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Kilovoltage cone-beam computed tomography (kV CBCT) has important applications in image 

guided radiation therapy (IGRT). In its current state, CBCT is suboptimal for these applications 

due to its considerable radiation dose, poor soft-tissue contrast and inaccurate Hounsfield Units 

as a result of in-patient scatter. The specific aims of this dissertation research are to: 1) reduce 

noise associated with the low-dose CBCT scans acquired with low tube current/time (mAs) 

protocols by the application of innovative software; and 2) develop a moving blocker system for 

kV scatter correction in CBCT scans acquired both with and without concurrent megavoltage 



 

radiation therapy. The noise reduction of low-dose CBCT was achieved through statistical image 

reconstruction or image restoration in the CBCT projections. Performance of three statistical 

iterative image reconstruction algorithms was compared through the noise-resolution-tradeoff 

analysis. Results of the comparison study suggested that different algorithms were favored in 

different imaging tasks and conditions. A CBCT projection smoothing algorithm that 

incorporates prior CBCT imaging data was proposed in this dissertation as an alternate way to 

improve image quality of the low-dose CBCT.  For this approach, the Karhunen-Loève (KL) 

transform was used to account for the correlation among consecutively acquired CBCT 

projections. Results from phantom-based studies showed that the KL domain penalized weighted 

least-square (PWLS) restoration were superior to PWLS smoothing in the projection domain in 

overall image quality improvement of low-dose CBCT. A moving blocker system was 

implemented on a LINAC on-board imaging system. Experimental evaluation of the system 

demonstrated that the moving-blocker based scatter correction strategy in kV CBCT is reliable 

and practical. Finally, the moving-blocker scatter correction strategy was extended for 

simultaneous MV-kV scatter correction of kV CBCT acquired during rotational radiation 

therapy. In both kV-only scatter correction and MV-kV scatter correction, high quality CBCT 

images were reconstructed following the moving-blocker scatter correction. CBCT image sets 

acquired with these methods were found to contain accurate CT numbers and minimal shading 

artifacts and could therefore be used for dose calculation purposes in adaptive radiation therapy.  
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1 CHAPTER ONE 

Introduction 

 

1. 1 IMAGE GUIDED RADATION THERAPY 

 
1.1.1 A Brief History of Radiation Therapy 

 

          In 1895, Wilhelm Rontgen discovered X-rays, with which the internal structures of the 

body could be seen [1, 2]. This groundbreaking discovery opened the doors to the medicinal use 

of ionizing radiation. In 1898, Mrs. Curie discovered the radioactive elements polonium and 

radium and observed that radiation from radium killed diseased cells. This was the first event in 

history where radiation played a role in treatment of cancer. 

          During World Wars I and II, tremendous effort was invested in the development of higher 

energy X-ray machines capable of producing more penetrating beams to treat deep-seated 

tumors. A revolutionary development was the invention of a megavoltage (MV) treatment 

machine called a linear accelerator (LINAC) in the 1960s [3, 4]. Using photons produced by an 

MV LINAC, deep-seated tumors were able to be treated with less damage to the overlying skin 

and tissue of the patient. This breakthrough in technology was a major advance in the field of 

radiation therapy. Over time, more sophisticated radiation therapy techniques were developed 

and introduced into clinical practice. Advanced treatment techniques, such as three-dimensional 

conformal radiation therapy (3DCRT) [5-7] and intensity modulated radiation therapy (IMRT) 

[8, 9] allowed more conformal treatment target and normal tissue sparing. Their success 

depended heavily on the application of all kinds of imaging techniques in radiation therapy, from 

image-based simulation and treatment planning to in-room image guidance for patient 
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positioning. Radiation therapy with image guidance in various stages of its process is referred to 

as image guided radiation therapy (IGRT). More recently, development in radiation therapy has 

focused on modifying beam delivery parameters, either off-line, on-line or in real time, to 

account for changes in the patient during the course of treatment, i.e., adaptive radiation therapy 

(ART). Since the implementation of ART relies on the ongoing use of imaging to monitor, 

update and adjust the treatment process, it also called image guided adaptive radiation therapy 

(IGART).   

 

1.1.2 Image Guided Radiation Therapy 

 

 

Figure 1-1 Flowchart of image guidance procedure for radiation therapy 
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          Generally speaking, IGRT may be defined as the use of imaging techniques to guide a 

course of radiation therapy through its various stages. There are three major stages of the 

treatment process during which imaging is used to improve the treatment outcome: (a) treatment 

planning, including anatomic motion assessment; (b) treatment simulation and patient 

positioning; and (c) adaption to inter-fraction anatomic changes and intrafraction movement. 

Different combinations of imaging modalities are employed in each stage.  

          Figure 1-1 illustrates the flowchart of a common procedure of image guidance in radiation 

therapy. Currently, computed tomography (CT) [10], magnetic resonance imaging (MRI) [11] 

and positron emission tomography (PET) [12] are the main imaging modalities used in treatment 

planning. Individual or combined use of these imaging techniques provides clear visualization of 

the patient anatomical/functional information for the target delineation. Quantitative data, such 

as CT number, provided by CT is also used for dose calculation in the planning stage. Presently, 

CT-based simulation [13] is widely used. It provides 3-D anatomy information for both virtual 

simulation and planning, and also provides reference images for comparison during patient 

setup., Image guidance is also used for patient setup and target localization. The image based 

target localization performed either before or during treatment is used to identify and correct 

problems arising from inter- and intra-fractional variations in patient setup and anatomy. A 

variety of imaging techniques are employed for this purpose, including non-ionizing modalities, 

e.g. ultrasound, and ionizing modalities, such as portal imaging, in-room CT and cone-beam 

computed tomography (CBCT), which will be described in detail in Sec. 1.1.3 and Sec. 1.1.4. In-

room volumetric CT, e.g. CBCT, that makes the on-line ART more practical, will be discussed in 

Sec. 1.2.2.      
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1.1.3 Imaging Techniques Used in IGRT  

 

1.1.3.1 Ultrasound 

          Ultrasonic imaging uses the refection of sound waves from interfaces between different 

tissues to capture the patient’s anatomy in vivo. Currently, 3-D ultrasound, which uses 

tomographic views to provide cross-sectional patient information, is available for target 

localization of prostate cancer patients [14]. A major advantage of ultrasound is that no ionizing 

radiation is involved. However, ultrasound has low image quality (low spatial resolution and 

high noise to contrast ratio), that  limit its clinical use compared to ionizing image techniques, 

e.g. fiducial marker based target localization with portal imaging. Discrepancies larger than 5mm 

have been reported between localization with ultrasound and ionizing imaging techniques for 

prostate radiation therapy and a larger planning target volume (PTV) margin (~9mm) of 

ultrasound based IMRT was suggested, vs. a 3mm PTV for the marker based target localization 

[15]. 

  

1.1.3.2 Portal and radiographic imaging  

          Portal images are projection images acquired using an MV treatment beam. By comparing 

portal images to digitally reconstructed radiographs (DRRs) calculated from the planning CT 

(pCT), setup errors can be corrected. Bony structures or implanted fiducial markers in or near the 

tumor are commonly used for localization. Portal imaging media has evolved from radiographic 

film to digital imaging with solid state detectors.  
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          Radiographic images acquired with kilovoltage (kV) X-rays usually have better resolution 

and contrast than MV portal images. Therefore, in-room kV imaging systems, composed of 

either on-board or fixed pairs of X-ray tubes and flat panel imagers, are often employed for 

patient setup and motion tracking (using fluoroscopy mode)  Planar kV radiography and MV 

portal imaging are limited since both reduce 3-D anatomical information to a 2-D format. 

 

Figure 1-2 Varian Truebeam LINAC system integrated with both kV and MV onboard 

imagers.  

          One example of integrating portal and radiographic imaging in treatment machines for 

external beam radiation therapy is the on-board imagers (OBIs) of LINACs. Modern LINACs, 

e.g., Varian’s Truebeam and Elekta’s Synergy, integrate two kinds of OBIs: a kV x-ray imager 

and an MV electronic portal imaging device (EPID). Figure 1-2 shows a Varian Truebeam 
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LINAC system with both kV and MV OBIs. The kV imager is comprised of a conventional x-ray 

tube which is mounted on a retractable arm of the gantry at 90 degrees to the therapy beam and 

an opposing flat panel x-ray detector, as labeled in Figure 1-2. The MV EPID imager is mounted 

on a retractable arm opposite the treatment head. Both imaging systems are centered on the 

LINAC isocenter and are calibrated to display patient anatomy in the coordinate system of the 

LINAC.  

 

1.1.3.3 In-room CT 

          An in-room CT scanner makes it possible to obtain CT images before each treatment. 

Siemens CTVision system provides an example of this kind of imaging solution for radiation 

therapy, as shown in Figure 1-3. The system is comprised of a CT on rails, a linear accelerator 

and a shared treatment table. Before treatment, a patient is positioned on a table that is aligned 

with the CT scanner, and then the CT scanner is positioned to acquire images. After image 

acquisition, the CT scanner is translated away from the table and the table is rotated into 

alignment with the LINAC for treatment. Since a conventional CT scanner is used in this 

solution, high-quality 3-D CT images with diagnostic quality are available for patient setup and 

adaptive replanning. The in-room CT cannot provide real-time organ information and its 

accuracy relies on a fixed relationship between two otherwise independent systems.  In-room CT 

requires a large treatment room. 
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Figure 1-3 Siemens CTVision
™

 system.  

A CT on rails, a Siemens linear accelerator, and a highly precise treatment table. (Image from 

Siemens’s website: http://www.healthcare.siemens.com/radiation-oncology/imaging)  

 

1.1.3.4 Cone-beam CT  

          A CBCT imaging system is comprised of a divergent cone-shaped X-ray source and an 

opposed flat detector panel. CBCT reconstructs volumetric information from a series of planar 

images acquired through 200 degrees of source rotation or more. Depending on the X-ray source 

used in acquisition, CBCT can be derived from either kV or MV energies. Both CBCTs are 

realized by the OBIs of the LINAC, as described in Sec. 1.1.2.1 and figure 1-2. Details of kV 

CBCT geometry and its flat panel detector are described in the following section.  

          The MV CBCT system provides 3-D volumetric patient anatomy with reasonably good 

quality, which makes it a great tool for patient setup and provides opportunity for online 

replanning and adaptive radiation therapy. MV CBCT is less susceptible to high-Z artifacts and 
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does not require attenuation coefficient extrapolation for dose calculation but kV CBCT images 

have better soft tissue contrast and less noise with a lower imaging dose. 

          In summary, a variety of imaging techniques are available for patient setup and target 

localization before or during the treatment. Additional techniques are available, such as MV 

helical CT, as implemented with Tomotherapy, electromagnetic transponders and optical surface 

imaging. Each technique has its pros and cons in improving radiation therapy outcomes.                                                                                                                              

 

1.1.4 CBCT  

 

1.1.4.1 CBCT geometry 

          CBCT has unique properties compared to conventional fan-beam CT. A collimated cone 

shaped beam and a planar flat panel detector,  Figure 1-5(a), are utilized instead of a fan beam 

and linear series of detectors as are used in conventional fan-beam multi-detector CT (MDCT), 

Figure 1-5(b). The geometry of the CBCT imager allows the capture of multiple 2-D projection 

images with gantry rotation up to 360 degrees. The group of projection images is then used to 

reconstruct a 3-D volumetric image mathematically. CBCT image acquisition differs from 

conventional MDCT, where each axial slice of the CT image is acquired in a separate scan and 

reconstructed separately through a 2-D sinogram reconstruction. CBCT is characterized by a 

cylindrical field of view (FOV).The length and cross-sectional size of the FOV are limited by the 

size of the detector panel, but an extended FOV can be achieved by an offset of the flat-panel 

detector, as shown in figure 1-6 and described in Sec 1.1.4.3.  
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Figure 1-4 CBCT geometry (a) v.s fan-beam CT geometry (b). 

 

1.1.4.2 Flat-panel detector 

          High-resolution flat panel detectors are now widely used in CBCT to capture the diverging 

cone shaped x-rays. An amorphous Silicon (aSi) detector panel, for example, is comprised of a 

large array of detector elements. Each element consists of a thin film transistor (TFT) made of 

aSi photodiodes and a cesium iodide (CsI) scintillator and a TFT switch. The CsI scintillation 

Fan-beam detector 

Object 

X-ray tube 

(b) 

X-ray tube 

Object 
Flat-panel imager 

(a) 
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layer is used to convert the incident X-ray photons to light, which is then transformed into 

electric charge and recorded by the photodiodes. By activating the TFT switch, electric charge 

stored in the photodiodes is read out to form the 2-D projection image [16]. Flat panel detectors 

have proven to be suitable for CBCT applications [17],  but they are still subject to geometric 

distortions, low detective quantum efficiency, image lag and suboptimal linearity, as compared 

to detectors used in fan-beam CT. 

 

1.1.4.3 Parameters of an on-board kV CBCT 

          LINAC onboard kV CBCT imaging systems from different vendors are of similar designs 

and configurations. General parameters of the X-ray volume imaging (XVI) system of Elekta 

Synergy, which are directly related to image reconstruction and image quality, are listed below to 

build a rough concept.    

          As shown in Figure 1-6, the source to axis distance of XVI is 1000 mm, while the axis to 

detector distance is 536 mm. The detector panel has a 41×41 cm
2
 detecting area, consisting of 

a1024×1024 pixel array with 0.4×0.4 mm
2
 pitch. When the center of the detector panel is aligned 

with the isocenter and X-ray source, it has a small FOV: a 26 cm diameter cylinder. It also has 

two offset modes with extended FOV of 41 cm diameter and 50.8 cm diameter, when shifting the 

panel off the isocenter by 11.5 cm and 19 cm, respectively. Data acquisition of XVI is at the 

speed of 5.5 frame-per-second, which allows acquisition of about 660 projection views of a 360 

degree gantry rotation in 2 min. Typically in clinic, the X-ray tube works at 100-120 kVp with a 

tube current/time in the range of 25-100 mA/10-40 ms. A collimator is usually used to confine 
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the FOV in the longitudinal direction, and a bow-tie filter is used to modulated the beam 

transversely, in order to lower the dose and improve the image quality.  

 
 

Figure 1-5 Dimensions of the X-ray volume imaging system on Elekta Synergy.  
Flat-panel imager depicted in black is showing its center position for a small FOV. And a 

detector panel shift of 190 mm corresponding to the large FOV is drawing in red as well. All 

dimensions in mm.      

 

1.2 APPLICATION OF KV CBCT IN IGRT 

 

          Gantry-mounted CBCT has been well integrated into the treatment process in image 

guided radiation therapy [18, 19]. In the integrated system, imaging is performed with the patient 
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in the actual treatment position, allowing direct visualization of the target and relevant anatomy 

in the treatment position [20]. Nowadays, CBCT has been widely used for patient positioning 

and treatment verification for daily treatment. In addition, the on-treatment CBCTs provide 

updated volumetric information of the patient throughout the treatment course, which can be 

used in multiple steps of ART [21, 22], e.g. re-planning of the treatment plan with CBCT and 

CBCT based plan verification. However, direct use of CBCT for dose calculation in IGART is 

far from fully realized in clinic, due to various artifacts of CBCT that are described in Sec. 1.3. 

 

1.2.1 Current Applications of CBCT in Radiation Therapy 

 

          At present, the primary use of on-board kV CBCT is for in-room patient setup. During the  

setup, the patient was scanned with a gantry mounted kV CBCT after a preliminary laser-based 

setup. Automatic 3-D to 3-D matching was then used to register CBCT to the pCT, in order to 

correct any residual setup errors. Patient setup with 3-D CBCT/pCT matching has been proved to 

be more accurate than the setup using 2-D EPID/DRRs matching [23, 24]. Currently, CBCT has 

been successfully implemented in various treatment procedures for patient setup, such as 

stereotactic radiosurgery (SRS) and stereotactic body radiation therapy (SBRT), for its accuracy 

and efficiency [25-28]. CBCT images acquired during the patient setup can also be used to 

evaluate intrafraction motion of tumor for lung SBRT treatment [29]. For example, 

Guckenberger et al. [29] suggested a 5-mm isotropic expansion to internal target volume (ITV) 

to account for intrafraction effects of motion, based on their analysis of daily CBCT scans of the 

lung cancer patients. 
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1.2.2 Application of CBCT in IGART 

 

 

Figure 1-6 Flowchart of volumetric image-guided adaptive radiation therapy (IGART).  

(a) An off-line IGART scheme; (b) an on-line IGART scheme. The dashed line in (b) indicates 

an optional step. 
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           Adaptive radiation therapy (ART) refers to a radiation treatment process where 

modifications/re-optimization of the treatment plan is performed to incorporate a systematic 

feedback of measurements of patients, such as updated anatomical structures. Imaging is 

engaged to systematically monitor the treatment variations. Especially, in room volumetric 

imaging, such as on-board kV CBCT, provides the patient’s on-treatment anatomical information 

and makes it possible to implement the ART in clinics. ART allows inter-fractional adaptation 

and can be pursed either off-line or on-line. Figure 1-6 shows the flowchart of volumetric image 

guidance of ART in both situations. Although these two ART strategies are different in 

timescales and implementation efforts, the role of CBCT in both situations are similar, including 

pretreatment assessment, replanning or plan re-optimization, and post-treatment evaluation.  

 

1.2.2.1 Pretreatment assessment  

          Since CBCT provides an on-treatment patient model, dose calculated on the updated 

CBCT presents the to-be-delivered dose distribution on the patient [30]. The predicted dose 

distribution provides opportunities to assess the dosimetric impact of the patient anatomy 

variation, i.e., evaluation of the plan quality on the current patient anatomy and setup. A clinical 

decision on whether a replanning or re-optimization is needed could be made accordingly.  

 

1.2.2.2 Post-treatment evaluation 

          The actual delivered dose can be calculated from the updated CBCT and used as a 

feedback to guide the preceding treatment fractions in IGART. Retrospective dose reconstruction 

can be done with the on-board CBCT and the fluence maps obtained from the delivered IMRT 

treatment. The fluence maps for accurate dose reconstruction can be obtained from the multi-leaf 
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collimator (MLC) log-files [31] as well as measured leaf sequences using EPID [32]. 

