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Abstract 
Purpose: 4D cone-beam CT (CBCT) provides 4D localization and monitoring of 

moving targets for inter/intra-fraction target verification in lung radiotherapy. CBCT 

reconstruction with Feldkamp-Davis-Kress (FDK) algorithm requires retrospectively 

sorted full-angle (360° for half fan scan/ 180° plus fan angle for full fan scan) cone-beam 

projections, leading to long acquisition time, high imaging dose and limited mechanical 

clearance. A prior knowledge-based 4D-CBCT estimation technique was developed to 

do fast and low-dose target verification by estimating 4D-CBCT images using limited-

angle on-board projections and information from planning 4D-CT images. The purposes 

of this thesis are to (1) Optimize the image acquisition parameters of this technique in 

reconstructing 4D-CBCT images using limited-angle kV projections; and (2) Evaluate the 

clinical efficacy of this technique through patient studies. 

Method: To optimize the imaging acquisition schemes, a digital 

anthropomorphic phantom (XCAT) phantom was used to simulate different patient 

scenarios. The image acquisition schemes were optimized by minimizing the scanning 

time and projection number required for accurate image estimation. With the minimum 

scanning time determined, the effects of scanning direction and imaging frame rate on 

estimation accuracy were investigated. To evaluate the performance of this technique 

through patient studies, we employed patient data with multiple 4D-CT scans. For each 

patient, one 4D-CT scan was considered as planning 4D-CT images and another as the 
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ground truth (on-board 4D images). Digital reconstructed radiographs (DRRs) were 

generated from the ground truth to simulate limited-angle on-board 4D-CBCT 

projections. Each phase of the 4D-CBCT was generated by deforming the prior CT 

volume based on deformation field maps solved by motion modeling and free-form 

deformation in the data fidelity constraint. The estimated images (EIs) were visually or 

quantitatively evaluated against the ground truth images. The minimal scanning time 

and projection number were determined for all scenarios. 

Results: The phantom studies showed accurate 4D-CBCT estimation requires 200 

projections acquired in over 97.8 degree with a total scanning time of 20 seconds (gantry 

rotation speed of 6°/s, respiratory period of 4s and frame rate of 10 fps). The technique 

was robust against different scanning directions. Imaging frame rate was positively 

related to estimation accuracy given the same angle coverage. The scanning time could 

be further reduced by increasing frame rate without changing the projection angle 

coverage. Results of patient studies showed that the technique was able to accurately 

estimate patient 4D-CBCT using as fewer as 320 projections acquired in 32 seconds over 

a scan angle of 169.8° (gantry rotation speed of 6°/s, respiratory period of 4s and frame 

rate of 10 fps). The estimation accuracy decreased in ground-glass opacity regions.  

Conclusion: This technique estimates patient on-board 4D-CBCT with higher 

efficiency, reduced imaging dose and has better mechanical clearance compared to 

conventional FDK-based 4D-CBCT reconstruction technique.  Clinical implementation of 
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this technique can provide an efficient tool for fast low dose inter/intra-fractional 4D-

localization to minimize the treatment errors in lung radiotherapy. This can potentially 

pave the way for further margin reduction and dose escalation in lung radiotherapy.    
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1. Introduction 

1.1 Target Verification in Lung Radiotherapy 

Patient position shifts, anatomical and respiratory changes in lung radiotherapy 

lead to target localization errors, which can potentially cause reduced dose coverage of 

the tumor and increased normal tissue toxicity.[1] Especially for stereotactic body 

radiation therapy (SBRT) treatments, which delivers high fractional dose in fewer 

fractions with tight planning target volume (PTV) margin, it is crucial to verify the target 

location both before and during treatment delivery to ensure adequate target 

coverage.[2] Currently, planar imaging and volumetric imaging techniques are available 

for time-resolved target verification. 

 

1.2 Imaging Techniques Used for Target Verification 

1.2.1 Planar Imaging Techniques  

Image guidance systems incorporating fluoroscopic imaging such as on-board 

kV fluoroscopy and MV cine imaging can be used for target motion monitoring and 

gating in lung radiotherapy.[3] However, fluoroscopic imaging does not provide 

volumetric information to assess the 3D location and deformation of the tumor. In 

addition, small tumors can be overshadowed by other structures in 2D images, making 

it challenging to localize the tumor even in 2D.[4]  Although fiducial markers can be 

implanted in targets to improve the localization accuracy, the invasive procedure of 
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marker implantation and the uncertainties associated with marker migration limit the 

clinical efficacy of the approach.  

