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Abstract

Based on the compressed sensing theorem, we present the integrated software and

hardware platform for developing a total-variation based image restoration algo-

rithm by applying prior image information and free-form deformation fields for im-

age guided therapy. The core algorithm we developed solves the image restoration

problem for handling missing structures in one image set with prior information, and

it enhances the quality of the image and the anatomical information of the volume of

the on-board computed tomographic (CT) with limited-angle projections. Through

the use of the algorithm, prior anatomical CT scans were used to provide additional

information to help reduce radiation doses associated with the improved quality of

the image volume produced by on-board Cone-Beam CT, thus reducing the total

radiation doses that patients receive and removing distortion artifacts in 3D Digital

Tomosynthesis (DTS) and 4D-DTS. The proposed restoration algorithm enables the

enhanced resolution of temporal image and provides more anatomical information

than conventional reconstructed images.

The performance of the algorithm was determined and evaluated by two built-in

parameters in the algorithm, i.e., B-spline resolution and the regularization factor.

These parameters can be adjusted to meet different requirements in different imag-

ing applications. Adjustments also can determine the flexibility and accuracy during

the restoration of images. Preliminary results have been generated to evaluate the

image similarity and deformation effect for phantoms and real patient’s case using
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shifting deformation window. We incorporated a graphics processing unit (GPU)

and visualization interface into the calculation platform, as the acceleration tools for

medical image processing and analysis. By combining the imaging algorithm with

a GPU implementation, we can make the restoration calculation within a reasonable

time to enable real-time on-board visualization, and the platform potentially can be

applied to solve complicated, clinical-imaging algorithms.
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1

Introduction

1.1 Overview: Image-Guided Therapy and Its Challenge

Recent theoretical and experimental developments in image-guided radiation ther-

apy have enabled the target localization with increased accuracy in order to de-

liver treatment beams more precisely to the malignant tumor while sparing adjacent

healthy tissue [Orth et al. (2008)]. Tumor tissures and the surrounding tissues are

studied based on anatomical images, and the oncologist prescribes the amount of

radiation dose that each contour and type of tissue should receive. Then, the pa-

tient proceeds to the simulator where the treatment plan is verified for accuracy and

position.

CBCT enables the generation of an entire volumetric dataset in one single gantry

rotation by using a high-resolution, 2D detector system rather than a 1D detector, as

is used in conventional CT. Due to the geometry of cone beam, CBCT has greater

image resolution, and more radiation beams can be pinpointed, which would re-

sult in less radiation exposure to other heathy tissues in the patient. At the present

time, CBCT is undergoing rapid development in the field of clinical radiation treat-

1



ment. Today’s main challenge relative to the use of on-board CBCT during treat-

ment is how to use the state-of-the-art technology and algorithm to reduce the ra-

diation doses that patients receive, without affecting the quality of the diagnostic

and treatment images. With the rapid development of digital flat panels, the Digital

Tomosynthesis (DTS) technique has been extensively studied over the last 10 years

in Mammography and Orthopedics, to reduce the amount of radiation that patients

receive, which acquires images from a limited-angle-scan [Zhang et al. (2009)].

Compared with conventional CBCT using a full-angle scan, limited-angle scan low-

ers the imaging dose from 2-9 cGy to less than 1 cGy, and it also shortens the ac-

quisition time, which helps suppress the breadth motion and other potential noises.

However, reconstructed on-board DTS has poor image quality due to its incomplete

information taken from the scan.

Considering that patients have received one imaging scan (CT or CBCT) before

the radiation therapy in order to obtain the anatomical and positioning details for

designing a treatment plan (Fig. 1.1), such reference information can be used as an

additional resource to enhance the quality of images produced by on-board DTS.

Nevertheless, the images obtained before and after the treatment are dissimilar. One

objective of our project was to visualize the anatomical deformations in the patient,

and restore the images that bridge the prior 3D volume and on-board 2D image

slices. Thus, by using the prior information from the reference CBCT image, the

radiation dose will decrease in treatment imaging, and the whole therapy process

can be achieved with a shortened scanning time.

We selected the B-spline model to explore patient’s anatomical mutations in

different time windows, and proposed to apply the compressive sensing algorithm

[Candes et al. (2008); Donoho (2006); Wang et al. (2008)] to describe the mecha-

nism of image compensation and registration from a prior information. In principle,

the algorithm tries to transform the reference image with full information to fit the
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FIGURE 1.1: The clinical working processing for radiation treatment. The detailed
anatomical structures of patients are obtained from the diagnosis scan as reference
images, which are normally acquired on the first day of clinical visit. The reference
images are the basis for designing treatment plan. In the real-time treatment, DTS
target images are obtained from limited scan angle of on-board CBCT to reduce
the radiation dose to patients. By applying the compensated information from the
reference images, the reconstructed from deformed DTS target images will have
better image quality and more information.

target image with information missed, and the process is regulated by penalty terms

in the cost function of the unconstrained optimization problem. Nonlinear conju-

gate gradient method is applied to solve the unconstrained problem. The similarity

between target image and restored image can be tuned by normalized regularization

factor to reduce the streaking artifacts and noising effects.