Accumulated dose delivered to the patient can be calculated thereafter for further treatment 

evaluation.     

 

1.2.2.3 Replanning 

          As mention above, the essential role of ART is to re-plan or re-optimize the treatment 

under the guidance of updated volumetric images. For ART, volumetric image need to provide 

the following information: 1) patient on-treatment geometry for target delineation and contouring 

the organs at risk (OARs); and 2) electron density information for dose calculation. CBCT has 

potential to provide the information that is essential for ART. Various strategies have been 

proposed to explore the potential of CBCT for ART. For example, Nijkamp et al [33] used kV 

CBCT acquired in the first six fractions to generate averaged clinic target volumes (CTV) and 

PTVs for a one-time replanning for the prostate cancer treatment. An average PTV reduction of 

29% compared to the original plan was reported, which helped to improve the dose delivery 

accuracy to the target greatly. The updated patient geometry information of CBCT can also be 

incorporated in treatment re-planning through a deformation based strategy [30]. In this strategy, 

the electron density of the pCT was mapped to CBCT after a deformable registration of the two 

sets of images. The newly mapped image contains correct electron density information for dose 

calculation and also preserves the patient on-treatment geometric information [30]. Reliability of 

this strategy depends on the deformable registration accuracy. The accuracy of deformable image 

registration on CBCT is often limited due to poor image quality of CBCT, which makes such a 

strategy less attractive than using the electron density information provided by CBCT directly. 
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However, due to sever cupping/shading artifacts and inaccurate Hounsfield unit (HU) of CBCT 

[34], current CBCT image quality has been reported not sufficient for direct use in dose 

calculation [30].  

 

1.3 ARTIFACTS IN KV CBCT 

 

          On-board kV CBCT has gained great success in patient setup and shown huge potentials in 

image guidance of ART. However, there are various practical issues on the current CBCT for its 

applications in IGRT, such as the concern of high extra imaging dose and suboptimal image 

quality for quantitative tasks. Specifically, CT number inaccuracy caused by different sorts of 

artifacts prevents the direct use of CBCT for dose calculations in multiple steps of ART. In this 

section, I will briefly discuss the CBCT artifacts as well as existing methods for suppressing 

these artifacts.                 

  

1.3.1 CBCT Artifacts 

 

          Artifacts in CBCT show disagreement of the image value from the real physical property 

of the imaging objects. Some of artifacts are closely related to its unique geometry, the flat panel 

detector and image acquisition procedure. Figure 1-7 lists common artifacts in CBCT, including 

scatter induced shading artifacts, truncation artifacts, comet and radar artifacts, ring artifacts and 

motion artifacts.    
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Figure 1-7 Common artifacts of kV CBCT.  

 

1.3.1.1 CBCT artifacts related to its cone-beam geometry 

          Scatter introduced shading artifacts, as shown in figure 1-7, are more obvious in CBCT 

as compared to the fan-beam CT. It is related to its large cone angle. HU error caused by the 

sever scatter in CBCT can be as high as several hundred, which in turn will cause inaccurate 

dose calculation. Detailed scatter signal properties and scatter suppression methods will be 

described in the following section.  

          Another artifact in CBCT associated with its geometry is the truncation artifact. In some 

clinical applications, the detector panel are not large enough to cover the lateral extend of patient 

completely.. The missing projection data, therefore, introduces the truncation artifact. As seen 

from figure 1-7, the truncation artifact brings in huge HU inaccuracy in the periphery region as a 

bright ring. With the panel offset, larger FOV as much as 50 cm diameter, can be achieved with 

current on-board CBCT. In addition, a variety of post-processing correction methods have been 
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proposed, such as padding the missing data by adaptive mathematical extrapolation [35] and to 

reconstruct the interior tomography exactly through iterative reconstruction algorithms [36]. In 

addition, there is always a limitation of CBCT FOV in the longitudinal direction. The cone-

shaped beams of CBCT X-rays also cause the partial volume effects at each end of the FOV in 

the longitudinal direction.  

 

1.3.1.2 CBCT artifacts associated with the flat-panel detector   

          Image lag is one of the physical phenomena of the solid state detectors. The lag signal is 

signal generated within a previous projection, trapped in the long lifetime meta-stable status of 

the amorphous semiconductor in the flat panel detector, and subsequently released during the 

readout of the following projections. It has been reported that the magnitude of the first-lag (lag 

generated from the previous projection) is on the order of 1% to 5%, while the tenth-lag (the lag 

from the tenth previous projection) is about 0.1% [37]. Image lag introduces the comet artifacts 

in the reconstructed CBCT, which is showing as a tail in the orbit trajectory of a high-contrast 

object, see Figure 1-7. Another artifact related to image lag is the radar artifacts, which is the 

high contrast skin-line showing as an arc in the following angles in the reconstructed CBCT 

image as shown in Figure 1-7. Empirical lag correction methods have show the ability to 

improve the skin-line reconstruction, CT number accuracy and contrast-to-noise ratio in the 

reconstructed CBCT images based on accurate modeling of the detector lag [38]. 

 

1.3.1.3 CBCT artifacts caused by its image acquisition procedure  



19 

 

          CBCT images are more likely to have motion artifacts, because of its slow gantry 

rotation, which is usually 1 to 2 min for 360
o
 gantry rotation. In contrast, gantry rotation speed of 

fan beam CT can be as high as 0.3s per rotation, which makes motion artifacts less severe. 

Moreover, prompt motion of patient, such as motion caused by cough or hiccup, will affect the 

whole 3-D image reconstruction in CBCT. This kind of motion may only distort a couple of 

slices of the reconstructed image in fan-beam CT.  

 

1.3.1.4 Summary 

         There are also artifacts in CBCT similar to their counterparts in fan beam CT, such as beam 

hardening and metal artifact etc. In addition, non-optimized calibration of the CBCT system, 

such as sagging of the flat panel detector and miss alignment of the X-ray source, introduces 

artifacts as well. Among all these artifacts mentioned above, the scatter introduced shading 

artifacts has the most impact on the HU accuracy of CBCT that is directly related to the dose 

calculation accuracy of using CBCT. Therefore, scatter-related artifacts will be further discussed 

in the following sections of this dissertation.  

 

1.3.2 Scatter in CBCT 

 

          One major hurdle of application of CBCT for ART is the scatter pollution within its 

projection images. Due to the large cone angle employed and the low energy of kV beam, large 

amount of scatter signal can reach the flat detector panel during CBCT data acquisition, which 

degrades the image quality by introducing shading artifacts that lead to decreased image contrast 
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and inaccurate CT number. First of all, the decreased image contrast and shading/cupping 

artifacts make it difficult to contour the treatment target and OARs on CBCT for adaptive re-

planning. In addition, the inaccurate CT number will lead to inaccuracies in quantitative tasks for 

ART, such as CBCT-based dose calculation [30], especially for sites requiring large FOV. Yang 

et al [30] and Yoo and Yin [39] evaluated the accuracy of CBCT based dose calculation and 

reported that the dose calculation errors can be as large as 5% to 8% in the CBCT-based 

calculation. Guan et al also reported that errors in dose calculation can exceed 5% for 6 MV 

beam using a currently available commercial CBCT scanner [40]. These studies suggested that 

the accuracy of CBCT-based dose calculation is not acceptable for treatment planning. 

Therefore, it is important to correct scatter contamination in CBCT images to realize the 

potential of using kV CBCT directly in adaptive treatment re-planning. 

          In addition, scatter induced by other radiation sources may also contaminate the CBCT 

projection during its acquisition. For example, in the concurrent kV CBCT and volumetric 

modulated arc therapy (VMAT), scatter signal of the MV treatment beam may also reach the kV 

flat panel detector, which degrades the CBCT image quality in the similar way to the kV scatter. 

Therefore, it is also important to correct the MV scatter as well as kV scatter in this scenario.  

 

1.3.2.1 Scatter properties of kV CBCT 

          Previous studies [34, 42] have shown that the combination of large cone-beam field size 

and large imaging target increases the scatter-to-primary ratios (SPR) of photons in CBCT 

dramatically [42]. For a large object and cone angle, the SPR may exceed 100% [34]. On the 

other hand, scatter signal in CBCT projection is low-frequency smooth signal, although the 
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frequency content of CBCT scatter depends on both the image configuration and the object of 

interest. A maximum spatial frequency of 0.1 cm
-1

 and an angular frequency of 7/2� rad
-1

 were 

reported by Bootsma et al [43] in a Monte Carlo simulation study. Similar results were reported 

by Zhu et al by simulation [44]. These analyses provide theoretical basis for the design of a 

stationary beam blocker for scatter estimation and correction in the experiment study [45].  

 

Figure 1-8 Diagram of scatter suppression methods for kV CBCT.  

A redraw of Fig. 1 of “A general framework and review of scatter correction methods in x-ray 

cone-beam computerized tomography. Part 1: Scatter compensation approaches” by Rührnschopf 

and Klingenbeck [41]. 

 

1.3.2.2 Scatter suppression: measurement based scatter correction 
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          Scatter suppression in CBCT can be achieved either by scatter rejection during the 

imaging acquisition, or by post-acquisition correction through accurate scatter estimation. A 

comprehensive literature review was done by Rührnschopf and Klingenbeck [41, 46], in which 

the scatter suppression strategies were summarized, as shown in figure 1-8. 

          Recently, there are growing interests in developing measurement based scatter correction 

strategies [46]. The principle of the measurement based scatter correction is to block part of the 

x-ray beams between the source and the object; then the signal measured in the blocker shadow 

part of detector is assumed to be contributed by the scatter from the imaging object. Because the 

scatter signal is a low-frequency smooth signal, the scatter signal in the un-blocked region can 

then be estimated through interpolation from the scatter signal measured in the blocker shadow. 

For example, Siewerdsen et al [47] proposed a collimator-shadow continuation method, where  

the scatter signal was measured in the blocked edge of detector panel. This method has limited 

accuracy in estimating the scatter signal far away from the detector boundary and reduces the 

imaging volume corresponding to the blocked edge. Several studies [44, 48-50] also investigated 

strategies using stationary blockers, where dual-rotation acquisition of CBCT or a small imaging 

FOV is needed. There are also several studies [51-53] using moving-blocker techniques to avoid 

dual-rotation acquisition. In these strategies [51-53], missing primary signal in the blocked 

regions of the projection images was estimated through interpolations to reconstruct the full 

volumetric images of the object within FOV. However, interpolating primary signal may 

introduce significant errors into reconstruction due to the high-frequency nature of the primary 

signal.         
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          A moving-blocker based approach has been proposed by our group, which simultaneously 

estimates scatter signal and reconstructs the complete volume within the FOV exactly from a 

single CBCT scan. Instead of estimating the missing primary signal of the blocked region, only 

the detected primary signal of the un-blocked regions was used to reconstruct the CBCT image. 

Promising results were obtained in the simulation studies using simplistic phantoms. It is also 

important to experimentally demonstrate the effectiveness of the moving blocker strategy on 

scatter correction in the clinic setting, by constructing a moving blocker system and integrating it 

into a LINAC on-board kV CBCT imaging system, and evaluating with realistic 

anthropomorphic phantoms. 

  

1.3.2.3 Correction of MV scatter in kV CBCT during concurrent kV-MV acquisition 

          At present, CBCT images are acquired either before or after the radiation delivery. 

However, intra-fraction changes of the target position during treatment have been reported, 

which may introduce ‘residual’ uncertainties on dose calculation based on CBCT images. Thus, 

CBCT acquired concurrently with radiation delivery can reveal the actual patient anatomical 

information during the treatment. Rotational radiation, such as VMAT, which may use a 360° 

gantry rotation, makes it possible to perform CBCT image acquisition during actual radiation 

delivery. However, during kV CBCT projection acquisition, substantial amount of lateral scatter 

of the MV beam can reach the kV detectors, depending on the patient geometry, dose rate and 

field shape. The MV scatter will degrade the CBCT image quality by introducing shading 

artifacts and make it challenging to use the MV contaminated kV CBCT for accurate target 

delineation and dose calculation. 
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          Recently, several novel methods [54-56] have been proposed to correct MV scatters from 

the concurrent acquired kV CBCT projections during rotational radiation therapy. One method 

proposed to acquire MV-scatter-free kV CBCT images by alternating the MV and kV acquisition 

[54]. However, interruption of the MV irradiation increases delivery time and complicates the 

LINAC control system, which is not preferred. Another two studies [55, 56] proposed MV 

scatter estimation methods based on MV scatter measured during kV-unexposed frames. One 

suggested alternating the kV pulse sequence to enable the kV source in every other frame [55]. 

During the KV-unexposed frames, only MV scatters, noise and artifacts will be measured and 

subsequently subtracted from the neighboring kV-exposed frames. The other method measures 

the MV scatter by acquiring a set of projection images taken during one VMAT treatment 

fraction, while the kV beam is off. Then the MV-scatter-only images are used to correct the 

corresponding kV-MV projections acquired in the following VMAT fractions [56]. Drawback of 

the former method is that it limited the useful projection by a factor of two. The main 

shortcoming of the later one is that the MV scatter measured from one scan may no longer be 

accurate for MV scatter estimation of the on-treatment scan, due to patient geometry changes. 

The moving blocker system that has been proposed for kV CBCT scatter correction [57] 

provides a practical solution to this MV-kV scatter correction. In the moving blocker scatter 

correction strategy, signal detected in the blocker shadow region contributed by both MV and kV 

scatters can be used for precise estimation of both scatters in the unblocked region.  

 

1.4 IMAGING DOSE OF CBCT 
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          Another shortcoming of CBCT is the imaging dose. During a typical IGRT treatment 

course, CBCT may be performed on the same patient multiple times. Repeated use of CBCT has 

caused concerns of extra radiation dose delivered to the patient [6, 7]. With the rapid 

development of high quality CBCT techniques, its application in IGART is promising, which 

may lead to more frequent use of CBCT than ever before.   

 

1.4.1 Specification of CBCT Imaging Dose 

 

          Absorbed dose of CBCT can be measured by small ion chambers, such as a 0.6cc farmer 

type chamber [58], as recommended by AAPM TG61 [59]. There are other dosimeters such as 

thermoluminescent dosimeters (TLD) [60, 61] and metal–oxide–semiconductor-field-effect 

transistors (MOSFET) [61] that can be used to measure point dose within phantoms as well. 

Imaging dose of CBCT can also be estimated by Monte Carlo simulations [62].   

          Effective dose, which takes different organs’ radiosensitivity into consideration, is often of 

great interest for evaluating the biological effects of imaging dose on the patients. A tissue 

weighting factor �� is introduced to define the effective dose: 

� = ∑ �� ∙ ��� = ∑ ��� ∙ ∑ ��� ∙ ��,�                                  (1-2) 

where � denotes the effective dose that sums up the weighted equivalent doses over all the 

tissues and organs. The equivalent dose �� takes count the biological effect of different types of 

radiation by incorporating a radiation weighting factor ��. The radiation weighting factor of X-

ray is 1. ��,� is the absorbed dose to organ T with respect to radiation type R. The effective dose 

E is measured in units of Sievert (1 Sv= 1 J/kg).            
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1.4.2 CBCT Imaging Dose in Radiation Therapy 

 

          It has been reported [63] that the dose delivered from Varian’s kV-CBCT system with 

current clinical protocols is more than 3 cGy for central tissue and about 5 cGy for most of the 

peripheral tissues for prostate cancer patients. A comprehensive study on organ absorbed dose 

and effective dose from kV CBCT, suggested that daily use of CBCT in patient position 

verification would increase the secondary cancer risk by 2% to 4% [60]. Key results of that study 

are re-summarized in table 1-1 to illustrate the CBCT imaging dose level to organs. The extra 

radiation exposure to normal tissue by kV CBCT will significantly increase the probability of 

stochastic risk of inducing cancer and genetic defects [64, 65]. Therefore, low-dose CBCT is 

highly desired.  

 Mean absorbed dose per scan (cGy) 

Tissue/organ Head scan Chest scan Pelvis scan 

Bone marrow (irradiated site) 5.89 ± 0.78 6.89 ± 0.46 4.22 ± 0.33 

Bladder 0.02 ± 0.01 0.07 ± 0.01 5.29 ± 0.82 

Breast 0.21 ± 0.05 4.69 ± 0.17 0.12 ± 0.04 

Esophagus 3.81 ± 4.43 3.59 ± 2.57 0.08 ± 0.04 

Thyroid 11.08 ± 1.19 0.79 ± 0.07 0.04 ± 0.01 

Skin (irradiated site) 6.66 ± 1.19 6.44 ± 0.95 5.43 ± 1.37 

 Small intestine 0.04 ± 0.01 0.31 ± 0.02 6.23 ± 0.29 

 Thymus 11.05 ± 1.19 0.79 ± 0.07 0.04 ± 0.01 

 Rectum 0.02 ± 0.01 0.05 ± 0.01 3.99 ± 0.27 

 Lens 6.22 ± 0.49 0.13 ± 0.01 0.04 ± 0.02 

 Heart 0.20 ± 0.04 6.72 ± 0.55 0.17 ± 0.03 

 Spinal cord 4.08 ± 3.62 3.58 ± 3.23 0.11 ± 0.06 

Effective dose (mSv) 10.26 ± 0.46 23.56 ± 0.35 22.72 ± 0.29 

Table 1-1 Absorbed and effective dose to organs using standard protocols of kV CBCT 

scans.  

Data are re-summarized from the study of Kan. et al on CBCT imaging dose [60].  
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1.4.3 Low-dose CBCT Techniques 

 

          Low-dose CBCT can be achieved either by reducing the number of projection views or 

decreasing the X-ray tube current and/or exposure time, i.e., choosing a lower mAs protocol for 

data acquisition [66]. However, reduced projections will cause view-aliasing artifacts, and a 

lower mAs protocol will introduce extensive noise in the low-dose image, when reconstruction is 

performed using the conventional Feldkamp-Davis-Kress (FDK) algorithm [67]. Both the 

artifacts and noise will dramatically decrease the visibility and localization accuracy of tumors 

and OARs in CBCT. This will decrease accuracy of image registration during patient setup and 

hinder the application of CBCT for dose verification and adaptive re-planning.  