1.2.2 Volumetric Imaging Techniques  

3D/4D on-board imaging techniques have been developed to provide volumetric 

information for target verification. Current 3D/4D imaging techniques include CBCT 

and digital tomosynthesis (DTS). CBCT reconstructs tomographic images from a series of 

cone beam kV projections acquired by a flat-panel digital detector mounted on the 

gantry of the linear accelerator.[5], [6] conventional CBCT reconstruction using 

Feldkamp-Davis-Kress (FDK) algorithm requires full sampling of projections over 360° 

for half fan scan or 180° plus fan angle for full fan scan to achieve acceptable image 

quality.[7] 4D-CBCT reconstructed by FDK algorithm requires respiratory-sorted 

projections over a full rotation angle to reconstruct phase resolved images, which leads 

to long acquisition time (~4min) and delivers high imaging dose (up to 9 cGy to 

isocenter) to the patient.  [8]–[10] The long acquisition time makes it impractical to 

acquire multiple 4D-CBCT for intrafraction verification. The accumulated imaging dose 

from multiple 4D-CBCT will also be of a concern even for SBRT, since the imaging dose 

is delivered to a large region of body instead of just the tumor region in the radiation 

treatment. Therefore, it is imperative to develop a new technique to achieve faster and 

low-dose 4D-CBCT for both inter- and intrafraction verification in SBRT. 
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Digital tomosynthesis (DTS), as a quasi-three-dimensional imaging technique, 

reconstructs volumetric images from projections in limited angle. DTS requires shorter 

acquisition time ( less than10second) and delivers lower imaging dose to the patient ( 

less than 1cGy) compared to CBCT.[11] These features make it preferable for 3D rigid 

target verification. However, 3D/4D-DTS suffers from linear streak artifacts and 

degraded resolution along the central axis of the scan angle, thus failing to provide 

accurate target localization when deformation exists.[12], [13] 

To overcome the limitations of exist techniques, a limited-angle intrafraction 

verification (LIVE) system has been developed to estimate on-board volumetric images 

using information from planning 4D-CT images and limited angle kV-MV projections. 

[14] Previous studies have demonstrated the accuracy of LIVE system in estimating 4D-

CBCT images using orthogonal limited-angle kV projections acquired with slow gantry 

rotation.[15] The imaging dose was optimized by minimizing the orthogonal projection 

number. However, the projection acquisition time is still long due to slow gantry 

rotation speed and large gantry rotation angle (scanning angle plus 90 degree).     

 

1.3 Research Aims 

This study aims to (1) optimize the performance of this technique in terms of 

imaging dose and scanning time; (2) evaluate accuracy and efficiency of this technique 

performed under realistic clinical situations. To achieve the first goal, we employ fast 
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gantry rotation to minimize both the projection number and respiratory cycle number 

needed for accurate estimation. To achieve the second goal, we mimic the clinical 4D-

CBCT acquisition during which projections are continuously acquired as gantry rotates.  

In addition, we aim to evaluate the robustness of this technique against different patient 

scenarios. The results will build the foundation of future clinical implementation of this 

technique for fast and low-dose 4D target verification in lung radiotherapy treatment.  

 
2. Materials and Methods  

2.1 Prior Knowledge-based 4D-CBCT Estimation  

2.1.1 MM-FD method 

The prior knowledge-based image estimation technique reconstructs on-board 

4D-CBCT by using prior information from planning 4D-CT images and on-board 

projections in limited angle. Each phase of the 4D-CBCT was generated by deforming 

the prior CT volume based on Deformation Field Maps (DFMs) solved by motion 

modeling (MM) and free-form deformation (FD) in the data fidelity constraint.[16] 

Figure 1 shows the structure of MM-FD method:  A coarsely estimated CBCT was 

generated at the end of the MM part. The MM method was first applied to reduce the 

number of variables for the deformation map. The FD method was employed afterwards 

to correct any errors in the MM part by allowing each voxel to move independently. The 

coarse estimation obtained from the MM method serves as a good starting point for free-
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form deformation to yield more accurate results efficiently without being trapped in 

local minimums. [16] 

 

Figure 1. MM-FD approach 

Images of both 4D-CT and 4D-CBCT in one respiration cycle were sorted into N 

phases. One phase of the patient planning 4D-CT images acquired before treatment was 

used as the prior images Iprior. Each phase of the new on-board CBCT image, Inew was 

considered as a deformation target of the prior image selected (Equation 1). The 

deformation field maps (DFMs) were solved by meeting the data fidelity constraint, 

which requires the Digital Reconstructed Radiographs (DRR) generated from Inew match 

with the on-board projections. The data fidelity constraint is represented in Equation 2.  

𝐼"#$ = 𝐼&'()' ∗ 𝐷𝐹𝑀 (1) 

𝑃(𝐼"#$) = 𝑜𝑛𝑏𝑜𝑎𝑟𝑑	𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠  (2) 
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Where P is the cone-beam projection matrix to project Inew for DRR generation.  

To measure the similarity between DRRs and on-board projections, we used 

Normalized Cross-Correlation (NCC) as data fidelity constraints to account for the 

difference in gray level between CT images and CBCT images.  

