiments utilized only three principal com-

ponents, as this quantity proved su�cient to represent respiratory motion accurately (Wei

et al., 2020).

Sampling various combinations of the PCA coe�cients (q) is necessary to generate

new DVFs and produce new training CT images. To sample the coe�cients, we utilized the

maximum and minimum coe�cients for their respective principal components, creating both

a maximum and a minimum DVF. The di�erence between these two DVFs represents the

maximum displacement between the inhalation and exhalation phases. We then correlated

the magnitude of diaphragm displacement in millimeters with the di�erence in the maximum

and minimum PCA coe�cients, establishing a sampling rate measured in units of (1/mm).

ui =
qimax � qimin

Dmaxdiaphragm � Dmindiaphragm

(2.2)

This sampling rate allowed us to evenly sample coe�cients at increments of1.5 mm.

We extended the maximum displacement range by25% of the maximum diaphragm dis-

placement to account for deep breathing. The number of PCA coe�cient combinations

was on the order of 20,000 and speci�c to each patient's anatomy and respiratory pattern.

The sampled PCA coe�cients were used to create the new DVFs, which were used to warp

the reference CT image to create new synthetic CT images. The newly generated PCA

coe�cients and CT images were randomly split into 80% training, 10% validation, and

10% testing data. The validation and testing CT images were not augmented and directly

converted to DRRs.

2.2 DRR Generation

The Tomographic Iterative GPU-based Reconstruction (TIGRE) Toolbox generated

DRRs from the newly synthesized CT images (Staub and Murphy, 2013). Anterior-posterior

(AP) projections were obtained from the CT images using a trilinear interpolation method

(Staub and Murphy, 2013). The virtual geometry was initialized with a source-to-detector
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