          Various methods [66, 68-76] have been proposed to improve the image quality of the low-

dose CBCT images. Among these strategies, compressed sensing (CS) theory [77, 78] has been 

proved to be good at dealing with noisy and sparsely sampled data [72, 79]. In iterative CBCT 

reconstruction, the CS theory is implemented as total variation (TV) minimization of X-ray 

attenuation coefficient across the imaging object, and it showed great success in reconstructing 

CBCT from under-sampled projection view angles [72]. In addition, statistical based algorithms 

have been proved to be effective in suppressing noise in both the projection and the image 

domain [66, 68-72, 75]. Different from filter based analytical image reconstruction algorithms 

[73, 74, 76], these algorithms model the statistical properties of the noise using a cost function; 

minimization of the cost function yields an optimal solution in a statistical sense. Currently, 

statistics-based algorithms yield excellent results for noise suppression in low-dose CBCT.  
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          Low-dose CBCT can also be achieved by confining the imaging FOV to a region of 

interest (ROI) using collimators [80], instead of irradiating the whole FOV. The ROI-based 

CBCT reduces patient dose and scatter simultaneously. Success of this type of strategy depends 

on accurate reconstruction algorithm that can eliminate truncation artifacts [36]. This strategy 

reduces the FOV and it does not provide sufficient information when the whole FOV is desired, 

such as for treatment evaluation and dose calculation in IGART.  

 

1.5 SUMMARY 

 

          In summary, on-board CBCT has gained great popularity in IGRT, especially in patient 

setup and target localization. In addition, CBCT provides updated 3-D volumetric information of 

patient anatomy along the treatment course, which can also be used in the treatment adaptation to 

improve the treatment outcome. Although other in-room 3-D imaging techniques, such as CT on 

rail and MV CBCT, are available for this purpose, practical issues, such as complex imaging-

treatment procedure of CT on rail and high imaging dose and low soft tissue contrast of MV 

CBCT, make them less attractive as compared to kV on-board CBCT. 

          On the other hand, various imaging artifacts exist in current on-board CBCT. These 

artifacts lead to inaccuracy of HU number and degraded image quality, which hinder its direct 

use in dose calculation and other quantitative applications such as auto-contour propagation and 

accurate deformable registration and image fusion. Among these artifacts, scatter pollution 

within projection image, are the main cause of the image quality degradation and CT number 

inaccuracy. Furthermore, imaging dose of kV CBCT is high in IGRT, which causes concerns of 
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the frequent use of CBCT in IGRT. Successful implementation of CBCT guided IGART will 

only demand more frequent use of CBCT in the foreseeable future. Therefore, scatter artifacts 

and imaging dose are two major issues of current CBCT system. 

          In my dissertation research, I have focused on optimizing CBCT on imaging dose 

reduction and scatter correction. The first part of the dissertation focused on development and 

evaluation of different noise reduction techniques for low-dose CBCT. To reduce noise in image 

domain of low-dose CBCT, the effects of penalty to penalized weighted least-square (PWLS) 

iterative image reconstruction was evaluated in low-dose CBCT reconstruction (CHAPTER 

TWO). To reduce noise in the projection domain, a Karhunen-Loève (KL) transform based 

method was proposed to incorporate the prior information in previously acquired CBCT 

(CHAPTER THREE). The second part of the dissertation focused on the development and 

evaluation of a measurement-based scatter correction strategy for CBCT, where a moving 

blocker based scatter correction strategy was implemented and evaluated in realistic imaging 

situations (CHAPTER FOUR). In addition, the moving blocker based scatter correction strategy 

was also adopted to correct MV scatter contamination in kV CBCT acquired concurrently during 

rotational radiation therapy (CHAPTER FIVE).   
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2 CHAPTER TWO 

Effects of the Penalty to Penalized Weighted Least-squares Image 

Reconstruction for Low-dose CBCT 

 
2.1 INTRODUCTION 

 

          Low-dose CBCT is desirable for various clinical applications, especially for the 

application in patient setup and treatment verification for image guided radiation therapy [81], 

where CBCT may be repeatedly acquired during a treatment course. Repeated use of CBCT 

during a treatment course has raised the concern of extra radiation dose delivered to patients [82, 

83]. A lower mAs protocol in data acquisition will lower the dose in CBCT [84]. However, 

excessive noise will dramatically degrade the image quality of the low dose protocol, which 

renders low-mAs CBCT a less attractive option for the therapeutic guidance.  

          A statistical image reconstruction (SIR) algorithm with accurate modeling of the noise, 

which takes into consideration the imaging physics, noise properties and imaging geometry, is a 

promising way to enhance image quality of CBCT from low-mAs protocols [85]. In SIR, a 

tomographic image is reconstructed by minimizing a certain objective function based on the 

noise statistical properties. The objective function typically contains two terms: the first term is a 

statistical model of the measured data; and the second term is a penalty which incorporates prior 

information of the image to be reconstructed. While the statistical noise model plays an 

important role in the performance of SIR, the penalty term also has strong influence on SIR 

reconstructed images. For example, when an isotropic quadratic form penalty is used in SIR, the 

sharp edges and boundaries in the reconstructed image may be over smoothed, although noise is 

greatly suppressed [85].  This is because the isotropic quadratic penalty simply encourages the 
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equivalence between the adjacent voxels in the image without considering possible edges and 

discontinuities. To improve the edge-preserving ability of SIR algorithm, an anisotropic 

weighted penalty term is essential.  

          Several edge-preserving penalty terms have been proposed to enhance edge preservation 

of reconstructed images. In a previous work [85], an exponential form anisotropic quadratic 

(AQ) penalty term has been suggested to preserve edges in the reconstructed images. The 

exponential form AQ penalty incorporates the edge information by weighting the quadratic term 

with an exponential form of the intensity difference between each neighboring pixel-pair. The 

exponential weighted AQ penalty will discourage over-smoothing among high-gradient pixel-

pairs. Comparison studies have also shown that the exponential form AQ penalty has better 

edge-preserving abilities than both the conventional isotropic quadratic penalty and the Huber 

penalty [86, 87], which imposes a quadratic penalty on neighboring pixels with small differences 

while applying a linear penalty on neighboring pixels with larger differences. Recently, TV 

minimization [36, 72, 88-90], which incorporates gradient information along different directions 

of the concerned pixels, has also shown the advantage of edge-preservation in CT image 

reconstruction [91]. Comparison of TV with the conventional isotropic quadratic penalty also 

shows that TV is better in terms of noise suppression and edge preservation [91]. 

          In this work, we compared the performance of AQ-based penalties with TV-based penalty 

for SIR in low-dose CBCT image reconstruction. The AQ terms and the TV term were each 

implemented as the penalty of a statistics-based PWLS iterative reconstruction algorithm. Both 

computer simulation and experimental studies were conducted to evaluate the effects of penalty 

terms on the PWLS algorithm. Specifically, we evaluated the performance of AQ- and TV-based 



32 

 

penalties on edge-preservation for regions of different contrast levels using noise-resolution 

tradeoff measurements.  

 

2.2 METHOD AND MATERIALS 

 

2.2.1 PWLS Iterative Image Reconstruction 

 

          The model of x-ray CT data acquisition is based on the line integration along the x-ray 

path of tissue attenuation, which can be calculated through the logarithm transform of the ratio of 

incidence and detected photon numbers:  

p̂ = ∫= l

dlzyx
I

I
),,(ln 0

µ .                                               (2-1) 

Then, image reconstruction is aimed at estimating the attenuation coefficients μ, from a series of 

line integral values, presented as the projection data p̂. Digitizing the system yields a system or 

projection matrix A. The element 
ij

a  of matrix A represents the length of the intersection of the 

i
th

 projection x-ray with pixel j, which is determined by the focal spot position and the detector 

pixel position [92, 93]. The projection data p̂ and the attenuation map μ are then related by A: 

µAp =ˆ . 

          The statistical noise property of x-ray CT projection data after logarithm transform 

approximately follows a Gaussian distribution [94, 95]. The variance of the noise can be 

determined as follows:  

2

i
σ  = ( )

i
pexp /

0i
I ,                                                      (2-2) 
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where Ii0 is the incident photon number targeted at the ��� detector bin, and 
i

p and  ��
� are the 

mean and variance of the projection data
i

p , respectively. Based on the noise properties of the 

CT projection data, a PWLS criterion [96] is an appropriate choice for the cost function: 

)( )ˆ()ˆ()(
1 µβµµµ RApAp +−Σ′−=Φ

− .                                          (2-3) 

The first term in equation (2-3) is the weighted least-squares (WLS) criterion, where Σ is a 

diagonal matrix with its ��� element as ��
�, the variance of the projection measurements. The 

symbol ′ denotes the transpose operator. The elements of the diagonal matrix determine the 

contribution of each measurement to the WLS cost function by weighting it. The second term in 

equation (2-3) contains the prior knowledge about the image object. It is usually called a 

smoothness penalty or a regulation constraint, where β is the smoothing or penalty parameter. 

The image reconstruction task is to find an attenuation map μ by minimizing the objective 

function (2-3) with a positive constraint. The minimization is implemented iteratively using a 

Gauss-Seidel update strategy [96-99], with 20 iterations. The Gauss-Seidel strategy updates each 

voxel sequentially, and the values for all voxels are updated in each iteration. Details of the 

updating procedure for AQ-based penalty can be found in a previous paper [85] .   

 

2.2.2 Quadratic Form Penalty in PWLS 

 

          The first term in equation (2-3) encourages intensity agreement with the measurements. 

The second term in equation (2-3) is the a priori constraint. It enforces a roughness penalty on 

the solution. The smoothing parameter β controls the balance between these two conflicting 

goals. A simple quadratic penalty with equal weightings on equal distanced neighboring pixels 
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(PWLS-Iso) is one of the most frequently used penalty terms, as shown in equation (2-4) [97, 

100, 101]: 

∑ ∑
∈

−==

j Nm

mjjm

j

wRR
2

2

1 )(')( µµµµµ ,                                       (2-4) 

where each pixel j in the image domain will be smoothed with its neighboring pixels set 

indicated by Nj. The weighting parameter ��� is determined by the distance between the 

neighboring pixel pair of j and m, according to Markov field theory. Typically, only the first and 

the second order of neighboring pixels are included in calculation. As the isotropic quadratic 

penalty plays a role of isotropic smoothing along all directions without considering sharp edges 

or discontinuities, edge information may not be well-preserved during reconstruction.  

          As discussed above, anisotropic penalties are desired to better preserve the edge 

information of the reconstructed images. An anisotropic penalty is able to differentiate the degree 

of smoothing according to the magnitude of gradients of different neighbors. In a previous work 

[85] , an anisotropic quadratic penalty with edge-preserving potentials, which incorporated the 

gradient of image intensity into the weighting parameter ���′ exponentially (PWLS-Exp), was 

proposed: 

])(exp[ 2

δ

µµ
mj

jmjm
ww

−
−=′ ,                                              (2-5) 

where the gradients and the parameter δ determined the contribution of neighbors. δ can be set 

empirically or chosen according to the histogram of the image gradient [102]. In this study, the 

parameter δ was chosen as such a value that 90% of the voxels in the FDK-reconstructed image 

(which was used as the initial in the PWLS reconstruction) has a gradient magnitude smaller than 



35 

 

δ [102]. For a larger gradient between the neighbor and the concerned voxel, the coupling 

between them should be weaker and the weight ���′ would be smaller. 

          The anisotropic coefficient of equation (2-5) was inspired by the well-known anisotropic 

diffusion filter [102]. In the original work, the form of coefficient embodied the image intensity 

gradient as an inverse square weighting term as: 

                                                            
22

)( εµµ +−
=′

mj

jm

jm

w

w .                                                  (2-6) 

where the parameter ε was chosen by the same way as in choosing δ in equation (2-5) . In this 

work, we also investigated the effectiveness of the inverse square form anisotropic coefficient for 

the penalty of PWLS iterative image reconstruction (PWLS-InverseSqr).    

 

2.2.3 Total Variation as the Penalty Term in PWLS 

 

          Minimization of TV of the image has shown nice properties in preserving edges in image 

processing and reconstruction algorithms [36, 72, 91]. TV is an irregularity measure of an image 

and is defined as:  

                ∑ −−−

−+−+−=

zyx

zyxzyxzyxzyxzyxzyx
R
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          It incorporates the gradient information of the image and its derivation is given as bellow: 
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where s 
18

105
−−

×= mm  is a small constant number to avoid singularity of the derivative of TV. 

During each iteration, the regularization weights are smaller if the difference between the 
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neighboring voxels are larger, and vice versa. Thus the TV penalty (PWLS-TV) can be viewed 

as an anisotropic penalty because of this weighting behavior. The minimization procedure for 

PWLS-TV is given below:  

Initialization: 

}ˆ{ˆ pFDK=µ  

µ̂ˆˆ Apr −=  

jaas
jjj
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−

,'
1

 

For each voxel j={x,y,z}: 
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   For each neighbor j
Nm∈  
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where m represents the neighboring voxel of j and �′�� is the weighting parameter for 

neighboring voxel m, which is updated in each iteration.  ��  is the column vector of projection 

matrix A.  

 

2.2.4 Simulation Study 

 

          We performed a simulation study using a digital phantom, shown in figure 2-1a. A large 

circular object in the center of the phantom, with uniform attenuation coefficient of 0.0135 mm
-1 

(101 HU), was used as reference ‘background tissue’. It contained 8 smaller circular objects of 

different densities. To investigate the performance of PWLS with different penalties on 

constructing objects of different contrasts, three small circular objects A, B and C in the digital 

phantom (as indicated by arrows in figure 2-1a) were chosen for a noise-resolution tradeoff 

study. Object A had a uniform attenuation coefficient of 0.0228 mm
-1

 (859 HU), while object B 

and C were of a uniform attenuation coefficient of 0.0156 mm
-1 

(272 HU) and 0.0120 mm
-1

 (-22 

HU) respectively. Their contrasts to the ‘background tissue’ were 68.9%, 15.6% and 11.1%. 
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Thus, the object A may mimic high contrast objects, such as bony structures or markers, while 

object B and C may mimic low contrast soft tissues.  

     
(a)                                                (b) 

 
(c)                                                     (d) 

Figure 2-1 Comparison of full-sampled and under-sampled CBCT images using an 

analytical reconstruction algorithm.  

(a) A FDK reconstructed fully-sampled digital phantom (with noise). The circular object ‘A’ with 

a 68.9% contrast to the background was used as a high-contrast object for evaluating the noise-

resolution tradeoff, while the circular object ‘B’ and ‘C’ with contrasts to the background 15.6% 

and 11.1% respectively, served as low-dose objects. (b)  A FDK reconstructed under-sampled 

digital phantom of 226 projection views. Display window is specified as [-1000, 630] HU. (c) 

Averaged vertical profile along the center of object A in the PWLS reconstruction images with 

TV-based penalty ( 4
105.2 ×=β ), overlaid with its fitting curve, the red line. (d) Averaged 

vertical profile along the center of object B of the same reconstruction images, overlaid with its 

corresponding fitting curve. 

          

          The digital phantom was then forward projected mathematically according to an ideal 

system model: a full-fan mode of 678 angular samples over 360°. The dimension of each 

projection image was 500 by 50 pixels. Randomly generated Gaussian noise was added onto the 

230 235 240 245 250 255 260

0

100

200

300

400

500

600

700

800

900

Im
a

g
e 

si
g

n
a

l 
in

te
n

si
ty

 (
µ

, 
in

 H
U

)

Pixel location (vertical)

145 150 155 160 165 170 175

80

100

120

140

160

180

200

220

240

260

280

Im
a

g
e 

si
g

n
a

l 
in

te
n

si
ty

 (
µ

, 
in

 H
U

)

Pixel location (vertical)



39 

 

phantom in its projection domain, according to the noise model of equation (2-2). The incident 

photon number of equation (2-2) was set to
4

103.1 × , such that the noise level of the FDK 

reconstructed digital phantom image (shown in figure 2-1a) would be comparable to the noise 

level of a FDK reconstructed CatPhan CBCT image ( HUSTD 170= ), which was acquired by a 

low-dose protocol (10mA/10ms) in the experimental study described in section 2.2.5. A ‘high-

dose’ version of the digital phantom was also generated in the same manner. The noise level of 

the FDK reconstructed ‘high-dose’ phantom image was of the same noise level of an FDK 

reconstructed CatPhan CBCT image ( HUSTD 49= ), which was acquired using a high-dose 

protocol: 80mA/12ms, as described in section 2.2.5. 

          An alternate way to achieve dose reduction for CBCT is to acquire fewer projections. In 

this work, we also performed noise-resolution tradeoff measurements to investigate the 

performance of different penalties for CBCT reconstruction from under-sampled projections. 

One third of the projection views (i.e. 226 projections), evenly distributed over 360
o
, were 

selected from the above simulated ‘fully-sampled’ projections. CBCT images were then 

reconstructed by FDK (shown in figure 2-1b) and PWLS with different penalties.   

 

2.2.5 Phantom Experimental Study 

 

          A CatPhan
®
 600 phantom (The Phantom Laboratory, Inc., Salem, NY), as well as an 

anthropomorphic head phantom, were used in our experimental study. The CBCT projection data 

of these two phantoms was acquired by a Varian Acuity system (Varian Medical System, Palo 

Alto, CA).  A total of 678 projection views of a full 360°rotation were acquired in a full-fan 
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mode with a full-fan bow-tie filter. The dimension of each acquired projection image was 1024 

by 768. To reduce computational time, the projection data was down-sampled by a factor of 2, 

and only 16 out of 768 slices from the 3D image center along the axial direction were selected 

for reconstruction. Thus, in the noise-resolution tradeoff measurement described in Sec. 2.2.6, 

the image resolution is only characterized for the axial plane. A protocol of 10mA/10ms per 

projection view was used to acquire the low-dose projection data. A high-dose protocol of 

80mA/12ms/view with the same acquisition settings was also acquired, serving as a high-dose 

reference. The reconstructed image had a dimension of 350×350×16, with a resolution of 

0.776mm×0.776mm×0.776mm. 