𝑁𝐶𝐶 = 	
(A B,D EA B,D )F,G ∗(H B,D EH B,D )

(A B,D EA B,DF,G )I∗ (H B,D EH B,DF,G )I
  (3) 

Where 𝑓 𝑥, 𝑦  represents DRR images 𝑡 𝑥, 𝑦  represents on-board projections 

By applying NCC in data fidelity constraint, equation 1 can be written as the 

following equation.  

𝑁𝐶𝐶 𝑃 ∗ 𝐼"#$ 𝐼&'()', 𝐷 , 	𝑜𝑛	𝑏𝑜𝑎𝑟𝑑	𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠 = 1 (4) 

The constraint can be enforced by minimizing the objective function in 

equation (5) 

𝑓 𝐷 = 	1 − 𝑁𝐶𝐶 𝑃 ∗ 𝐼"#$ 𝐼&'()', 𝐷 , 	𝑜𝑛	𝑏𝑜𝑎𝑟𝑑	𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠  (5) 

2.1.2 Structural PCA-based Motion Modeling 

To estimate CBCT with limited-angle projections, one of the challenges 

encountered is the large number of variables describing the deformation field for each of 

the voxels. Principal Component Analysis (PCA) can be especially helpful in reducing 

the number of variables in the functions.[17] First, a set of 4D-CT images were 

retrospectively sorted into 10 phases. The end-of-expiration phase of a 4D-CT is selected 

as prior image (Iprior) due to its relative stability. The prior image is deformed to other 

nine phases through deformable image registration using VelocityAI (Velocity Medical 
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So-lutions, Atlanta). Nine deformation vector fields (DVFs) obtained describe patient 

motion modes in a single respiratory cycle, as shown in Figure 2.  

 

Figure 2. Principal component analysis-based motion modeling 

Using PCA, the eigenvectors of the covariance matrix of nine DVFs are extracted 

as the principal motion modes {D0j}. The {D0j} were sorted with descending importance 

according to their magnitude and the first three eigenvectors are used to represent the 

DFM D as they are most de-correlated and proved to be enough to represent the shared 

characteristics of DVFs and capture the variance in DVFs. [16] The deformation field 

map D for Iprior is expressed in equation 6, where  𝐷OPQ# is the average of the DFMs and 

𝑤S(j =1,2,3) are the weightings corresponding with each principal motion mode D0j. Note 

that 𝑤S are to be solved in data fidelity constraints.  

𝐷 = 𝐷OPQ# + 	 𝑤S	𝐷O
SU

VWX  (6) 



 

8 

By PCA-based motion modeling, the number of unknown variables of D is 

reduced from N*3 to 3*3.  

 To account for potential relative motion pattern difference between the target 

and the body, structural Principal Component Analysis (sPCA) was employed. In the 

MM part, the DFMs are divided into two structures: target and body excluding target 

(called ‘body’ from here on out). The principal motion modes and are extracted from the 

DFMs for the two structures based on principal component analysis. D is represented by 

a weighted linear combination of the first three principal motion modes for each 

structure. Thus equation 5 becomes the following equation, where  𝐷OPQ# is the average 

of the DFMs and 𝑤S,HYZ)' (j =1,2,3) are the weightings corresponding with each principal 

motion mode D0, tumorj, and 𝑤S,[)\D (j =1,2,3) are the weightings corresponding with each 

principal motion mode D0, bodyj. [18] 

𝐷 = 𝐷OPQ# +	 𝑤S,HYZ)'	𝐷0,𝑡𝑢𝑚𝑜𝑟
𝑗U

VWX + 𝑤S,[)\D	𝐷0,𝑏𝑜𝑑𝑦
𝑗U

VWX  (7) 

𝑤S,HYZ)' and 𝑤S,[)\D	are solved in data fidelity constraint which requires the DRR 

generated from Inew match with on-board projections (equation ) 

𝑓 𝐷 = 	1 − 𝑁𝐶𝐶 𝑃 ∗ 𝐼"#$ 𝐼&'()', 𝐷 , 	𝑜𝑛	𝑏𝑜𝑎𝑟𝑑	𝑝𝑟𝑜𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑠 ≤ 𝜀 (8) 

As DRRs generated from Inew cannot be perfectly matched to on-board projections, 

the objective function cannot reach zero (equation 8). ε is defined to account for this 

problem in the minimization process. 
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2.1.3 Weighted Free-form Deformation 

Free-form deformation (FD) deforms the prior CT volume without any 

assumption about the breathing pattern and anatomical characteristics by allowing each 

voxel to move independently. Constrained free-form deformation uses deformation 

energy as a constraint to preserve the smoothness of DFMs.  

The energy constraint is employed in addition to the data fidelity constraint in 

the free-form deformation part. Deformation energy E was introduced to regulate DFMs 

and preserve their smoothness. It is defined in equation 9.   