 

 

2.2.6 Performance Evaluation 

 

          The performance of different penalties was quantified by a noise-resolution tradeoff 

measurement in both high-contrast and low-contrast regions of the central plane. In plane image 

resolution was analyzed using an edge spread function (ESF) along the central vertical profiles 

through the selected regions in the phantom. The ESF is a measure of the broadening of a step 

edge and the resolution is characterized by a parameter t of the fitting error function (erf), as: 

)/)(( txxHerfry −+= ,                                                 (2-9) 

where x is the location of the pixel, and y represented the intensity of the pixel. r is the shift of 

the erf from baseline of zero, H is the magnitude of the half of the step,  and x  is the center of 

the edge. To suppress the effects of noise in the curve fitting, 10 sets of Gaussian noise of the 

same noise level were used to generate 10 sets of noisy projection data, in mimic of 10 times of 
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measurements. We then used the averaged profile from the 10 reconstructions as the intensity 

curve ‘y’ to be fitted in equation (2-9). The noise level of each reconstructed image was 

characterized by the standard deviation of a uniform region of 30×30 pixels. The region was 

marked in figure 2-1a. Mean values of the standard deviation among 10 datasets were utilized.       

  β – values 

Fully-sampled 

Acquisition 

(678 projections) 

PWLS-Iso 2×10
5
 3×10

5
 5×10

5
 1×10

6
 5×10

6
 1×10

7
 

PWLS-Exp 2×10
5
 3×10

5
 5×10

5 1×10
6 5×10

6 1×10
7 

PWLS-InverseSqr 5 10 30 50 1×10
2
 2×10

2
 

PWLS-TV 1×10
3
 1.3×10

3
 1.5×10

3
 2×10

3
 2.5×10

4
 7.5×10

4
 

Under-sampled 

Acquisition 

(226 projections) 

PWLS-Iso 8×10
4
 1.5×10

5
 3×10

5
 1×10

6
 5×10

6
 1×10

7
 

PWLS-Exp 1.5×10
5
 2×10

5
 3×10

5
 5×10

5
 1×10

6
 5×10

6
 

PWLS-InverseSqr 2 3 5 10 30 2×10
2
 

PWLS-TV 6×10
2
 7.5×10

2
 1×10

3
 1.5×10

3
 4×10

3
 5×10

4
 

Phantom Study 

(Catphan & Head 

phantom) 

PWLS-Iso 5×10
5
 

PWLS-Exp 5×10
5
 

PWLS-InverseSqr 10 

PWLS-TV 2×10
3
 

Table 2-1 A summary of β values that have been used. 

For the noise-resolution tradeoff measurements for both fully-sampled acquisition and under-

sampled acquisition, and the phantom studies, for both Catphan 600 phantom and the 

anthropomorphic head phantom.  

 

          The smoothing parameter β controls the strength of the a priori penalty term over the noise 

statistical term in equation (2-3). A higher β value produces a more ‘smoothed’ reconstructed 

image with less noise. To qualitatively evaluate the relationship between β value and the noise 

suppression ability of all three anisotropic PWLS penalties, a set of β values were chosen for 

each penalty term to reconstruct the low-dose CatPhan 600 phantom. The β values that have been 
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used for plotting the tradeoff curves were summarized in Table 2-1. The noise level was 

calculated within a 30×30 pixels region. 

 

 

δ  

(PWLS-Exp) 

 

ε  

(PWLS-InverseSqr) 

 

s  

(PWLS-TV) 

 
Fully-sampled Acquisition 

(678 projections) 
13

1036.3
−−

× mm  
13

1036.3
−−

× mm  

18
105

−−

× mm  

Under-sampled Acquisition 

(226 projections) 
13

1099.4
−−

× mm  
13

1099.4
−−

× mm  

CatPhan Phantom Study 13
1000.3

−−

× mm  
13

1000.3
−−

× mm  

Head Phantom Study 13
1013.4

−−

× mm  
13

1013.4
−−

× mm  

Table 2-2 A summary of parameters other than β that has been used in PWLS 

reconstruction for both digital phantom study and phantom studies: δ  for PWLS-Exp, ε  

for PWLS-InverseSqr and s  for PWLS-TV. 

 

2.3 RESULTS 

 

          In this section, digital and experimental phantom results are presented. First, the 

convergence of each algorithm has been performed on both a fully-sampled and an under-

sampled digital phantom. Second, the noise-resolution tradeoff curves of the simulation are 

shown at different contrast levels for both the fully-sampled and the under-sampled digital 

phantom. Third, the noise suppression degree varied with β values is plotted for PWLS 

reconstruction of low-dose CatPhan
®
 600 phantom image with all three anisotropic penalty 

terms. The reconstruction results of the CatPhan
®
 600 phantom are also illustrated. Finally, a 

comparison of images reconstructed with different PWLS penalties is provided for the 

anthropomorphic head phantom. 
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2.3.1 Convergence Analysis 

         

          Convergence of the PWLS may depend on the choice of penalties. In this work, the l
2
-

norm of the difference of attenuation coefficients between successive iterations was calculated as 

the indicator of convergence of the iterative algorithms. Figure 2-2a shows the convergence 

curves of the fully-sampled digital phantoms reconstructed by all of the four PWLS algorithms. 

All the penalty terms show similar convergence properties. After 20 iterations, good convergence 

is achieved for all of four penalty terms. The convergence curves of the under-sampled digital 

phantoms are shown on figure 2-2b, where all the curves become flat after the 10
th

 iteration. In 

this work, 20 iterations were used for all PWLS algorithms to reconstruct images for the 

following analysis.         

     
(a)     (b) 

Figure 2-2 Convergence curves of different iterative reconstruction algorithms.  

(a) Convergence curves of iterative reconstruction of the fully-sampled digital phantom by each 

of the anisotropic penalty term, comparing to that of the conventional isotropic penalty term. (b) 

Convergence curves of iteratively reconstructing the under-sampled digital phantom.   
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          A quantitative analysis of the noise-resolution tradeoff was performed on the central plane 

of the digital simulated phantom. The averaged profiles along the vertical centers of both the 

circular objects A and B, in the PWLS-TV reconstructed image from the fully-sampled 

projections ( 4
105.2 ×=β ), are shown in figure 2-1c and 2-1d as an example. Figure 2-3a shows 

the noise-resolution trade-off curves for the high contrast object A (68.9%) reconstructed with 

different penalties. The red dot in the figure represents the noise and resolution of the FDK 

reconstructed high-dose image, serving as a reference for comparison. At the noise level of the 

FDK reconstructed high-dose image ( HUSTD 49= ), the PWLS-Exp shows better edge-

preservation than the reference (red dot) while the PWLS-InverseSqr shows poorer resolution. 

The PWLS-TV shows approximately the same resolution with the reference high-dose FDK 

reconstruction at the matched noise level. All three anisotropic penalties show better edge-

preservation than the PWLS-Iso.  

          Figure 2-3b and 2-3c show the noise-resolution tradeoff curves of the low-contrast object 

B (15.6%) and C (11.1%), respectively. The red dots shown in the figures represent the noise and 

resolution of the FDK reconstructed high-dose image, as a reference. At the noise level of the 

reference image, HUSTD 49= , all the penalties have a similar performance on edge-preserving, 

which is comparable to the resolution of the reference image. As the noise is decreased further 

away from the reference noise level, the PWLS-TV has better edge-preservation than the 

quadratic form penalties; the performance of AQ-based penalties performs no better than that of 

the isotropic penalty. Because the gradient of the edge was small for low-contrast objects, the 

anisotropic coefficient in equation (2-5) would behave similarly to that of the isotropic quadratic 
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penalty. Thus the AQ penalties may lose edge-preserving ability when reconstructing objects of 

very low contrast.  

 

(a) (b) 

 

 
(c) 

 

Figure 2-3 Noise-resolution tradeoff measurement for fully-sampled acquisition of 678 

projections.  

(a) The noise-resolution tradeoff curves of the anisotropic PWLS algorithms, comparing to the 

isotropic PWLS algorithm in reconstructing the high-contrast object A. (b) Comparison of the 

noise-resolution tradeoff curves for reconstruction of he low-contrast object B. (c) Noise-

resolution tradeoff curves for reconstruction of the low-contrast object C. Resolution property 

was indicated by fitting parameter t of equation (2-9). The red dot in each figure presents the 

noise and resolution of a FDK reconstructed fully-sampled high-dose image. The parameters 

used for PWLS reconstructions are summarized in Table 2-1 and Table 2-2.   
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(a)                                 (b) 

 

 
(c) 

 

Figure 2-4 Noise-resolution tradeoff measurement for under-sampled acquisition of 226 

projections.  

(a) The noise-resolution tradeoff curves of the anisotropic PWLS algorithms, comparing to the 

isotropic PWLS algorithm in reconstructing the high-contrast object A. (b) Comparison of the 

noise-resolution tradeoff curves for reconstruction of the low-contrast object B. (c) Noise-

resolution tradeoff curves for reconstruction of the low-contrast object C. The red dot in each 

figure presents the noise and resolution of a FDK reconstructed high-dose image from an under-

sampled acquisition of 226 projections. The parameters used for PWLS reconstructions are 

summarized in Table 2-1 and Table 2-2.   

 

          Figure 2-4 shows the noise-resolution tradeoff curves for different reconstruction 

algorithms from under-sampled projections. As shown in figure 2-4a, the noise-resolution 
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tradeoff patterns of the high-contrast object A with four penalty terms are similar to those 

obtained from fully-sampled projections (figure 2-3a). The PWLS-Exp shows better edge-

preservation than the FDK reconstructed high-dose image, which was also reconstructed from 

226 projection views. The PWLS-TV and the PWLS-InverseSqr show slightly worse resolution 

than the reference image at the matched noise level. Figures 2-4b and 2-4c show the noise-edge 

tradeoff curves of the low-contrast object B and C from the under-sampled projections, which are 

also similar to those obtained from the fully-sampled projections. While the AQ penalties show 

comparable performance to the isotropic penalty, the TV-based penalty preserves the edge better 

in the less noisy reconstructed images.  

 

2.3.3 CatPhan 600 Phantom 

 

Figure 2-5 The noise level in the reconstructed images decreases as β increases for all the 

three anisotropic penalties.  

β values are log-plotted. The upper dashed line indicates the noise-level of the FDK 

reconstructed low-dose image, and the lower dashed line represents that of the FDK 

reconstructed high-dose image. 
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          Figure 2-5 illustrates the change in noise level of the PWLS reconstructed images with β 

values for all three anisotropic penalty terms. The axis for β is plotted on a log scale. β values 

ranging from 
4

101×  to 
8

101×  were selected for the PWLS-Exp, while β from 0.5 to 
3

101× and 

from
2

101×  to 
5

102×  were used for the PWLS-InverseSqr and the PWLS-TV, respectively. The 

range of β values for each penalty term was selected in such a way that the noise levels within 

the reconstructed images were equivalent. It was observed that the noise level had shown a 

similar decreasing trend with increasing β for all three algorithms. The noise level could be 

significantly reduced from the FDK reconstructed image ( HUSTD 170= ) by choosing a large 

smoothing parameter. 

          Figure 2-6 shows a representative slice of the CBCT image of the CatPhan® 600 phantom 

obtained by different reconstruction algorithms. Figure 2-6a shows the CBCT image 

reconstructed by analytical FDK from projection data acquired with the low-dose protocol (10 

mA/10 ms). Figure 2-6b shows the analytical FDK reconstruction image with a high-dose 

protocol (80 mA/12 ms). The low-dose FDK reconstructed image is much noisier than the high-

dose image. The CBCT image in figure 2-6c was iteratively reconstructed by the PWLS-Iso 

( 5
105×=β ). Figures 2-6d to 2-6f show the low-dose CBCT images reconstructed by 

anisotropic PWLS algorithms. Figure 2-6d shows the image reconstructed using the PWLS-Exp 

with 5
105×=β ; figure 2-6e shows the image reconstructed using the PWLS-InverseSqr with

10=β ; and figure 2-6f shows image reconstructed using the PWLS-TV with 3
102×=β . The 

penalty parameters for different penalties were chosen in such a way that PWLS-reconstructed 

images have a noise level similar to that of the FDK reconstructed high-dose image 

( HUSTD 49= ), based on the β-noise relationship analysis shown in figure 2-5. The β values 
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listed above were also summarized in Table 2-1. Figure 2-7 shows a mid-vertical profile of a 

circular object D, as indicated by an arrow in figure 2-6a, from each image from figure 2-6b to 2-

6f. The plot of the profiles coincides with the observation of noise-resolution tradeoff measure, 

where the PWLS reconstructions with edge-preserving penalties successfully suppress noise 

while effectively preserve edges of the images.  

 

2.3.4 Anthropomorphic Head Phantom 

 

          To evaluate the algorithms in a more realistic situation, a study using an anthropomorphic 

head phantom was conducted. A representative slice of the reconstruction results from the 

anthropomorphic head phantom are shown in figure 2-8. Figure 2-8a shows the FDK 

reconstructed CBCT image from projection data acquired with the low-dose protocol (10 mA /10 

ms); figure 2-8b shows the FDK reconstruction from projection data of the high-dose protocol 

(80 mA /12 ms). Figures 2-8c to 2-8f show the PWLS reconstructed images from low-dose 

projection data with different penalties. The same β values were applied as in the CatPhan
®
 600 

phantom study (as seen in Table 2-1.). Figure 2-8c shows the low-dose CBCT image 

reconstructed by PWLS-Iso; figure 2-8d shows the reconstructed low-dose CBCT image with 

PWLS-Exp. PWLS-InverseSqr and PWLS-TV reconstructed images are provided by figure 2-8e 

and 2-8f, respectively. For a better illustration, a small bony structure was enlarged for each 

image, as indicated by the square in figure 2-8a. With the anisotropic penalties, PWLS 

reconstruction algorithms demonstrate better edge-preservation. For example, in the zoom-in 

region, both PWLS-Exp and PWLS-TV show a clearer edge than the PWLS-Iso.  
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(a)                                                    (b) 

       
(c)                                                  (d) 

       
(e)                                                  (f) 

Figure 2-6 One slice of the CatPhan 600 phantom image reconstructed by different image 

reconstruction algorithms.  

(a)FDK reconstruction of the low-dose image; (b)FDK reconstruction of the high-dose image; 

(c)PWLS-Iso reconstruction of the low-dose image; (d)PWLS-Exp reconstruction of the low-

dose image; (e)PWLS-InverseSqr reconstruction of the low-dose image; (f) PWLS-TV 

reconstruction of the low-dose image. The parameters used for PWLS reconstructions are 

summarized in Table 2-1 and Table 2-2.Display window is [-1000, 630] HU. 

DD
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Figure 2-7 Comparison of the profiles along the central vertical line of the object D, as 

indicated by an arrow in figure 2-6a, for all the PWLS algorithms and the high dose FDK. 

 

2.4 DISCUSSION 

 

          Dose reduction for CBCT can be achieved by various strategies [103]. In this work, dose 

reduction for CBCT was achieved by using a lower mAs protocol. Alternatively, CBCT imaging 

dose can be reduced by acquiring less projection data. Although iterative reconstruction 

algorithms based on TV minimization have shown the ability to enhance image quality when 

reconstructing the under-sampled CT projection data [88], a recent study has suggested that the 

overall imaging dose should be distributed into more projection views with lower mAs per view 

rather than into fewer view angles with higher mAs per view [91]. Therefore, in this study we 

mainly focused on investigating the performance of PWLS on noise suppression when 

reconstructing CBCT from fully-sampled projection data acquired with a lower mAs protocol.  
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(a)                                                (b) 

    
(c)                                                (d)  

    
(e)                                                    (f) 

Figure 2-8 One slice of the CBCT reconstruction of the anthropomorphic head phantom.  

An enlarged region, which is indicated by a black square in (a), is overlaid at the corner: (a)FDK 

reconstruction of the low-dose image; (b)FDK reconstruction of the high-dose image; (c)PWLS-

Iso reconstruction of the low-dose image; (d)PWLS-Exp reconstruction of the low-dose image; 

(e)PWLS-InverseSqr reconstruction of the low-dose image; (f) PWLS-TV reconstruction of the 

low-dose image. All the PWLS reconstructions of the low-dose image are of the same noise 

level. Parameters used for PWLS reconstructions are summarized in Table 2-1 and Table 2-2. 

Display window is [-1000, 1026] HU. 
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          In particular, we examined the effects of the penalty to the performance of PWLS iterative 

reconstruction algorithm. Three edge-preserving penalties, exponential form and inverse square 

form AQ penalties, and total variation penalty, were compared with a conventional quadratic 

penalty and the FDK reconstructed high dose image. Quantitative noise-resolution tradeoff 

evaluation was performed on a digital phantom. Different noise-resolution tradeoff patterns were 

shown on reconstructing high-contrast and low-contrast objects in the low-dose CBCT images. 

All anisotropic penalties demonstrated an ability to preserve edge information, especially when 

reconstructing high-contrast objects. However, anisotropic penalties lose some ability to preserve 

edge information when constructing the low-contrast object, especially for the PWLS-Exp. As 

shown in equation (2-5), the exponential form anisotropic coefficient exponentially increases the 

weighting of the smoothing penalty. When the contrast gradient is small, the exponential term 

will close to 1. Thus the anisotropic penalty will perform similarly to that of an isotropic penalty 

and this may explain why the TV penalty performs better than the AQ penalties for 

reconstructing low-contrast objects.  

          The results of noise resolution tradeoff measurement show that different penalties may be 

employed in different imaging tasks to achieve maximal gain from iterative image 

reconstruction. For example, when high contrast objects such as bony structures and fiducial 

markers are of interest during patient localization in radiotherapy, PWLS-Exp is a preferred 

algorithm since it preserves image resolution better than other algorithms at the same noise level.  

Conversely, PWLS-TV is a preferred algorithm when CBCT images are used for soft tissue 

delineation or deformable registration. 

          When an extremely low mAs protocol is used to acquire projection data, certain detector 
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bins may not gain sufficient signal, which can lead to ring artifacts in the reconstructed image (as 

shown in figure 2-6a). In images reconstructed by iterative algorithms (figure 6c to 6f), random 

noise is greatly suppressed, which makes the same ring artifacts become more apparent. In our 

reconstruction process, no additional processing was applied on the raw data to correct the ring 

artifacts. Thus, iterative image reconstruction algorithms studied in this work faithfully preserve 

the ring artifacts that originate from the raw data. Specific ring artifact correction algorithms 

[104] may be employed to reduce the ring artifacts in CBCT image acquired with a extreme low 

mAs protocol.   

          In this work, we mainly focus on the noise-resolution tradeoff analysis for different 

penalties, where the noise level is characterized by the standard deviation of a uniform region. In 

addition to the noise level, noise correlation in the reconstructed image can also be used to 

characterize the performance of different penalties. Noise correlation plays a critical role in 

lesion detectability [105, 106]. A further study based on Receiver Operating Characteristic 

(ROC) analysis is needed to investigate the performance of different penalties for the task of 

lesion detectability. 

          The dose difference between the applied low-dose protocol (10mA/10ms) and the high-

dose protocol (80mA/12ms) in each acquisition of this study is nearly 10-fold. As indicated by 

figure 2-3 and 2-4, similar image quality can be achieved between the low-dose images 

reconstructed by anisotropic PWLS algorithms (especially for PWLS-Exp and PWLS-TV) and 

the high-dose images reconstructed by FDK algorithm. Thus, a dose-deduction of 89.6% has 

been achieved by using anisotropic PWLS algorithms. Based on the results of the noise-

resolution tradeoff analysis, one may choose the penalty term for better noise suppression at the 



55 

 

targeted spatial resolution depending on specific applications. The noise-resolution tradeoff 

curves in figure 2-3, combined with the β- noise relationship curves in figure 2-5 can be used 

together to guide the choice of penalty term and parameters. 

 

2.5 CONCLUSION 

 

          In this work, we quantitatively compared the performance of three anisotropic PWLS 

algorithms, including PWLS-Exp, PWLS-InverseSqr and PWLS-TV, in both fully-sampled 

acquisition and under-sampled acquisition. All of them have shown the ability to improve 

reconstructed image quality in the term of both noise suppression and edge-preservation. The 

smoothing penalty plays an important role on the noise-resolution tradeoff. It was found that 

different anisotropic penalties were favored at different contrast levels. In reconstruction of the 

high contrast object, the PWLS-Exp was superior in edge-preservation, at a noise level 

comparable to the high-dose FDK results. When reconstructing low contrast objects, PWLS-TV 

outperforms the other two anisotropic PWLS algorithms. The penalty term should be chosen 

properly in different applications in order to achieve better edge-preservation at its targeted 

contrast and noise levels. 
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3 CHAPTER THREE 

Noise Reduction in Low-dose CBCT by Incorporation Prior Volumetric 

Image Information 

 

3.1. INTRODUCTION 

 
          Various methods [66, 68-70, 73-76, 97, 107] have been proposed to improve the image 

quality of the low-dose CBCT images. Among these strategies, statistical based algorithms have 

been shown to be effective in suppressing noise in both the projection and the image domain [66, 

68-70, 75, 97, 107], as described in chapter two. Different from filter based algorithms [73, 74, 

76], these algorithms model the statistical property of the noise using a cost function; the 

minimization of the cost function yields an optimal solution in a statistical sense. While 

statistics-based algorithms yield excellent results for noise suppression in low-dose CBCT, these 

algorithms [66, 68-70, 75, 97, 107] essentially utilize the information from a single CBCT 

acquisition.    

          In IGRT, multiple CBCT scans may be performed on the same patient during a treatment 

course. There are strong correlations among the consecutively acquired daily CBCT scans. 

Currently, such prior knowledge from existing CBCT scans is not effectively used for the 

reconstruction of the on-treatment CBCT. In this work, we introduce a KL transform based 

PWLS CBCT de-noising algorithm (KL-PWLS) by incorporating previously obtained CBCT 

scans into image quality enhancement of the on-treatment CBCT. The KL transform (i.e., 

principal component analysis (PCA)) is an effective strategy to deal with the highly correlated 

information. The KL transform decomposes the correlated data into a series of un-correlated and 

ordered components and provides a unique means for noise reduction, feature extraction and de-

correlation. The KL transform has been applied to manipulate the correlations among different 
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frames of fluoroscopy [108] and different phases of 4D-PET [109], cardiac-gated SPECT [110] 

and 4D-CT [111]. These studies have shown that consideration of spatio-temporal correlation 

using KL transform yields superior results to those of methods using spatial information alone. 

As the treatment proceeds during a course of radiotherapy, CBCT images acquired at different 

sessions can be viewed as a 4D datasets; the KL transform provides a unique means to 

manipulate the correlation among these CBCT images. In this work, we investigate the gain of 

incorporating previously acquired CBCT using both phantom and patient data.  

 

3.2 METHODS AND MATERIALS 

 

3.2.1. PWLS Criterion 

  

          Previous studies [112] of repeated measurements have indicated that the calibrated and 

log-transformed projection data of low-dose protocol follows approximately a Gaussian 

distribution, which leads to the well-known WLS cost function [97]. A penalty is desired to 

impose the smoothness constraint on the solution during minimization of the cost function [75]. 

Mathematically, the PWLS objective function in the projection domain can be written as: 

)()ˆˆ()ˆˆ()( 1
pRpypyp

T
β+−Σ−=Φ

−

,                                        (3-1) 

The first term is the WLS criterion, where �� represents the log-transformed measured projection 

image for a projection view, �̂ denotes the ideal projection image to be estimated, and Σ is an 

diagonal matrix of the estimated variance of ��. The symbol T denotes the transpose operator. The 

second term is the smoothness penalty, which encourages equivalence between neighboring data 
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elements. β is the smoothing parameter, which controls the strength of the penalty. In this study, 

a quadratic form penalty is adopted, as 

∑ ∑
∈

−=

j Nm

mjjm

j

ppwpR
2
)()(

,                                         (3-2) 

where j sums over each image pixel in the projection domain, and the four nearest neighboring 

pixels, denoted by Nj, are recruited in quadratic form to regularize the solution. To avoid over-

smoothing in high gradient regions (e.g., sharp edges and discontinuities), the quadratic penalty 

is weighted by an exponential term [66], as indicted by ���:  
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δ
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w

−

−=

,                                           (3-3)  

where the gradients and the parameter δ determine the contribution of neighbors. δ is set  

according to the histogram of the image gradient [102]. This anisotropic weighting term gives a 

smaller weighting when a larger difference exists between a pixel pair [68, 102], which lead to 

the preservation of the edges in the processed image. The Gauss-Seidel updating strategy is then 

used to minimize the PWLS criterion [75].  

 

3.2.2 KL Transform to Incorporate Prior Scans 

  

          In this study, highly correlated image information from previously acquired CBCT scans is 

incorporated into projection data optimization of a subsequent CBCT scan, using the KL 

transform. At first, the KL transform is applied on consecutive days’ CBCT scans for each 

projection view. Then adaptive PWLS smoothing is performed on the KL decomposed 

components with varying smoothing parameters. Once the KL components have been de-noised, 
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the smoothed projection view can be obtained by performing an inverse KL transform. The same 

procedure is repeated on all the projection views before the analytical FDK algorithm [67] is 

performed for CBCT reconstruction. 

The KL transform is defined as: 

yAy ˆ~
= ,                                                           (3-4) 

where �� is a columned matrix of the input CBCT projection images, with each row comprising 

one scan. �� is the KL transformed projection image. A is the KL matrix which is composed of 

eigenvectors of a spatial covariance matrix Kt calculated from input projection images: 
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where ��,� are the projection data at detector bin i of the k-th scan, and ��,� are the projection data 

at detector bin i of the l-th scan. ��� and ��� are the mean of the k-th and l-th projection image 

respectively. B is the total number of detector bins within a projection image. From the 

covariance matrix Kt, the KL matrix A can be calculated through singular value decomposition 

(SVD):  

DAAK
TT

t
= ,                                                      (3-6) 

where � = 	
��	�����
�  is the l-th eigenvalue of Kt. The SVD was implemented following the 

description in “Numerical Recipes in C++” page 62 [113]. In this study, three CBCT scans were 

used for the KL transform, and each projection image had 512×512 pixels. Thus, the dimension 

of �� and �� is 3×262144. The dimension of matrix A, Kt and D is 3×3.  All the three KL 

components are used for PWLS smoothing and inverse KL transform. An example of KL 

components at one projection view of the CatPhan phantom is shown in Fig. 3-1.  
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 (a)                                                                               (b) 

 
(c) 

Figure 3-1 Principal components of one projection view after the KL transform, three 

days’ of CBCT scans on a CatPhan phantom were adopted for the KL transform.  

(a) The first principal component; (b) the second principal component; (c) the third principal 

component. 

 

          Following the KL transform, the PWLS criterion described above is applied on each KL 

principal component separately. The PWLS objective function in the KL domain is given as 

[109]: 

)~(
~

)/()~~(
~

)~~()~( 1

lllll

T

llll
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−

,                             (3-7) 

where ��� and ��� are the l-th component of y and p, accordingly. Σ�� is the diagonal matrix of the 

corresponding variance. The edge-preserving penalty term is now defined as follow: 
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          Equation (3-7) shows that the penalty parameter in the KL domain shall be chosen as (

l
d/β ) and the PWLS criterion for each KL component becomes adaptive to its corresponding 

eigen-value. This choice is favorable because the penalty parameter varies adaptively according 

to the signal to noise ratio of that component. A smaller KL eigen-value is associated with a 

component having a lower SNR [109] and, therefore, a larger smoothing parameter shall be used 

to penalize this noisier data component. 

 

3.2.3. Projection Image Alignment   

 

          During each radiotherapy fraction, the patient position may be different, and the resulting 

projection data acquired on different sessions may not be perfectly aligned. In this study, the 

projection images are initially aligned based on the rigid registration of CBCT image acquired on 

different treatment fractions [44]. The three dimensional translations are projected into each 

projection view, based on the projection angle and the magnification from the object to the 

projection panel. The rotation along the longitudinal axis is adjusted by correcting the projection 

angles. For detailed description of the registration based alignment, readers are referred to the 

work by Zhu et.al (2009) [44]. 

   

3.2.4. Data Acquisition 
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          A CatPhan
®
 600 phantom (The Phantom Laboratory, Inc., Salem, NY) and an 

anthropomorphic head phantom were used in our experimental phantom study. The CBCT 

projection data were acquired on an Elekta Synergy
®
 XVI system

 
(Elekta AB, Stockholm, 

Sweden) with a S20 collimator and a F0 bow-tie filter.  A low-dose protocol of 100 kVp and 

10mA/10ms per projection was used for image acquisition. A total of 650 projection views were 

evenly distributed on a circular orbit of 360°. For each phantom, three low-dose CBCT scans 

were acquired using the same protocol. Various position shifts of the phantom were performed 

manually between each acquisition to mimic changes in patient position. Position shifts were 

performed in a combination of six translational directions and with rotations along the 

longitudinal axis at the level of 5mm and 2° respectively. The first two scans represent the 

previously acquired scans while the third represents the on-treatment scan. A high dose reference 

CBCT was also acquired for both phantoms using a protocol of 100 kVp and 80mA/10ms per 

projection.  

          To evaluate the approach in a relevant clinical setting, daily CBCT of a patient undergoing 

radiotherapy for head-and-neck cancer were used. CBCT were acquired on an Elekta Synergy
®

 

XVI system using a S20 collimator and a F0 bow-tie filter. The projection images were acquired 

using the low-dose protocol of 100 kVp and 10mA/10ms per projection with 360 projection 

views evenly distributed in 200°. Two previous CBCT scans were incorporated in the KL-PWLS 

algorithm for noise suppression in the on-treatment CBCT.  

 

3.2.5. Performance Evaluation 
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          A noise-resolution tradeoff measurement was used to characterize the performance of the 

proposed KL-PWLS algorithm, which incorporates the previously acquired CBCT scans. For 

comparison, we also evaluated PWLS smoothing applied directly to the on-treatment CBCT 

projections without considering prior CBCT images. The noise was characterized by the standard 

deviation of a uniform region of 45×45 pixels in the central slice of the reconstructed CBCT 

image, as indicated by a white square in Fig. 3-2(a). In-plane image resolution was analyzed 

using ESF along the central vertical profiles through two circular objects A and B in the phantom 

(labeled in Fig. 3-2(a)). The central vertical profiles through object A of both Fig. 3-2(c) and Fig. 

3-2(d) are shown in Fig. 3-3 as an example. Definition of ESF was elaborated in Sec. 2.2.6 and 

described by equation 2-9. By varying the smoothing parameter β of the reconstruction 

algorithm, a noise-resolution curve was obtained for each approach. β values that have been used 

for plotting the tradeoff curves were summarized in Table 3-1.    

          The performance of the proposed KL-PWLS algorithm for reconstruction of small objects 

is further investigated using a full-width-at-half-maximum (FWHM) analysis on a point-like 

object C (labeled in Fig. 3-2(a)). The profiles were fit with a Gaussian function, as: 

2
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,                                            (3-10) 

where x expresses the location of the pixel, and y represents the intensity of the pixel. y0 is the 

baseline shift and xc is the center of the edge. A denotes the amplitude of the Gaussian fitting 

curve and σ indicates the width of the fitting curve. A small object D (labeled in Fig. 3-2(a)) is 

further used for analyzing the contrast preservation of the proposed algorithm. The contrast is 

calculated as: 
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where ymax represents the maximum value of a profile through the object, and y0 represents the 

baseline shift of the profile from zero, which is calculated from the mean of the profile baseline.    

 

3.3 RESULTS 

 

          In this section, experimental results of both phantoms and clinical results of the patient 

data are presented. First, a qualitative comparison between KL-PWLS and PWLS algorithms is 

shown for the CatPhan phantom. Second, quantitative comparisons are shown with both noise-

resolution tradeoff curves and measurements of FWHM and contrast for reconstructing small 

objects. Finally, comparison of different algorithms is shown for the anthropomorphic head 

phantom as well as the patient data. 

 

3.3.1. Reconstruction Results of the CatPhan 600
®
 Phantom  

 

          Figure 3-2 shows the experiment results on a central slice of the reconstructed CatPhan
®

 

600 phantom. Figure 3-2(a) shows the FDK reconstructed CBCT image from original projection  
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(a)                                             (b)                                                              

                                                                                                  
(c)                                           (d) 

Figure 3-2 One slice of the CatPhan 600 phantom reconstructed CBCT images.  

(a) FDK reconstruction of the low-dose image. The circular object “A” with a positive contrast to 

background and object “B” with a negative contrast to background were used to evaluate the 

noise-resolution tradeoffs. The small object “C” and “D” were used as representatives of small 

objects for analyzing image quality. (b) FDK reconstruction of the high-dose image (c) FDK 

reconstruction of the KL-PWLS smoothed low-dose image after alignment. (d) FDK 

reconstruction of the PWLS smoothed low-dose image. The parameters used for PWLS 

reconstructions are summarized in Table 3-1. The display window is [0, 0.02] mm
-1

. 

 

data acquired with the low-dose protocol (10mA/10ms). Figure 3-2(b) shows the FDK 

reconstructed CBCT image from projection data acquired with the high-dose protocol 

(80mA/10ms). Excessive noise is observed in low-dose CBCT.  Figure 3-2(c) shows the FDK 

reconstructed CBCT from the KL-PWLS smoothed low-dose projection data that incorporates 

two prior CBCT scans. Figure 3-2(d) shows the FDK reconstruction from the PWLS smoothed 

low-dose projection data. By adjusting the smoothing parameter β, the noise level of the 

reconstructed images shown in Fig. 3-2(c) and Fig. 3-2(d) match that of the high-dose image 
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shown in Fig. 3-2(b) (STD = 3.86×10
-4

mm
-1

). It can be observed that the noise of the 

reconstructed low-dose CBCT image can be significantly reduced by both KL-PWLS and PWLS 

smoothing in the projection domain. 

          Figure 3-3 shows a mid-vertical profile of the circular object A (indicated in Fig. 3-2(a)) 

from the central slice of the reconstructed low-dose CBCT with either KL-PWLS or PWLS 

smoothing, as shown in Fig. 3-2(c) and Fig. 3-2(d). The profiles show that CBCT images 

reconstructed from KL-PWLS smoothed low-dose projection data have sharper edges than those 

reconstructed from PWLS smoothed low-dose projection data. The same profile is also used for 

the noise-resolution tradeoff measurement described below. 

 
Figure 3-3 Comparison of the profiles along a central vertical line through the object A.  

The profile is indicated by an arrow in Fig. 3-2(a), from both KL-PWLS and PWLS smoothed 

CBCT images. 

 

3.3.2. Noise-resolution Tradeoff Measurement 

 

          By varying the smoothing parameter β, the noise-resolution tradeoff curves for both KL-

PWLS and PWLS algorithms are obtained, as shown in Fig. 3-4. The larger the β, the less noisy 
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the reconstructed image will be. Figure 3-4(a) shows the noise-resolution tradeoff curves of the 

“positive” object A, while figure 3-4(b) shows the tradeoff curves of the “negative” object B. A 

dashed line in both figures indicates a target noise level (STD = 3.86×10
-4

mm
-1

), which is the 

noise level of the FDK reconstructed high-dose reference. In both figures, the noise-resolution 

tradeoff curves of KL-PWLS and PWLS projection smoothing approach show the similar trends. 

As the edge broadening factor “t” increases, indicating a loss of image resolution, the noise level 

decreases. It can be observed that the KL-PWLS strategy, which incorporates prior CBCT scans, 

outperforms the PWLS smoothing methods in better noise-suppression at the same resolution 

level over the entire resolution range.  

  
(a)                                                           (b) 

Figure 3-4 Noise-resolution tradeoff measurements for both KL-PWLS and PWLS 

algorithms.  

(a) The noise resolution tradeoff curves of the KL-PWLS algorithm, compared to the PWLS 

algorithm, in reconstructing the “positive” object A, as labeled in Fig. 3-2(a). (b) Comparison of 

the noise-resolution tradeoff curves for reconstruction of the “negative” object B, as labeled in 

Fig. 3-2(a). The smoothing parameters used for reconstruction are summarized in Table 3-1. 

 

3.3.3. Quantitative Analysis of Reconstruction of Small Objects 
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(a)                                                              (b) 

Figure 3-5 Comparison of the reconstructions of small objects C and D, as labeled in Fig 3-

2(a).  

(a) Comparison of the profiles along the central horizontal line of the small object C, overlaid 

with the Gaussian fitting curves, for both KL-PWLS and PWLS algorithms and the high-dose 

FDK. The FWHM of the Gaussian fitting curves are provided in the figure legend. (b) 

Comparison of the profiles along the central horizontal line of the object D. Contrast of the 

object is described in the figure legend. 