E D = 	 ( def (,S,g
dB

h
+ def (,S,g

dD

h
+ def (,S,g

di

h
U
ZWX

"j
gWX	

"k
SWX

"l
(WX  (9) 

After the coarse deformation field was obtained, the DFM can be fine-tuned by 

satisfying the deformation energy minimization (equation 8) and subject to the data 

fidelity constraint (equation 10).[14], [16] 

𝐷 = argmin 𝐸(𝐷) (10) 

Applying the data fidelity constraint in the FD will reduce the data fidelity error 

but increase the deformation energy. An adaptive technique of optimization was 

developed based on the ASD-FD algorithm. The data fidelity constraint and the 

deformation energy minimization were executed consecutively by gradient descent 

optimization with a parameter alpha (<1, we chose values around 0.99) to control the 

step size of the energy minimization to make the optimization converge.  [16] 
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To account for the relative motion of target and body, the weighted FD adjusts 

weighting of the target and body in the data fidelity constraints, which is formlated in 

equation 11. [18]  

𝑓 𝐷 = 	1 − [ 1 − 𝑤 𝑁𝐶𝐶HP'u#H + 𝑤𝑁𝐶𝐶[)\D] ≤ 𝜀 (11) 

2.2 Phantom Studies 

2.2.1 Image Acquisition Schemes 

In this section, we aim to optimize the image acquisition of this technique 

through phantom studies. The kV image acquisition scheme of this technique is 

described as follows: The imager mounted on the gantry rotates around the patient 

while the patient is breathing. One respiratory cycle is divided into 10 phases, and 

projections at each phase are clustered in limited angle. To reconstruct 4D-CBCT images 

phase by phase, several respiratory cycles are needed to acquire enough projections 

covering an adequate angle to provide volumetric information. Figure 3 shows the 

distribution of projections at phase 1 (End of Inspiration) acquired over five respiratory 

cycles. 
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Figure 3. Distribution of kV projections at phase one 

The number of projections Ns acquired for one phase over a single respiratory 

cycle can be obtained by:  

 

Where f is the imaging frame rate, t is the patient respiratory period, and p is the 

number of phase in each respiratory cycle. 

The scan angle θs for each phase over a single respiratory cycle can be obtained 

by: 

 

Where ω is the gantry rotation speed.  

p
tfNs
×

=

p
t

s
×

=
wq
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To accurately estimate on-board CBCT images, multiple respiratory cycles need 

to be scanned to acquire enough kV projections. The total number of projections Nt and 

total scanning angle θt, over a number of respiratory cycles scanned m, for a single 

phase, can be calculated by the following formulas: 

 

 

Note that θt consists of multiple limited scan angles θs separated by an angle of 

(p-1)·θs. 

In this study, the patient respiratory period was set to 4s and each respiratory 

cycle was sorted to 10 phases. Gantry rotation speed was set to 6°/s as previous study 

showed that fast gantry rotation speed is preferable for 4D-CBCT estimation since fast 

rotation speed leads to large spreading angle for the projections in each phase, which is 

beneficial for reconstruction.[19] With fixed phase number, respiratory period and 

gantry rotation speed, projection number per phase Ns and scan angle of each phase θs 

over a single respiratory cycle only depend on imaging frame rate.  

The total scanning time T required for each verification is proportional to the 

number of respiratory cycles m scanned: 

 

p
mtfmNN st
××

=×=

p
mtmst
××

=×=
wqq

tmT ×=
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Shorter scanning time is preferred as target verification can be performed at 

shorter time intervals to reduce the position errors caused by patient movement.  

Imaging dose is proportional to the number of kV projections Nt acquired in the 

scanning time T. Less projections acquired for each estimation means less imaging dose 

introduced to patient. The goal pf this study is to optimize the number of respiratory 

cycle m and kV projection numbers Nt needed for on-board 4D-CBCTestimation based 

on the patient respiratory period t and gantry rotation speed ω for typical patient and 

treatment scenarios. The image acquisition was optimized by the following two steps.  

Minimize the respiratory cycle number with frame rate of 10 fps 

Minimize the projection number by reducing the frame rate or further reduce the 

respiratory cycle number by increasing the frame rate.   

The first step minimizes the scanning time by finding the minimal number of 

respiratory cycles needed for accurate estimation using the fixed frame rate (10 fps). 

With the minimal respiratory cycle number determined, the effect of imaging frame rate 

was examined in the second step. Given fixed respiratory cycle number, imaging dose 

was minimized by finding the minimal imaging frame rate required to acquire enough 

projections. The scanning time can be further optimized by reducing respiratory cycle 

number while increasing frame rate.  The effect of scanning direction on estimation 

efficiency was also investigated by having different starting angles: 0° and 90°.      
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2.2.2 Digital Anthropomorphic Phantom 

The 4D extended Cardiac-Torso (XCAT) phantom was used in this study to 

simulate the prior 4D-CT and on-board 4D-CBCTs. XCAT uses non-uniform rational B-

spline surfaces to model detailed human anatomy based on databases from the National 

Library of Medicine and patient datasets [24]. 4D images can be generated based on 

anatomical and respiratory parameters input by the user. The respiratory motion of both 

the body and tumor of the 4D XCAT images can be controlled separately by two 

respiratory curves: the diaphragm curve and the chest wall curve. The diaphragm curve 

mainly determines the motion in the superior-inferior (SI) direction, and the chest wall 

curve mainly controls the motion in the anterior-posterior (AP) direction. 