 

          Figure 3-5(a) shows a horizontal profile through the circular object C from both KL-

PWLS and PWLS processed images (showed in Fig. 3-2(c) and Fig. 3-2(d), respectively), 

overlaid with their corresponding Gaussian fitting curves. The profile and Gaussian fitting curve 

of the high-dose reference image are also plotted as a reference. Smaller FWHM of KL-PWLS 

smoothed image (FWHM=2.41), as compared to that of the PWLS smoothed image 

(FWHM=2.73), indicates that small objects in the KL-PWLS processed CBCT image have 

sharper edges at the same noise level. Additionally, the FWHM of KL-PWLS smoothed image is 

comparable to that of the high-dose reference image (FWHM=2.54).  

          Figure 3-5(b) shows a horizontal profile through the circular objects D form KL-PWLS 

and PWLS processed images (showed in Fig. 3-2(c) and Fig. 3-2(d), respectively). The contrasts 

shown in the figure legend are calculated with Eq. (3-11) for each profile. While the contrast of 

object D in the high-dose reference image is 40.9%, the KL-PWLS smoothed image preserves 
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the contrast of object D (Contrast=40.7%), which is superior to the PWLS smoothed image 

(Contrast=29.8%).       

 

3.3.4. Reconstruction Results of the Anthropomorphic Phantom 

 

   
(a)                                              (b) 

  
(c)                                              (d) 

Figure 3-6 One slice of the CBCT reconstruction of the anthropomorphic head phantom.  

(a) FDK reconstruction of the low-dose image; (b) FDK reconstruction of the high-dose image; 

(c) FDK reconstruction of the KL-PWLS smoothed low-dose image; (d) FDK reconstruction of 

the PWLS smoothed low-dose image. The noise level of both the KL-PWLS and PWLS 

smoothed reconstruction images is identical to that of the high-dose reconstruction image. The 

smoothing parameters are summarized in Table 3-1. Display window is [0, 0.02] mm
-1

.  

 

          To evaluate the algorithms in a more realistic situation, a study using an anthropomorphic 

head phantom was conducted. A representative slice of the reconstruction results from the 
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anthropomorphic head phantom are shown in Fig. 3-6. Figure 3-6(a) shows the FDK 

reconstructed CBCT image from the original projection data acquired using the low-dose 

protocol (10 mA/10 ms); figure 3-6(b) shows the FDK reconstruction from  projection data of 

the high-dose protocol (80 mA/10 ms). Figures 3-6(c) and 3-6(d) show the FDK reconstructions 

from KL-PWLS and PWLS smoothed low-dose projection data, respectively. By adjusting the 

smoothing parameter β, the noise level of the smoothed low-dose reconstruction images, as 

shown in Fig. 3-6c and Fig. 3-6d, is similar to that of the high-dose reference in Fig. 3-6(b).  

           
Figure 3-7 Comparison of the horizontal profile. 

The profile is indicated by a red line in Fig.3-6(a), for both KL-PWLS and PWLS smoothed 

reconstruction images, as well as the high-dose FDK, as shown in Figs. 3-6(c) to 3-6(d), 

respectively. 

         
          For a better illustration, a horizontal profile (indicated by a solid line in Fig. 3-6(a)) is 

plotted in Fig. 3-7 for each projection smoothing algorithm and the high-dose image.  By 

incorporating previous image information, KL-PWLS algorithms demonstrate better edge- and 

contrast-preservation. Along the profile shown in Fig. 3-7, the KL-PWLS processed image 
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shows sharper edges and higher contrast than the PWLS processed image. The profile of the KL-

PWLS processed image is comparable to the profile of the high-dose reference image.   

  β – values 

CatPhan phantom 
KL-PWLS 2.5×10

2 8×10
2 1.6×10

3 2.7×10
3 4.8×10

3 1×10
4 3×10

4 

PWLS 4.7×10
2
 6.2×10

2
 8.5×10

2
 1.2×10

3
 2×10

3
 4×10

3
 1.5×10

4
 

Head phantom 
KL-PWLS 

PWLS 

4.2×10
3 

2×10
3
 

Patient  
KLPWLS 2.2×10

4
 

PWLS 3.2×10
3
 

Table 3-1 A summary of β values that have been used for the noise-resolution tradeoff 

measurement of the CatPhan phantom study, the anthropomorphic head phantom study 

and the patient study.  

 

3.3.5. Reconstruction Results of the Patient Data 

 

          The effectiveness of the algorithm was also evaluated using CBCT of a head and neck 

cancer patient. Representative slices of the reconstructed patient images are shown in Fig. 3-8. 

Figure 3-8(a) shows the FDK reconstructed CBCT image from the original projection data; 

figure 3-8(b) shows the FDK reconstructed CBCT image from the KL-PWLS smoothed 

projection data by incorporating two previous CBCT scans; figure 3-8(c) shows the FDK 

reconstruction from  the PWLS smoothed low-dose projection data. By adjusting the smoothing 

parameter β, the noise level of the smoothed low-dose reconstruction images, as shown in Fig. 3-

8b and Fig. 3-8c, are matched to each other (STD=5.6×10
-4

), which is much smaller than that of 

the original image (STD=1.6×10
-3

), as shown in Fig. 3-8a.  For better illustration, an enlarged 
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region of nasal bony structure, as outlined by a white block in Fig. 3-8a, is overlaid at the right 

bottom of each reconstructed CBCT image. To further illustrate the difference between the 

images processed by PWLS and KL-PWLS algorithms, a horizontal profile through a bony 

structure is plotted in Fig. 3-9. The plot in Fig. 3-9 shows that the edge is better preserved by 

KL-PWLS algorithm than the PWLS algorithm.  

 

 
(a)  

     
(b)                                                               (c) 

Figure 3-8 One slice of the CBCT reconstruction of the patient.  

An enlarged region, which is indicated by a white square in (a), is overlaid at the corner: (a) FDK 

reconstruction of the low-dose image; (b) FDK reconstruction of the KL-PWLS smoothed low-

dose image; (c) FDK reconstruction of the PWLS smoothed low-dose image. Both the KL-

PWLS and PWLS smoothed reconstruction images are of the same noise level. The smoothing 

parameters are summarized in Table 3-1. Display window is [0, 0.02] mm
-1

.  
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Figure 3-9 Comparison of a horizontal profile of patient CBCT 

Profile is indicated by a red line in Fig. 3-8(b), for both KL-PWLS and PWLS smoothed 

reconstruction images.  

3.4. DISCUSSION AND CONCLUSION 

 

          In this study, a KL-PWLS algorithm was proposed to reduce the noise of on-treatment 

low-dose CBCT by incorporating the previously acquired CBCT scans. Specifically, the KL 

transform was used to extract the information of previously existing CBCT images. The 

proposed KL-PWLS strategy achieved better image quality for noise reduction of low-dose 

CBCT, as compared to the conventional PWLS smoothing that was applied to the on-treatment 

CBCT projections alone. The KL transform decomposed highly correlated observations into 

orthogonal components, with the components being ordered in terms of decreasing SNR [109]. 

As a smaller dl was associated with a smaller SNR, β/dl performed stronger smoothing on the 

noisier components. Thus, at a similar resolution level, the KL-PWLS processed CBCT images 
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are less noisy than the PWLS processed images. Based on this observation, further imaging dose 

reduction can be achieved using the KL-PWLS, as compared to direct PWLS. 

          In this work, we adopted an image alignment algorithm to correct the misalignment of the 

projection images between different fractions based on rigid translation of the CBCT images. As 

demonstrated in this study, excellent results were obtained in both of the phantom studies and in 

a head-and-neck cancer patient. It is noted that only two previous scans were incorporated into 

the KL-PWLS in the patient study. Thus, the proposed KL-PWLS technique can be readily 

applied to regions where changes occur slowly over a course of treatment, e.g. head and neck 

region. On the other hand, it has also been shown that if the discrepancy between the images is 

smaller, the performance the KL transform is generally better [114]. Thus, for regions where 

large deformable changes may happen from scan to scan (e.g., pelvic region), the benefit of the 

KL-PWLS may diminish if the projections from different scans are not well-aligned before KL 

transform. In such situations, deformable registration maybe employed to align projection image, 

in order to fully realize the potential of the KL-PWLS. A thorough study is needed to investigate 

the effectiveness of projection domain deformable registration for KL-PWLS to be applied on 

the regions of large changes from scan to scan. It is perhaps worth mentioning that one potential 

challenge when dealing with deformable motion is the validation of the noise suppression 

algorithm because of the general lack of the ‘‘ground truth’’. This issue can be partially resolved 

with the development of a deformable phantom [115]. 

          Noise reduction techniques, such as PWLS and KL-PWLS, can substantially improve the 

signal to noise ratio (SNR) in processed low-dose CBCT. This will in turn facilitate many 

subsequent tasks that depend on the image quality of CBCT, such as image registration, auto 



75 

 

alignment, contour propagation and dose calculation in adaptive therapy. While the purpose of 

this study is not to directly evaluate the clinical impact of the noise reduction algorithm (e.g. 

improve accuracy of IGRT), we believe that noise suppression in low-dose CBCT will facilitate 

physician/therapist to align the patient based on visual inspection of the blown-up region in 

figure 3-8. 

          Compared to the conventional PWLS algorithm, which is applied only to the on-treatment 

CBCT projections, additional computation is involved in the proposed KL-PWLS strategy. This 

includes the computation time of the KL decomposition and the inverse KL transform. The KL-

PWLS procedure on one projection view requires approximately 7 seconds using a PC with a 

3.0GHz CPU. Nevertheless, the algorithm is readily implemented in a parallel fashion, due to 

independent processing of each projection views as well as each KL component. Thus, the 

proposed algorithm is suitable to run on PC clusters or on graphic processing units (GPU), which 

will make it feasible for online real-time application.  

          In summary, we propose a KL transform based PWLS algorithm to incorporate prior 

CBCT scans to enhance image quality of an on-treatment low-dose CBCT. Results of a noise-

resolution tradeoff study show that by incorporating previous CBCT scans, KL-PWLS 

smoothing outperforms PWLS smoothing applied directly on the on-treatment CBCT 

projections. By introducing a component specified smoothing parameter l
d/β

, the proposed 

algorithm provides an extra gain in preserving edge-information in reconstructed CBCT images, 

while suppressing the noise. The KL-PWLS algorithm also preserves image information better 

when reconstructing small objects of the CBCT images, as shown in both phantom and patient 

studies. 
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4 CHAPTER FOUR 

A Moving Blocker System for CBCT Scatter Correction 

 

          

          In this chapter, we experimentally demonstrate the effectiveness of the moving blocker 

strategy by constructing a moving blocker system and integrating it into a LINAC on-board kV 

CBCT system. In addition to a standard quality assurance phantom, an anthropomorphic pelvis 

phantom was employed to evaluate the performance of the moving blocker system.  

 

4.1 METHODS AND MATERIALS 

 

4.1.1 Construction of the Moving Blocker System 

 
Figure 4-1 Illustration of the integration of a moving blocker system into an on-board 

imaging system.  

detector 
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A blocker is inserted between the X-ray source and the imaging object and it moves back and 

forth along the gantry rotation axis during CBCT acquisition. The source-to-blocker distance is 

310 mm, while the source-to-detector distance is 1536 mm in this study. 

 

          A beam attenuation blocker is inserted between the x-ray source and the object to measure 

the scatter signal. Motion control equipment is connected to move the blocker back and forth 

along the rotation axis during CBCT acquisition. Figure 4-1 shows the configuration of the 

moving blocker system integrated with the CBCT system. The blocker consists of equally spaced 

lead strips embedded on a 5 mm acrylic board (120 mm × 180 mm).  The lead strips are 3.2 mm 

in thickness, 3.2 mm in width, and are placed with a 3.2 mm pitch. The lead strips of the blocker 

are aligned perpendicular to the rotation axis, as indicated in Fig. 4-1, and cover the entire FOV 

all the time at a source-to-blocker distance of 310 mm.  

          Figure 4-2 shows the in-house made moving blocker system installed on the arm of the kV 

source. In addition to the lead-strip blocker (labeled 'A' in Fig. 4-2), the moving blocker system 

is also composed of a linear motion guide actuator (B) (KR20, THK CO., LTD. Tokyo, Japan), a 

bipolar step motor (C) (HT17S, RMS Technologies Inc., Carson City, NV) and an 1-axis motion 

controller/driver (D) (TMCM-110, RMS Technologies Inc., Carson City, NV). The blocker is 

mounted on the actuator, which converts the rotation of the step motor into linear motion of the 

blocker. The motion of the step motor is programmed and controlled by the controller/driver. 

The linear motion speed of the blocker is set to 1.7 cm/s and the trajectory of the moving blocker 

during data acquisition is plotted in figure 4-3. An acrylic/aluminum rack is customized to hold 

the moving blocker system on the arms of the kV imaging source. In this study, the whole 

system is integrated with an Elekta Synergy XVI system (Elekta AB, Stockholm, Sweden). 
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Figure 4-4 shows one raw projection image of a pelvis phantom after applying the moving 

blocker.  

  
Figure 4-2 A customized moving blocker system mounted on a Elekta Synergy XVI system. 

Components of the moving blocker system are labeled as: A. a lead-strip blocker; B. a linear 

motion guide actuator; C. a bipolar step motor; D. a 1-axis motion controller/diver.           

 

Figure 4-3 One cycle of the trajectory of the moving blocker. 
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Figure 4-4 One raw projection image of the pelvis phantom acquired with the moving 

blocker system.    

 

4.1.2 Scatter Correction Scheme 

 

          During the moving blocker CBCT acquisition, detected signal in the blocked region is 

assumed to be attributed to scatter photons only, while the measured signal in the un-blocked 

region is contributed by both primary and scattered photons. Previous studies [47, 48] have 

showed that the scatter signal of CBCT projection is smooth and low-frequency signal. Here, the 

scatter signal detected in the blocked region was used to estimate the scatter fluence of the un-

blocked region using cubic B-Spline interpolation. To avoid the penumbra effect of the strips, 

data from regions adjacent to the edges of the strips were excluded, and only the central one-

third of each blocked region was used in the scatter estimation in the experimental study. Before 

interpolation, a 3×3 median filter was applied to exclude extremity values of the measured 
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scatters. A 1D 9-pixel moving average filter perpendicular to the lead strips was also used to 

further smooth the interpolated scatter maps [44, 50]. Primary signal in un-blocked region was 

obtained by subtracting the estimated scatter signal. A line integral of each ray in un-blocked 

region was then calculated by the logarithmic transform. To obtain accurate line integrals, a 

normalization scan (air scan) was acquired with the same moving blocker system, and signal 

detected in the un-blocked region was interpolated into the blocked region to get the air scan for 

the full FOV. About 650 interpolated projections were averaged to form the normalization map. 

Image reconstruction was then performed on the corrected un-blocked partial projection data.    

 

4.1.3 Iterative Image Reconstruction 

 

          In this study, a statistic-based iterative reconstruction algorithm is adopted to reconstruct 

the CBCT image from the partially blocked projection data. The algorithm is based on the PWLS 

criterion [69, 116], where the TV of image is used as the penalty term [117]. For simplicity, we 

refer this algorithm as PWLS-TV in the following of this paper.  Specifically, the discrete image 

µ is generated by minimizing the cost function as following: 
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where p is the vector of log-transformed projection measurements after scatter correction and µ 

is the vector of attenuation coefficients to be reconstructed. A is the system matrix, whose 

element aij is the length of the intersection of projection ray j with pixel i, and the symbol T 

denotes the transpose operator. Here, aij is calculated by Siddon’s fast ray-tracing technique 

[118]. The first term in equation (4-1) is the WLS, where the square difference is weighted by 



81 

 

the variance of the measurement at each detector bin
20

. The second term of equation (4-1) is the 

TV of the image, which is defined as: 
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where x, y and z indicate the 3-D coordinate of each voxel µ of the reconstructed image. β in 

equation (4-1) is the smoothing parameter, which controls the strength of the penalty. The WLS 

term is normalized by the l2-norm of the partially un-blocked projection, while the TV is 

normalized by the l1-norm of the attenuation efficient [119]. The normalization terms are used to 

make both terms of equation (4-1) dimensionless and unit-less [119, 120].   

          Nonlinear conjugated gradient (CG) method [121] is used to minimize the cost function 

defined by equation (4-1). During CG iterations, the gradient is calculated by the partial 

derivation of the cost function to µ: 
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where ∇‖����‖�� denotes the derivation of the 3D TV of each voxel µx,y,z, which is derived as: 
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                (4-4)   

Details of the CG algorithm implementation with backtracking line search [79, 121] are 

described in the following: 

Parameter setup: 
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Iteration = 500    - number of maximum iterations 

MagGrad = 1 × 10��    - magnitude of gradient as a stopping criteria 

� = 1 × 10��;   � = 0.5    - two parameters in backtracking line search 

Initialization: 

i = 0;  μ� = 0; 

�� = ∇��μ��;    d� = −��; 

Iteration: 

While (i < 	
��
��� and ‖��‖� > �����) 

     t=1; 

     while ���μ	 + td� > ��μ	� + εt∇��μ	�d	� 
 
 = �
; 

     μ
�� = μ
 + 
�
; 
     �	�� = ∇��μ	���; 

     � =
���
� �������

�
��

; 

     �
�� = − �	�� + ��
.  
          For each phantom, a normal CBCT was acquired without the moving blocker system or 

scatter correction. Subsequently, a CBCT acquired with the moving blocker system was also 

reconstructed after scatter correction. For comparison purpose, all the CBCT images were 

reconstructed with the PWLS-TV algorithm. Five hundred iterations were used for both CBCTs, 

where the decrease of the cost function for each CBCT reconstruction was no longer significant. 

The smoothing parameter β of PWLS-TV algorithm was adjusted carefully for each 

reconstruction that the reconstructed CBCT image has the same noise level of its corresponding 
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fan-beam MDCT image. The noise-level was calculated as the standard deviation of a central 

uniform region of each phantom. 

 

4.1.4 Data Acquisition 

 

          To evaluate the performance of the moving-blocker system, both a Catphan
®
 600 phantom 

(The Phantom Laboratory Inc., Salem, NY) and an anthropomorphic pelvis phantom CIRS 801-P 

(Computerized Imaging Reference Systems Inc., Norfolk, VA) were used for CBCT acquisition. 

The pelvis phantom is a realistic tissue equivalent phantom, designed for imaging and dosimetry 

applications. The anatomy dimensions of the phantom are based on The Visible Human Project 

dataset. And the materials of the phantom mimic the density and radiation attenuation properties 

of human tissue. Data acquisitions were performed on the integrated moving-blocker CBCT 

system as described in section II.A. A CBCT scan of the Catphan phantom was acquired with a 

full circle, small FOV protocol. A S20 collimator and a F0 filter were used. The X-ray tube 

voltage was 120 kVp and the tube current/time was 25mA/10ms per projection. In each scan, 

approximately 650 projections were acquired in about 2 minutes. Each projection data contains 

512×512 pixels with a pixel size of 0.8×0.8 mm
2
. The voxel size of the CBCT reconstruction 

was 0.55×0.55×0.55 mm
3
. A normal CBCT scan without the moving blocker was also acquired 

for comparison. A MDCT was also acquired with a GE Discovery ST CT scanner (GE Medical 

System, Milwaukee, WI), serving as the benchmark. 

          A full circle, medium FOV protocol was used to acquire CBCT of the anthropomorphic 

pelvis phantom with a M20 collimator and a F1 bow-tie filter. The X-ray tube settings for this 
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protocol were 120 kVp and 80mA/20ms. Projection data was acquired with an imaging penal 

offset of 115 mm at a source-to-detector distance of 1536 mm. A moving blocker CBCT, a 

normal CBCT without blocker and a MDCT were acquired for comparison. The CBCT images 

were reconstructed to a resolution of 1×1×1 mm
3
. 

 

4.1.5 Performance Evaluation 

 

          To quantitatively evaluate the effectiveness of the installed moving blocker system on 

CBCT scatter correction, we first compared the non-uniformity (NU) of each reconstructed 

Catphan phantom image, which is defined as 

�� = ������

�����
� × 100%,                                               (4-5) 

where µp and µc denote the mean linear attenuation coefficient at the peripheral and central 

regions of a uniform region of Fig. 4-5, respectively.  

          To quantify the CT number accuracy of reconstructed CBCT images, uniform regions 

were selected in both the Catphan phantom and the anthropomorphic pelvis phantom as the 

ROIs. Mean values of CT number within the ROIs were calculated in each CBCT reconstruction 

and compared to those of the MDCT images. The selected ROIs for Catphan phantom and the 

pelvis phantom are delineated and labeled in Fig. 4-6(a) and Fig. 4-7(a), respectively. The 

inaccuracy of CT number in CBCT was quantified by the root mean square error (RMSE) in the 

selected ROIs using the following equation: 

���� = �∑ �� ����� − � ���� !�/��
��� ,                                 (4-6) 
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where  � �����  and  � ����  denote the mean CT number of the k-th ROI for CBCT and fan-beam 

MDCT, respectively, and N denotes the total number of ROIs for each image. 

 

4.2 RESULTS 

 

          In this section, experimental results of both phantoms are presented. First, quantitative 

comparisons on the image uniformity and the CT number accuracy between each CBCT and the 

MDCT are shown on the Catphan phantom. Second, reconstruction results of the 

anthropomorphic phantom are showed in both an axial view and a coronal view. Quantitative 

comparison of the CT number accuracy was also performed on the pelvis phantom on the 

selected ROIs. 

 

4.2.1 Reconstruction Results of the Catphan 600
®
 Phantom  

 

          Figures 4-5 and 4-6 show different axial slices of the Catphan® 600 phantom images 

obtained at different acquisition conditions. Images (a) in Figs. 4-5 and 4-6 show the 

reconstruction of the non-blocker CBCT image without any scatter correction. Shading artifacts, 

which make the image center darker than the periphery regions, are observed from these images. 

On the contrary, image uniformity is better achieved and shading artifacts are greatly suppressed 

in the CBCT image acquired with the moving blocker system after the scatter correction as 

shown in images (b) in Figs. 4-5 and 4-6. Images (c) of in Figs. 4-5 and 4-6 are corresponding 

slices of the fan-beam MDCT scan, which served as benchmarks for quantitative evaluation. 
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(a)                                          (b)                                          (c) 

Figure 4-5 One axial slice of the Catphan
®
 600 phantom.  

(a) PWLS-TV reconstruction from scatter-contaminated normal projection data; (b) PWLS-TV 

reconstruction from scatter-corrected moving blocker data; (c) benchmark fan-beam MDCT 

image. The central uniform region was used for non-uniformity evaluation. Display window [-

800, 600] HU. 

 

 
(a)                                          (b)                                          (c) 

Figure 4-6 One axial slice of the Catphan
®
 600 phantom sensitometry module. 

(a) PWLS-TV reconstruction from scatter-contaminated normal projection data; (b) PWLS-TV 

reconstruction from scatter-corrected moving blocker data; (c) benchmark fan-beam MDCT 

image. ROIs labeled in (a) were used for evaluating CT number accuracy. Display window [-

800, 600] HU.  

 
          With severe shading artifacts, NU calculated from Fig. 4-5(a) is 5.1%. NU in the CBCT 

acquired with moving blocker after scatter correction decreases to 0.12%, which is close to 

0.02% of the fan-beam MDCT shown in Fig. 4-5(c). 

          Table 4-1 lists the CT numbers of different ROIs in Fig. 4-6. The RMSE of CT number is 

318 in the CBCT image acquired without the blocker and the scatter correction. After applying 

ROI 4 

ROI 5 

ROI 6 

ROI 1 

ROI 2 

ROI3  

ROI 7 
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the proposed scatter correction strategy, the RMSE of the CT number reduced to 17 in the CBCT 

image acquired with the moving blocker system. 

 ROI1 ROI2 ROI3 ROI4 ROI5 ROI6 ROI7 RMSE 

MDCT fan-beam 369 949 -947 -151 -64 -9 -951 
 

Normal CBCT 49 335 -636 -223 -179 -145 -645 318 

Moving blocker 

CBCT with scatter 

correction 

355 947 -929 -140 -69 -2 -914 17 

Table 4-1 Comparison of the CT number of 7 ROIs of the Catphan® 600 phantom 

sensitometry module. 

 

 
(a)                                          (b)                                          (c) 

 
(d)                                          (e)                                          (f) 

Figure 4-7 One axial slice (in the first row) and one coronal slice (in the second row) of the 

anthropomorphic pelvis phantom. 

(a)(d) PWLS-TV reconstruction from scatter-contaminated normal projection data; (b)(e) PWLS-

TV reconstruction from scatter-corrected moving blocker data; (c)(f) benchmark fan-beam 

MDCT image. ROIs labeled in (a) were used for evaluating CT number accuracy. Display 

window [-500, 1000] HU. 
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4.2.2 Reconstruction results of the anthropomorphic pelvis phantom      

 

          Figure 4-7 shows one axial slice (in the first row) and one coronal slice (in the second row) 

of each reconstruction image of the anthropomorphic pelvis phantom. Figure 4-7(a) and (d) are 

showing the PWLS-TV reconstructed CBCT from the non-blocker projections; (b) and (e) are 

the CBCT reconstruction from the scatter-corrected, partially blocked projections acquired with 

the moving blocker system, and (c) and (f) are similar slices of the fan-beam MDCT image. The 

coronal slices are shown to illustrate the ability of the proposed strategy to reconstruct the 

complete volume within the entire FOV. All the images are displayed at the same window level. 

The image without the blocker and scatter correction, as shown in Fig. 4-7(a) and (d), is 

degraded by severe shading artifacts caused by the scatter contamination. The image intensity, 

i.e. CT numbers, of both soft tissues and bony structures decreases significantly, which in turn 

reduces the image contrast, especially at the central soft tissues. In Figs. 4-7(a) and (d), soft 

tissue organs cannot be distinguished in the center regions. On the other hand, both intensity and 

contrast of the images are greatly recovered in the CBCT reconstructed from the scatter-

corrected moving blocker projections, as shown in Figs. 4-7(b) and (e).  

          To further illustrate the effectiveness of the proposed moving blocker scatter correction 

strategy, horizontal profiles of images in Fig. 4-7 were plotted in Fig. 4-8. The profiles were 

obtained at a yellow dashed line indicated in Fig. 4-7(c). After applying scatter correction on the 

projection data acquired with the moving blocker, the PWLS-TV reconstructed CBCT image 

shows similar image intensity to that of the MDCT for both bones and soft tissues. The 
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shading/cupping effect shown in profile of Fig 4-7(a) was also corrected in the profile from Fig. 

4-7(b).   

 
Figure 4-8 Comparison of the horizontal profile. 

Profile is indicated by a yellow dashed line in Fig. 4-7(c), for both normal non-blocker CBCT 

and moving blocker CBCT with scatter correction images, as well as the profile of MDCT, as 

shown in Figs. 4-7(a)-7(c), respectively. 

 

          Table 4-2 summarizes the mean CT number of ROIs delineated in Fig. 4-7(a), and the 

RMSE between each CBCT reconstruction and the MDCT. The RMSE reduced from 239 of Fig. 

4-7(a) to 10 of Fig. 4-7(b), after the scatter correction was performed in the partially un-blocked 

projections acquired with the moving blocker system.  

 ROI1 ROI2 ROI3 RMSE 

MDCT fan-beam 69 70 -58  

Normal CBCT -214 -201 -191 239 

Moving blocker CBCT 

with scatter correction 
70 67 -42 10 

Table 4-2 Comparison of the CT number of 3 ROIs of the anthropomorphic pelvis 

phantom. 
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4.3 DISCUSSION AND CONCLUSION 

 

          In this study, a motor-controlled moving blocker system was physically constructed and 

integrated into a LINAC on-board CBCT imaging system. A statistics-based iterative image 

reconstruction was modified to reconstruct CBCT from partial projections acquired with the 

moving blocker system. Experiment study was performed on a Catphan phantom with a small 

FOV protocol at first. The system was then tested in a more realistic and more challenging 

situation, where a realistic pelvis phantom with a large imaging volume was used for CBCT 

acquisition with a large cone angle. For the Catphan phantom, similar results were achieved as 

compared to the results obtained by a simulated moving blocker in our previous study [122]. In 

the previous work [122], the blocker strips were shifted manually and then a complete set of 

projections was retrospectively selected from different sets of projection data sets. Specifically, 

five CBCT scans were performed while the phantom was kept stationary. During each scan, the 

blocker was shifted 1 mm along the gantry rotation direction. To simulate continuous motion of 

the blocker during gantry rotation, the projection data of a single CBCT scan were selected from 

one of the five scans. Our previous work [122] can be considered as a "proof-of-concept" study 

that demonstrates the feasibility of the proposed scatter correction scheme. The results presented 

in this work demonstrated experimentally that the proposed moving blocker system can 

successfully correct the scatter-related artifacts of CBCT in more realistic conditions. 

          One advantage of the current moving blocker system is its simplicity, which does not 

impose strict requirement on the motion system. For example, the motion of the current system is 

not synchronized with the gantry rotation and the moving speed of the blocker is not at a 
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constant due to the acceleration and deceleration (intrinsic features of the linear translation stage 

when it changes its direction). Thus, this moving blocker system can be easily integrated into any 

existing on-board CBCT system. On the other hand, the motion trajectory of the blocker and the 

blocker design, such as the width of the lead strip and the space between neighboring lead strips, 

are not optimized in current experimental study. While the blocker of simple design presented in 

this study is effective in scatter correction, its performance can be further improved by 

optimizing its geometric design and motion pattern.     

          The data acquired using the moving blocker system poses challenges on conventional 

CBCT image reconstruction algorithms. In this reconstruction problem, only limited projection 

data is available for reconstruction, caused by the lead-strip blocker. Furthermore, due to the 

variable moving speed of the blocker, the available projection data distribute un-evenly for 

certain part of the imaging object. Both the undersampling and the irregular angular distribution 

of the projections may cause streaking artifacts in the reconstructed image, when analytical 

reconstruction algorithms are used, such as FDK algorithm [67]. Additionally, as scatter 

correction method assumes smooth scatter distributions, the high-frequency scatter noise remains 

in the projection images after scatter correction. Thus, we adopted a statistics-based iterative 

image construction algorithm based on the PWLS criterion with a TV regularization term. The 

statistical noise property of projection data is incorporated by the WLS term which offers 

excellent solution for noise suppression. Additionally, TV regularization offers advantages for 

image reconstruction of limited irregular projections [119, 120]. Therefore, the PWLS-TV 

algorithm is well-suited for image reconstruction problem presented in this work. Currently, the 

reconstruction algorithm is coded in a non-parallel fashion with C++, and, it takes about ten 
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hours for the iterative PWLS-TV to reconstruct CBCT of the pelvis phantom with a 3.07Hz Intel 

Core i7 CPU. However, a parallel implementation of the algorithm will make it suitable to run 

the algorithm on PC clusters or on GPUs, which in turn will decrease the computation time 

dramatically. Recently Jia et al [123] performed a GPU study of a similar CBCT reconstruction 

via total variation. The reconstruction time from 40 projections was about 130 sec on a NVIDIA 

Tesla C1060 GPU card. By adding more GPU cards, it is possible to make the iterative 

reconstruction suitable for online applications.      

          Although CT numbers of the soft tissue/organs of the pelvis phantom have been recovered 

as shown in section III.B, the image of the scatter corrected CBCT reconstruction is still not the 

same as the fan-beam MDCT image (refer to Fig. 4-7). Direct comparison of image profiles in 

Fig. 4-8 also showed image intensity mismatch between the scatter corrected CBCT and the 

MDCT, especially for the bony structures. These discrepancies may be caused by the beam 

hardening effect, which is not considered in this study. While the focus of present study is on 

scatter correction, we plan to incorporate the beam hardening correction into the proposed scatter 

correction strategy to further enhance the image quality of CBCT in a future study.   

          Image lag, caused by the trapping of charges in the flat panel imager, affects the CBCT 

image quality by superimposing residual signal readings of previous frames on the current image 

[37]. A recent simulation study by Ren et al [124] showed  that the lag effects is corrected 

simultaneously during a synchronized-moving-grid based scatter correction. Due to the moving 

blocker, the measured signals from both blocked and unblocked regions of the FPI contain 

roughly comparable amount of lag signals. Therefore, the lag effects are corrected to certain 

extend, when the estimated signal from the blocked regions is subtracted from the unblocked 
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signal during scatter correction. Although the motion pattern of the blocker/grid and the image 

reconstruction strategy are quite different in our study, the potential of using the moving 

blocker/grid for the lag correction is the same in our moving blocker based scatter correction 

strategy. In our current experimental setup, lag signal cannot be separated from scatter or 

primary signal in either blocked or unblocked regions of the imager. A Monte Carlo simulation is 

desired to investigate the effect of the moving blocker on image lag correction in a future study.   

          In summary, we have successfully integrated a moving blocker system into a LINAC on-

board CBCT imaging system. With the integrated system, the scatter signal in the CBCT 

projection data was estimated and subtracted before CBCT image reconstruction. By using the 

moving blocker system, scatter-corrected CBCT is acquired in a single scan without sacrificing 

any part of the object within FOV. The CBCT images reconstructed from the moving blocker 

scans after scatter correction show greatly suppressed shading artifacts and dramatically 

improved CT number accuracy. High-quality CBCT acquired with our moving blocker system 

can improve anatomical visualization and dose calculation accuracy in patient treatment position, 

which are essential for the adaptive radiation therapy. 
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5 CHAPTER FIVE 

A Moving-Blocker-Based Strategy for Simultaneous MV and KV Scatter 

Correction in CBCT Image Acquired During VMAT 

 
5.1 INTRODUCTION 

 

          As rotational radiation therapy technique, such as VMAT [125], gains popularity in IMRT 

and SBRT, efforts have been made to acquire kV CBCT during the beam delivery [126, 127], in 

order to provide the 3D anatomy in vivo for more accurate plan verification and ART [21, 22]. 

As discussed in chapter one, during the concurrent CBCT/VMAT acquisition, large amount of 

scatter photons of the MV beam can reach the kV imaging detector panel [128], along with the 

scatter photons from the kV imaging source. Similar to the effect of kV scatter, the MV scatter 

photons will further degrades the image quality by aggravating shading artifacts, which leads to 

decreased image contrast and inaccurate CT number in the reconstructed CBCT image.  

          Compared to the kV scatter, estimation of the MV scatter is much more complicated. It 

depends not only on geometry of the imaging object and MV beam energy, but also the field 

shape and dose rate of the MV beam during VMAT delivery. In a dynamic VMAT plan, the field 

shape and dose rate of the MV beam keep changing in order to obtain an optimized dose 

distribution. Therefore, it is challenging to use model based algorithms to estimate MV scatter, 

such as kernel based scatter estimation [129, 130] and Monte Carlo simulation [131]. On the 

contrary, measurement based scatter correction strategies may provide a practical solution. In 

this chapter, a moving-blocker based approach, which is similar to the one used for kV CBCT 

scatter correction, as described in chapter four, is proposed to simultaneously estimate the kV 

and MV scatter signal and reconstruct the complete volume within the FOV from a single CBCT 
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scan. In the scenario of concurrent kV-MV acquisition with moving blocker, signal measured in 

the blocked region on the detector panel is assumed to be contributed by both MV and kV scatter 

and used to estimate both scatter signals in the unblocked region through interpolation. Primary 

signal in the unblocked region is then obtained via subtracting the estimated scatter signal and 

used for CBCT reconstruction. In this work, phantom studies are performed to evaluate the 

efficiency of using the moving blocker to correct both MV and kV scatter in MV contaminated 

kV CBCT acquired concurrently with rotational radiation therapy. 

 

5.2 METHODS AND MATERIALS 

 

5.2.1 Moving-blocker-based Scatter Correction Scheme  

 

          Figure 5-1 shows the integration of the moving blocker and an on-board CBCT system, 

where the blocker is inserted between the X-ray source and the patient and moves back and forth 

along the gantry rotation axis during the image acquisition. The blocker consists of equally 

spaced lead strips embedded on a 5 mm thick acrylic board (120 mm × 180 mm).  The lead strips 

are 3.2 mm in thickness, 3.2 mm in width, and are placed with a 3.2 mm pitch. The lead strips of 

the blocker are aligned perpendicular to the rotation axis, as indicated in Fig. 5-1, and cover the 

entire FOV all the time at a source-to-blocker distance of 232 mm. 
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Figure 5-1 Illustration of the integration of a moving blocker system into an on-board 

imaging system.  