In this study, patient 4D-CT images were generated with a spherical tumor of 3 

cm diameter inserted into middle of the lung. The peak-to-peak respiratory motion 

amplitudes for body were 3 cm and 2cm along SI direction and AP direction respectively. 

The motion of both the body volume and tumor volume were simulated according to 

the same diaphragm and chest wall curves. The end-of-expiration phase was used as the 

prior image volume due to its stability. Patient anatomical and respiratory pattern 

changes were simulated in the on-board image volume by XCAT for the following eight 

scenarios[19] : 
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1. Body and tumor move according to the same diaphragm curve and chest wall 

curve, but peak to peak amplitude of diaphragm curve changes to 2 cm and that of the 

chest wall curve changes to 1.2 cm. 

2. Based on scenario 1, also with tumor diameter shrinking by 5 mm. 

3. Based on scenario 1, also with tumor diameter expanding by 5 mm. 

4. Based on scenario 1, also with tumor’s average position shifted in SI direction by 

8 mm. 

5. Based on scenario 1, also with tumor’s average position shifted in AP direction 

by 8 mm. 

6. Based on scenario 1, also with tumor’s average position shifted in SI, AP and 

lateral directions by 5 mm each. 

7. Based on scenario 1, but with tumor having 20% phases shift relative to the body 

volume respiratory cycle. 

8. Body volume and tumor move according to different diaphragm and chest wall 

curves: the peak-to-peak amplitudes of the diaphragm curve for body and tumor are 2 

and 4 cm, respectively; and those of chest wall curve for body and tumor are 1.2 and 3 

cm, respectively.  

Full fan on-board kV projections were simulated using ray-tracing method based 

on the kV imaging volume at 40 keV energy. The new on-board volume was estimated 

using the prior 4D-CT images and simulated on-board kV projections with the imaging 
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acquisition schemes specified above. The simulated on-board 4D-CBCT was used as the 

ground truth to evaluate the accuracy of image estimation. 

2.2.3 Evaluation Metrics 

The estimation accuracy was evaluated by comparing estimated images to the 

ground truth images. To quantitatively evaluate the accuracy of estimated images, a 

region of interest was defined to automatically contour tumor based on HU threshold in 

both estimated images and ground-truth CBCT images. Two metrics, center-of-mass-

shift (COMS) and volume percentage-difference (VPD), were used to calculate the 

accuracy of the estimated tumor volume.  COMS and VPS are defined by the following 

formulas: 

COMS = ∆𝑥h + ∆𝑦h + ∆𝑧h				(12) 

Where ∆x, ∆y, ∆z are the center-of mass distances from V to V0.  

VPD is defined by the following formula: 

VPD = �∪��E�∩��
��

∗ 100%	(13) 

Where V is the tumor volume contoured in the estimated image and V0 is that 

contoured in the ground-truth image.  

COMS indicates the tumor location difference and VPD indicates the tumor 

shape difference between the estimated images and the ground-truth images. A perfect 

estimation expects COMS value of 0 mm and VPD value of 0%.  In this study, the 

acceptable criteria for COMS was set to be <= 1mm for all scenarios based on image 
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resolution of 1.67mm. As VPD depends on tumor volume contoured in ground-truth 

images, different VPD criteria were set for different tumor sizes. For tumor size of 2.5cm, 

3cm and 3.5cm, the VPD criteria are set as VPD<= 12%, 10% and 8.5%, respectively.   

 

2.3 Patient Studies 

2.3.1 Patient data 

To evaluate the feasibility of clinically implementing the technique, patient 

images were employed in this section to test its robustness against complicated 

anatomical structures. The challenge of conducting patient studies is lack of the ground 

truth images and on-board kV projections at angles of interest. On-board 4D-CBCT 

estimated from fully sampled 4D cone-beam projections can be used as the ground 

truth, but it is not presently available on Varian LINACS (TrueBeam, Varian Medical 

Systems, Palo Alto, CA) in our clinic. As a solution, a registration-simulation workflow 

(Figure 4) was established to employ patient data with multiple 4D-CT scans acquired 

on a CT scanner (LightSpeed, GE Healthcare, Milwaukee, WI).  
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Figure 4. Workflow of clinical evaluation through patient studies 

For each patient data set, the first 4D-CT scan was considered as the planning 

4D-CT images, and the second 4D-CT scan, which was acquired several weeks later after 

the first scan, was considered as the ground truth, i.e. estimation targets. Each pair of 

4D-CT scans were registered for alignment through rigid registration and down-sized to 

the same resolution. The dimension of patient CT images was set to 256*256*120, with in 

plane pixel size of 2.5906mm and slice thickness of 2.5mm.  

The efficiency of this technique was optimized by minimizing the scanning 

angle, time and projection number required for accurate estimation. The accuracy was 

quantitatively evaluated by computing Dice coefficient and Center-of-Mass-Shift.  

Five patient scenarios with different target locations were used to test the effect 

of tumor location on estimation efficiency.   
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A patient lesion simulation tool developed by Solomon et al [20], [21]was 

employed to simulate patient scenarios with different tumor size, contrast and location. 

The tool allows us to generate realistic tumors and insert them into real patient images. 

A workflow was established to generate patient scenarios to simulate tumor 

deformation from simulation to treatment.  

 The workflow is described as follows:  

1. A 3D lesion based physical tumors was generated using the same resolution of 

CT images.  

2. The simulated tumor was manually inserted into planning 4D-CT images 

phase by phase. To simulate realistic respiratory motion of the inserted tumor, a 

landmark—carina (the branching of trachea) in the original images was chosen as the 

reference point for tumor insertion.   

4. The same lesion model was used to generate a tumor with different size to 

insert it into the second 4D-CT images of the same patient.  

By inserting tumors into different locations in the same image, we investigated 

the effect of target surrounding tissue on estimation accuracy excluding the influence of 

different patient anatomical features. In our study, we generated two patient scenarios: 

one with isolated tumors and the other with tumors surrounded by ground glass 

nodules. The second scenario has lower contrast and complex surrounding structures 

around the tumor compared with the first scenario.  
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Both real patient scenarios and simulated patient scenarios were processed and 

evaluated by the following workflow described in the next section. 

2.3.2 Workflow  

Each 4D-CT images were sorted into 10 phases. The end-of-expiration phase of 

the 4D planning CT scan was chosen as prior image due to its relative stability, the prior 

image was deformed to all other phases using VelocityAI (Velocity Medical Solutions, 

Atlanta, GA). Nine DVFs describing the respiratory deformation during breathing were 

obtained in this step. A rectangular Region of Interest (ROI) was manually selected to 

cover the tumor motion. The DFMs were divided into two structures: tumor and body. 

The first three primary motion modes for both tumor and body were calculated through 

structural Principle Component Analysis. The same ROI mask was applied in weighted 

free-form deformation to give more flexibility in adjusting the weightings of target and 

body in the data fidelity constraint. In this study, the ratio of weightings for ROI and 

body was set to 1.05.  

On-board projections were simulated with dimension of 512*384 and pixel size of 

0.0781cm by generating DRRs from the ground truth CT images at angles. The angle 

distribution of projections for each phase is calculated by assuming an average 

respiratory period of 4s with gantry rotation speed of 6°/s and frame rate of 10 frames/s. 

The estimation accuracy in patient studies was visually evaluated by comparing the 

estimated images with the ground truth images. 
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3. Results 
3.1 Phantom Studies 

3.1.1 Scanning time 

This effect of scanning time on estimation accuracy was investigated in this 

section. Given fixed imaging frame rate and gantry rotation speed, the scanning time 

depends on the number of respiratory cycle in acquisition. Figure 5 shows the COMS (a) 

and VPD (b) for eight XCAT scenarios with CBCT estimation using kV projections 

acquired in one to five respiratory cycles. The respiratory period was set to 4s, gantry 

rotation speed was 6°/s, frame rate was 10 frames/s and starting angle is 0°. According to 

the thresholds of COMS and VPD defined in 2.2.3, we found five respiratory cycles was 

needed for accurate phantom image estimation during image acquisition.  
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(b) 

 

Figure 5. COMS (a) and VPD (b) of the CBCT estimated with starting angle of 
0°, respiratory period of 4s, gantry rotation speed of 6°/s and frame rate of 10 frames/s. 

The total number of projections acquired in five respiratory cycles is 200 (20 

projections for each phase). The angle distribution of projections at end-of-inspiration 

phase is listed in Table 1 as an example. The axial, coronal and sagittal slice cut of prior 

image, estimated image and ground truth image for scenario 3 are shown in Figure 6 as 

an example. 

Table 1. Angle distribution of projections at end-of-inspiration phase acquired 
over five respiratory cycles with starting angle of 0° 

Angle	(degree)	

0	 24	 48	 72	 96	

0.6	 24.6	 48.6	 72.6	 96.6	

1.2	 25.2	 49.2	 49.8	 97.2	
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1.8	 25.8	 73.2	 73.8	 97.8	

 

 

Figure 6. Comparison of prior image, estimated on-board CBCT using 
projections acquired in 5 respiratory cycles and ground-truth CBCT for XCAT 
scenario 3. 

  

3.1.2 Scanning Direction 

In this section, we tested whether the technique is robust when scanning is 

performed over different angle coverage.  

In the last section, projections acquired are distributed from 0° to 97.8°. To 

investigate the effects of scanning direction on CBCT estimation accuracy, we set the 
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starting angle to 90° with other parameters remained the same: respiratory period was 

4s; gantry rotation speed was 6°/s and frame rate was 10 frames/s. The projections 

acquired over five respiratory cycles are distributed from 90° to 187.9.  