A blocker is inserted between the X-ray source and the imaging object and it moves back and 

forth along the gantry rotation axis during CBCT acquisition. The source-to-blocker distance is 

232 mm andthe source-to-detector distance is 1500 mm. 

  

          During the concurrent CBCT/VMAT acquisition, detected signal in the blocked region of 

kV detector is assumed to be attributed to scatter photons from both MV scatter photons of the 

VMAT treatment beam and kV imaging scatter photons going through the gaps of the lead strips 

of the blocker. The measured signal in the un-blocked region is contributed by both primary and 

scatter photons. Previous studies [47, 48, 56, 132] have shown that both the MV and kV scatter 

signals of CBCT projection are smooth and low-frequency signals. Hence, the scatter signal 

detected in the blocked region was used to estimate the scatter fluence of the un-blocked region 

through cubic B-Spline interpolation. To avoid the penumbra effect of the lead strips, data from 

regions adjacent to the edges of the strips were excluded, and only the central one-third of each 

blocked region was used in the scatter estimation. Before interpolation, a 3×3 median filter was 
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applied to exclude extremity values of the measured scatters. A 1D 9-pixel moving average filter 

perpendicular to the lead strips was also used to further smooth the interpolated scatter maps [44, 

50]. Primary signal in the un-blocked region was obtained by subtracting the estimated scatter 

signal. A line integral of each ray in the un-blocked region was then calculated by the 

logarithmic transform. In this study, an iterative image reconstruction algorithm based on 

constrained optimization and total variation minimization (CO-TV) [72] is adopted to reconstruct 

CBCT from the partially blocked projection data [122].  

 

5.2.2 Data Acquisition 

 

          To evaluate the moving-blocker based approach on MV-kV scatter correction for CBCT 

acquired with concurrent VMAT, both a Catphan® 600 phantom (The Phantom Laboratory Inc., 

Salem, NY) and an anthropomorphic pelvis phantom CIRS 801-P (Computerized Imaging 

Reference Systems Inc., Norfolk, VA) were used for the concurrent CBCT/VMAT acquisition. 

The pelvis phantom is a realistic tissue equivalent phantom, designed for imaging and dosimetry 

applications. The anatomy dimensions of the phantom are based on The Visible Human Project 

dataset. And the materials of the phantom mimic the density and radiation attenuation properties 

of human tissue.  

          Concurrent CBCT/VMAT data acquisitions were performed on a TrueBeam LINAC 

system (Varian Medical Systems, Inc, Palo Alto, CA) in its Developer Mode. In the Catphan 

phantom experiment, an XML code was developed to enable acquiring kV projection images at 

11 fames/second during the delivery of a 720 MU single-arc VMAT plan with 360° gantry 
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rotation. The kV image acquisition of the concurrent CBCT/VMAT plan used a full-fan mode 

and a full-fan bow-tie filter, with a kV tube voltage of 120 kVp and a tube current/time of 

50mA/10ms. Each CBCT projection image contains 1024 × 786 pixels with a pixel size 

of 0.388 × 0.388 mm�. For the CIRS pelvis phantom experiment, a customized VMAT 

treatment plan was generated with the phantom’s planning CT to treat the prostate with 40 

fractions at a 1.80 Gy prescription dose. The plan contained two dynamic arcs, with 285 and 353 

MU respectively. The second arc was then used to perform the concurrent CBCT/VMAT 

experiment, where the kV image acquisition protocols include, 120 kVp and 80mA/20ms in a 

half-fan mode with a half-fan bow-tie filter. 

          To test the feasibility of using moving blocker for simultaneous MV and kV scatter 

correction, we performed the evaluation study on two phantoms where the motion of the blocker 

strips is simulated. Six CBCT scans were performed for each phantom during VMAT delivery. 

The blocker was shifted 1 mm towards gantry along the gantry rotation axis for each scan. To 

simulate continuous motion of the blocker during gantry rotation [122], the complete projection 

dataset of a ‘moving’ blocker CBCT scan was then selected from one of the six scans according 

to the following rule. For the n�� projection data, let r denotes the remainder after n is divided by 

12. If r is smaller than 6, the n�� projection data is chosen from r�� of those six data sets; if r is 

larger than or equal to 6, the n�� projection data is chosen from 12 − r��of those six data sets. 

Scatter correction and CBCT reconstruction with CO-TV were then performed on the projection 

dataset of the simulated moving blocker CBCT scan. For comparison, a normal kV CBCT scan 

and a concurrent CBCT/VMAT scan without a blocker were also performed on each phantom. 

FDK reconstructions were performed on the non-blocker datasets. The CBCTs were 
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reconstructed with a resolution of 1×1×1 mm
3
. A fan-beam MDCT was also acquired for each 

phantom with a GE Discovery ST CT scanner (GE Medical System, Milwaukee, WI), serving as 

the benchmark for evaluation. 

 

5.2.3 Performance Evaluation 

 

          To quantitatively evaluate the effectiveness of the proposed moving-blocker strategy on 

correcting MV-kV scatter of CBCT acquired with concurrent rotational radiation therapy, CT 

number accuracy of reconstructed CBCT images was evaluated within selected uniform ROIs of 

the Catphan phantom. Mean values of CT number within the ROIs were calculated in each 

CBCT reconstruction and compared to those of the MDCT image. The selected ROIs for 

Catphan phantom are delineated and labeled in Fig. 5-2(a). The inaccuracy of CT number in 

CBCT was also quantified by the RMSE in the selected ROIs, as defined by equation 4-6, in the 

previous chapter.  

 

5.3 RESULTS 

 

5.3.1 Catphan 600® Phantom  

 

          Figures 5-2 shows one axial slice of the Catphan® 600 phantom obtained at different 

conditions. Image (a) in Fig. 5-2 shows the FDK reconstruction of the normal kV CBCT image 

without any scatter correction. Image (b) shows the MV scatter contaminated CBCT 
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reconstruction acquired with concurrent CBCT/VMAT. Shading artifacts are observed in both 

images, which lower the reconstructed CT number and the image contrast as compared with the 

MDCT image showing in fig. 5-2(d). It can also be observed that the shading artifacts in MV 

scatter contaminated CBCT are more severe than that in the normal kV CBCT. On the contrary, 

image intensity and contrast are better retained and shading artifacts are greatly suppressed in the 

concurrent MV-kV CBCT image after scatter correction with the moving blocker system, as 

shown in Fig. 5-2(c). Figure 5-2(d) is the corresponding slice of the fan-beam MDCT scan, 

which served as benchmarks for quantitative evaluation. 

 

Figure 5-2 One axial slice of the Catphan
®
 600 phantom sensitometry module. 

(a) FDK reconstruction from normal kV scatter-contaminated projection data; (b) FDK 

reconstruction from kV-MV scatter-contaminated CBCT/VAMT projection data; (c) CO-TV 

reconstructed from kV-MV scatter-corrected moving blocker CBCT/VMAT projection data; (d) 

benchmark fan-beam MDCT image. ROIs labeled in (a) were used for evaluating CT number 

accuracy. Display window [-600, 600] HU.  
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 ROI1 ROI2 ROI3 ROI4 ROI5 ROI6 ROI7 RMSE 

MDCT fan-beam 368 972 -975 -163 -73 -16  -975  

KV CBCT 266 743 -791 -147 -82 -46 -787 139 

KV-MV CBCT 13 256 -567 -217 -162 -135 -571 377 

KV-MV CBCT with 

Moving blocker 

scatter correction 

  423 1052 -958 -154 -77 -13 -958 38 

Table 5-1 Comparison of the CT number of 7 ROIs of the Catphan® 600 phantom 

sensitometry module. 

 

          Table 5-1 lists the CT numbers of different ROIs in Fig. 5-2. With shading artifacts, the 

RMSE of CT number is 139 in the normal kV CBCT image acquired without scatter correction. 

MV scatter in concurrent CBCT/VMAT further degrades the image quality, where RMSE of CT 

number is 377 in the reconstructed CBCT image without scatter correction. After applying the 

proposed scatter correction strategy, the RMSE of CT number is reduced to 38. 

 

5.3.2 Pelvis Phantom      

 

          Figure 5-3 shows one axial slice of reconstructed anthropomorphic pelvis phantom. Figure 

5-3(a) shows the FDK reconstructed CBCT from the normal kV CBCT projections. Figure 5-

3(b) shows the FDK reconstructed CBCT acquired with concurrent VMAT delivery without 

blocker. Figure 5-3(c) shows the CBCT reconstruction from partially blocked projections 

acquired with concurrent VMAT delivery after the scatter correction by the moving blocker 

system. Figure 5-3(d) shows a similar slice of the fan-beam MDCT image. All the images are 

displayed at the same window level. The images acquired without blocker or scatter correction, 

as shown in Fig. 5-3(a) and (b), are degraded by severe shading artifacts caused by either only 
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the kV scatter or both the kV and MV scatter contamination. The image intensity, i.e. CT 

numbers, of both soft tissues and bony structures decreases dramatically, which in turn reduces 

the image contrast, especially at the central soft tissues. In both figures, soft tissue organs cannot 

be distinguished in the center regions. On the other hand, both intensity and contrast of the 

images are greatly recovered in the CBCT reconstructed from the scatter-corrected projections 

acquired with moving blocker, as shown in Figs. 5-3(c).  

 
Figure 5-3 One axial slice of the anthropomorphic pelvis phantom.  

(a) FDK reconstruction from normal kV scatter-contaminated projection data; (b) FDK 

reconstruction from kV-MV scatter-contaminated CBCT/VMAT projection data; (c) CO-TV 

reconstructed from kV-MV scatter-corrected moving blocker CBCT/VMAT projection data; (d) 

benchmark fan-beam MDCT image. Display window [-500, 1000] HU. 

 

          To further illustrate the effectiveness of the proposed moving blocker scatter correction 

strategy, a horizontal profile of each image in Fig. 5-3 were plotted in Fig. 5-4. The profiles were 

obtained at a white dashed line indicated in Fig. 5-3(d). After applying scatter correction on the 

projection data acquired with the moving blocker, the CO-TV reconstructed CBCT image shows 
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comparable image intensity to that of the MDCT for both bones and soft tissues. The shading 

effect shown in profiles of Fig 5-3(a) and (b) was also corrected in the profile from Fig. 5-3(c).        

Figure 5-4 Comparison of the horizontal profile, as indicated by a white dashed line in 

figure 5-3(d). 

 

5.4 DISCUSSION AND CONCLUSION 

 

          In this study, a moving-blocker based scatter correction strategy is proposed to correct MV 

and kV scatter simultaneously in the CBCT acquired with concurrent rotational radiation 

therapy, i.e., VMAT. Experimental studies were performed on a Catphan phantom and an 

anthropomorphic pelvis phantom. Results of both phantom studies have shown that the MV 

scatter further degrades the CBCT image quality by increasing the CT number inaccuracy and 
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decreasing the image contrast, in addition to the artifacts caused by kV scatter. The proposed 

moving-blocker strategy can effectively correct the artifacts induced by both MV and kV scatter.    

In the Catphan phantom study, evaluation of CT number inaccuracy was quantified by the 

RMSE within selected ROIs. Results from Catphan study show that MV scatter introduces 

further CT number inaccuracy, as compared to the RMSE of the kV only CBCT image. The 

pelvis phantom results suggested that the proposed moving blocker strategy can be used to 

suppress the scatter artifacts in CBCT concurrently acquired during an ordinary prostate VMAT 

treatment delivery.  

          Compared to our previous studies, the normal kV only CBCT image acquired in this study 

was less disturbed by the scatter induced CT number inaccuracy. This is benefited from the anti-

scatter grid of the flat panel detector [133, 134] used by TrueBeam (PaxScan 4030CB, Varian 

Medical Systems, Inc., Palo Alto, CA). Although the anti-scatter grid can effectively mitigate 

large angled kV scatter, it is incapable for it to obstruct the MV scatter coming along the 

direction of the kV primary photon. Therefore, correction for the MV scatter contamination is 

unavoidable in the CBCT acquired concurrently with radiation therapy. 

          Different from our previous experimental study on an Elekta Synergy XVI system [135], 

the motor-controlled blocker system cannot be mounted on the Varian TrueBeam system used in 

this work at this moment. Therefore, experiments were performed using multiple scans with 

manually shifted stationary blocker and afterwards data sorting. This work can be considered as 

a "proof-of-concept" study. We plan to modify the design of the blocker system, so that it can be 

mounted on the Varian TrueBeam system. An experimental study with a true moving blocker 

system will be performed in a future study.     
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          In summary, the moving-blocker based scatter correction strategy has been proved to 

provide a simple solution to correct both MV and kV scatters simultaneously in the CBCT 

acquired with concurrent rotational radiation therapy. High-quality CBCT acquired concurrently 

with VMAT treatment provides the true anatomical information during the beam delivery. This 

provides a valuable tool for plan verification and ART applications.        
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6 CHAPTER SIX 

Conclusion and Future Work 

 

6.1 CONCLUSIONS 

 

          As CBCT gains popularity in image guidance of radiation therapy, concerns of the 

imaging dose of CBCT grow as well. One cost-effective way of decreasing CBCT dose is to use 

a lower mAs protocol during CBCT acquisition, which increases the noise level of CBCT. On 

the other hand, excessive scatter induced artifacts hinders the full implementation of CBCT in 

IGART. In this dissertation, both suboptimal conditions of CBCT are investigated.   

          Firstly, statistical reconstruction algorithms with edge-preserving abilities were 

investigated. Specifically, three anisotropic PWLS algorithms (PWLS-Exp, PWLS-InverseSqr 

and PWLS-TV) were compared on their performance for noise-suppression and edge-

preservation in both fully-sampled acquisition and under-sampled acquisition. The noise-

resolution tradeoff analysis showed that different anisotropic algorithms were favored at 

different image contrast levels. In reconstruction of the high contrast object, the PWLS-Exp was 

superior in edge-preservation, at a noise level comparable to the high-dose FDK results. When 

reconstructing low contrast objects, PWLS-TV outperforms the other two anisotropic PWLS 

algorithms. These results provided references in choosing proper algorithms for different clinic 

applications in order to achieve better edge-preservation at its targeted contrast and noise levels. 

          In addition to statistical reconstruction algorithms, incorporating prior information in noise 

depression of CBCT projections is also practical in restoring low-dose CBCT image quality. In 

this dissertation, a KL transform based PWLS algorithm was proposed, which incorporated prior 
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CBCT scans into image quality enhancement of an on-treatment low-dose CBCT. As compared 

to the PWLS smoothing applied directly on the on-treatment CBCT projections, KL-PWLS 

showed better performance on edge-preserving during noise suppression in both phantoms and 

patient studies. 

          Secondly, a moving blocker strategy for kV CBCT scatter correction was studied in this 

dissertation. A moving blocker system was successfully integrated into a LINAC on-board 

CBCT imaging system. Its performance on CT number accuracy was then evaluated 

experimentally with phantom studies. Results showed that the moving blocker scatter correction 

greatly suppressed shading artifacts and dramatically improved CT number accuracy in CBCT. 

Therefore, high-quality CBCT acquired with the moving blocker system can improve anatomical 

visualization and dose calculation accuracy in patient treatment position, which are essential for 

its application in IGART.  

          The moving-blocker based scatter correction strategy was also proposed to address the MV 

scatter issue in kV CBCT acquired with concurrent rotational radiation therapy. Results of 

phantom studies showed that this scatter correction strategy can correct both MV and kV scatter 

simultaneously and therefore provides high quality CBCT with little shading artifacts and HU 

error. Since high-quality CBCT acquired concurrently with VMAT treatment provides the true 

anatomical information during the beam delivery, the moving blocker based MV-kV scatter 

correction makes it possible to use the CBCT acquired during treatment for plan verification and 

ART applications.        
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          In summary, major issues in CBCT and its applications in IGRT were investigated in this 

dissertation. Promising results were achieved in obtaining low-dose as well as scatter corrected 

CBCT images. The optimized CBCT will facilitate future developments of IG(A)RT. 

  

6.2 FUTURE WORKS 

 

          Statistical iterative image reconstructions were used in both low-dose CBCT noise 

suppression and CBCT scatter correction in this dissertation. One hurdle of using the proposed 

iterative image reconstructions in clinic is the long computation time. The iterative CBCT 

projection restoration algorithm proposed in chapter three also has this computation time issue. 

To make the algorithms proposed in this dissertation available to clinical applications, I will 

implement those algorithms on GPUs, and evaluate their feasibility for on-line clinical 

application. 

          In this dissertation, an arbitrary design of the moving blocker system was employed to 

experimentally demonstrate the feasibility of the moving blocker based strategy on scatter 

correction of CBCT in both kV only and concurrent kV and MV scenarios. Although promising 

results for CBCT scatter correction were shown in both studies, residual streaking artifacts and 

CT number inaccuracy exist, which may be caused by the non-optimized moving blocker design. 

In the moving blocker system, different parameters may affect its performance in scatter 

estimation and image reconstruction accuracy. Therefore, future goal of my research on this 

topic is to optimize the geometric design of the moving block system using Monte Carlo 



109 

 

simulations. Main variables to be investigated include the lead strip width and the gap between 

neighboring lead strips, as well as the motion pattern of the blocker. 

          One goal of CBCT scatter correction is to improve its image quality for its quantitative 

applications in ART. Therefore, another possible research topic in the future is to quantitatively 

evaluate the applicability of CBCT for quantitative tasks in IGART. Specifically, I plan to 

evaluate the contour delineation accuracy of the scatter corrected CBCT as compared the MDCT, 

through evaluating the intra-observer and inter-observer consistency of the contours. I will also 

evaluate the dose calculation accuracy of CBCT acquired with the moving blocker system, where 

dose-volume-histograms (DVH) of treatment target and OARs will be compared between the 

scatter corrected CBCT plan and MDCT plan. A 3D voxel-to-voxel dose comparison will also be 

performed on the 3D dose maps of both plans. 
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