Figure 7 shows the COMS (a) and VPD (b) for eight XCAT scenarios with CBCT 

estimation using kV projections acquired in one to five respiratory cycles. The results 

followed the same trend and showed that five is the minimum respiratory cycle number 

required for COMS and VPD to be under the thresholds. The angle distribution of 

projections acquired over five respiratory cycles with starting angle of 90° is listed in 

Table 2.   
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(a) 

 

(b) 

 

 Figure 7. COMS (a) and VPD (b) of the CBCT with starting angle of 90 degree, 
respiratory period of 4s; gantry rotation speed of 6°/s and frame rate of 10 frames/s. 
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Table 2. Angle distribution of projections acquired over five respiratory cycles 
with starting angle of 90° 

Angle (degree) 

Cycle 1 90 90.6 91.2 91.8 

Cycle 2 114 114.6 115.2 115.8 

Cycle 3 138 138.6 139.2 139.8 

Cycle 4 162 162.6 163.2 163.8 

Cycle 5 186 186.6 187.2 187.8 

 

3.1.3 Imaging Frame Rate 

In this section, we investigated the effect of imaging frame rate on estimation 

accuracy with the same angle coverage. Given the same total scanning time/angle, the 

projection number N is proportional to imaging frame rate f, as shown in the following 

formula, where t is the respiratory period and m is the respiratory cycle number.  

𝑁 = 𝑓	 · 𝑡	 · 𝑚 

Image acquisition schemes with four respiratory cycles were also calculated to 

test if the insufficient angle coverage can be compensated by increased projection 

number. Table 3 shows the comparison of projection number obtained in four and five 

respiratory cycles with imaging frame rates ranging from 5 to 15 fps. 
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Table 3. Number of projections acquired in 4 or 5 respiratory cycles with frame 
rate of 5, 7.5, 10, 12.5, 15 fps.  

frame rate (fps) Total projection number 
4 Cycle 5 Cycle 

5 80 100 
7.5 120 150 
10 160 200 

12.5 200 250 
15 240 300 

 

Figure 8 and Figure 9 show COMS (a) and VPD (b) for eight XCAT scenarios 

with CBCT estimation using kV projections acquired in 4 or 5 respiratory cycles with 

frame rate of 5, 7.5, 10, 12.5 and 15fps. The average COMS (a) and VPD (b) for eight 

scenarios with CBCT estimation for different frame rates acquired in four and five cycles 

are shown in Figure 10.     
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(a)  

 

(b)  

 

Figure 8. COMS (a) and VPD (b) for eight XCAT scenarios with CBCT 
estimation from projections acquired in 4 respiratory cycles with frame rate of 5, 7.5, 
10, 12.5 and 15fps. 
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(a) 

 

(b) 

 

Figure 9. COMS (a) and VPD (b) for eight XCAT scenarios with CBCT 
estimation from projections acquired in 5 respiratory cycles with frame rate of 5, 7.5, 
10, 12.5 and 15fps. 
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(a) 

  

(b) 

 

Figure 10. Average COMS (a) and VPD (b) with CBCT estimation from 
projections in 4 and 5 respiratory cycles with frame rate of 5, 7.5, 10, 12.5 and 15fps.  
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3.2 Patient Studies 

Figure 11 shows estimation results of three different patient scenarios (a) target 

in upper lobe of lung, (b) target in mediastinum, and (c) target in lower lobe of lung. 

Figure 12 shows the estimation results of patient scenarios with ground-glass tumors. 

Figure 13 shows the estimation results of patient scenarios with simulated lesions: (a) 

patient images with an isolated tumor and (b) patient images with a tumor surrounded 

by nodules.  

All prior images are at end-of-expiration phase; the estimated images and 

ground-truth images are at end-of-inspiration phase to show the most deformation from 

prior images. Table 4 lists the angle distribution of projections acquired in four, seven 

and eight respiratory cycles with starting angle of 0°, respiratory period of 4s, gantry 

rotation speed of 6°/s and frame rate of 10 fps. 
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(a) 

 
 

(b) 
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(c) 

 
 

Figure 11. Comparison of prior image, estimated image (EI) with projections in 
4, 7 and 8 respiratory cycles and ground truth images for patient cases with different 
tumors locations. 
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Figure 12. Comparison of prior image, estimated image (EI) with projections in 
4, 7 and 8 respiratory cycles and ground truth images for patients (a) and (b) with 
ground-glass tumors.  

  

(a) 

 

(b) 
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(a) 

 
(b) 

 
Figure 13. Comparison of prior image, estimated image (EI) with 32 projections 

in 8 respiratory cycles and ground truth images for patient images with simulated 
lesions. 
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Table 4. Angle distribution of projections at end-of-inspiration phase in 4, 7 
and 8 respiratory cycles. 

Angle	(degree)	

	4	cycles	 	

7	cycles	 	
8	cycles	

	0	 24	 48	 72	 96	 120	 144	 168	

0.6	 24.6	 48.6	 72.6	 96.6	 120.6	 144.6	 168.6	

1.2	 25.2	 49.2	 49.8	 97.2	 121.2	 145.2	 169.2	

1.8	 25.8	 73.2	 73.8	 97.8	 121.8	 145.8	 169.8	
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4. Discussion 

4.1 Estimation Accuracy and Efficiency 

Both phantom and patient results showed estimation accuracy is positively 

correlated to respiratory cycle number. Increased respiratory cycle number leads to 

more projections acquired in a larger angle (Table 4), providing more geometric 

information for on-board image estimation. The same trend applies to orthogonal 

projection acquisition, indicating that the technique is robust against different scanning 

directions (Table 1 and 2). The minimum scanning time for patient 4D-CBCT estimation 

is 32s with frame rate of 10fps.  

Given fixed scanning time/angle, more projections are acquired with higher 

frame rate (Table 3). Therefore, with the minimum scanning angle/time determined, the 

imaging dose can be further reduced by finding the minimum frame rate needed for 

accurate estimation. Or, we can further reduce scanning angle/time by increasing the 

frame rate to compensate the insufficient projections. Frame rate and scanning time are 

complimentary to each other. We shall choose to prioritize one of them based on clinical 

interest.   

Decreased estimation accuracy is noticed in ground glass opacity regions (Figure 

12, 13). We suspect that there are two reasons responsible for it: First, it is difficult for 

intensity-based deformable image registration to achieve high accuracy in uniform low 

contrast regions due to decreased image intensity gradient. [22] The other reason is 
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complex anatomical structure changes cannot be fully represented by deformation. To 

address the first problem, finite element modeling  [23], [24] was developed to calculate 

deformation vectors purely based on elasticity theory without utilizing image intensity 

information. The challenge caused by complex geometries of anatomic structures can be 

potentially solved by using a contact-impact model [25], which simulates the interaction 

between the organ of interest and its surrounding structures to generate displacement 

vectors.  

The phantom study here provided valuable insights about the relationship 

between imaging time, dose and estimation accuracy, and how they can compensate for 

each other in the design of the acquisition scheme. Although the findings from the 

phantom study may not be translated directly to the patient study, it provides a baseline 

for the image acquisition optimization in the patient study. Results of phantom and 

patient studies showed that estimation efficiency depends on the complexity of 

anatomical structures. Compared to the phantom image estimation, patient 4D-CBCT 

estimation requires longer scanning time, larger angle coverage and more projections.  

 

4.2 Limitations and Future Work 

In our study, DRRs generated from the ground truth image were used as on-

board projections. Two limitations of this approach are: 1. DRRs do not contain 

scattering, noise and image artifacts which exist in real projections. 2. The distribution of 
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DRRs (projection angle) for all scenarios were calculated based on an average 

respiratory period—4s. In the future, we would want to use real respiratory-sorted on-

board projections as input for further evaluation.   

In the XCAT study, one limitation is that the XCAT phantom has limited 

capability to simulate complex human respiratory deformations. In simulated patient 

scenarios, tumor respiratory motion was simulated only in superior-inferior direction. 

This is based on the assumption that, for tumors in upper lobes of lungs, tumors’ 

respiratory motion in lateral and anterior-posterior directions is negligible. Future 

studies may include respiratory motions along other directions as well to fully simulate 

real patient breathing.  

In the patient study, results were evaluated visually by comparing the estimated 

image with the ground truth image. To quantitatively evaluate the estimation accuracy, 

manual segmentation is required due to the complex anatomical features in real patient 

images. It is known that there is a large variation in manual segmentation. Therefore, the 

uncertainties from manual segmentation need to be considered when performing 

quantitative evaluation of the patient data. In the study using the inserted tumors, the 

carina was used as the landmark to insert the tumor into different respiratory phases. 

However, this single landmark may not be adequate to represent the tumor motion 

accurately. In the future, multiple landmarks selected around the tumor region would be 

explored to improve the accuracy of tumor insertion into different phases. 
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In the end, seven patient cases used in this study cannot fully represent the 

variety of patient scenarios in lung radiotherapy. A large cohort of patient data is 

needed for comprehensive evaluation of this technique for future clinical 

implementation.  
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5. Conclusion 
This study investigated the accuracy and efficiency of the prior knowledge-based 

image estimation technique in reconstructing 4D-CBCT images for inter/intra-fraction 

target verification in lung radiotherapy. The image acquisition was first optimized in 

terms of scanning time and imaging dose in the phantom study and then further 

evaluated in patient studies. With this technique, the scanning time for 4D-CBCT 

acquisition can be reduced to 32 seconds, in which 320 projections are acquired over 

169.8° gantry rotation. This demonstrated the potential of the technique to become a 

valuable imaging tool to provide fast and low-dose 4D target verification in lung 

radiotherapy treatments.  
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