With the improvements in imaging technology, image guided radiotherapy using

volumetric imaging has been adopted into clinical practice. However, volumetric

image processing, e.g. image reconstruction, volume rendering, image restoration

and registration, is still computationally intensive due to the mass of data being

produced during the clinical treatment [Pratx and Xing (2011)]. By taking ad-

vantages of recent developments of GPU processing, the efficiency of volumetric

imaging reconstruction can be significantly improved by the parallel computation,

demonstrated in this work with the acceleration calculation of CBCT reconstruction,

Digital Tomosynthesis (DTS) and digitally-reconstructed radiographs (DRR), thus
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making the advanced image processing technique feasible [Jia et al. (2011)]. The

integrated GPU-CPU platform we propose to build can potentially be applied to

different algorithms and clinical applications such as image registration, image vi-

sulization, image post-processing and optimization [Shackleford et al. (2010); Sharp

et al. (2007); Jian et al. (2010)]. The use of graphics hardware also paves the way

for various promising real-time and on-line clinical applications.

The scope of this work is to investigate the restoration algorithm for 3D-4D DTS

using prior planning CT images. This work aims to achieve improved image quality

over the conventional reconstruction algorithm, and reduces the radiation dose to

patients. The following are the specific aims of this thesis:

1. Using prior CT data from previous patient visits to restore higher quality im-

ages using a limited number of on-board 2D projections.

2. Regulating the over-fitting registration problem by applying a compressive

sampling, unconstrained optimization process.

3. Improving on-board performance by implementing the volume restoration

process in the GPU.

4. Integration of algorithm into Clinical 4D-CT system. Quantitatively compare

the image similarity of restored image with conventional reconstructed image.

5. Testing of restoration algorithm in a real lung patient case using deformable

prior CBCT. Algorithm integration into the clinical CT scanner in support of

on-board treatment protocol in real patient cases for visualization.
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1.2 Principle of Computed Tomography and its Medical Applica-
tions

Tomography is a non-invasive imaging technique which is developed for visualiza-

tion of internal structures in human beings. The word “tomography” is derived from

the Greek tomos and graphein, which stand for slice and to write, respectively.

Conventional projection images have over- and under- lying structures superposed

in a 2D image plane, which is difficult to differentiate anatomical structures in de-

tails. With the plain film imaging, the 3D anatomy of the patient is reduced to 2D

projection image, while the density at a given point of an image represents all at-

tenuation properties along the radiation beam ray [Brenner and Hall (2007)]. For

example, in traditional chest radiography, the key organs, including heart, lungs,

and ribs, are all overlaid on the same film. So the anatomical depth information

with respect to the parallel direction of the radiation beam will be lost in the 2D

radiographic images. The information combined from a series of directions can be

used to reconstruct and explore the structures inside the patient. For example, in the

dual angle (or energy) system, it acquires both the postero-anterior (PA) projection

and lateral (LAT) projection of the patient for better visualization of patients’ ana-

nomical structures. In fact, for specific organs that can be identified in both images,

such as a pulmonary nodule on PA and LAT chest radiographs, the two imaging

films are able to provide valuable location information.

The power of CT lies in its full-angle-scan in the tomographic acquisition, which

involves about 800 rays taken at 1000 different projections angles. CT was the first

imaging modality to probe the inner depths of the body by slice, in which the slice

can capture each organ in its 3D position. It has been used widely for preventive

medicine or screening for disease, such as CT colonography for patients with a

high risk of colon cancer, or full-motion heart scans for patients with high risk of
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heart disease. General tomography has found widespread application in many med-

ical diagnostic imaging fields with different imaging modalities, such as ultrasound,

magnetic resonance, nuclear-medicine (e.g., Positron emission tomography, single

photon emission computed tomography), and microwave techniques.

1.2.1 Radon Transform and Filter

The Radon transform and inverse Radon transform invented by Johann Radon in

1917 were the mathematical basis for the reconstruction of tomographic images

from measured 1D/2D projection data, which is still the principle mechanism for

modern complicated 3D CT imaging system, e.g., cone beam CT, helical CT, dual

energy CT. Current CT machines use such sophisticated software and hardware plat-

form that the test can be done with a patient visit of five minutes with an approx-

imate scan time of only seconds. Radon’s article proved that the image volume

of unknown object can be produced if one has infinite number of projection scan

around the object.

FIGURE 1.2: Geometrical system for 2D radon transform. Left: projection angle is
less than 90 degrees; Right: projection angle is greater than 90 degrees.

Define image function f(x, y) as the unknown attenuation coefficient in the lo-

cation (x, y), then the Radon transform represents the scattering data obtained as

the output of a tomographic scan. Hence the inverse of the Radon transform can
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be used to reconstruct the original density from the scattering data, and it forms the

mathematical underpinning for tomographic reconstruction, also known as image

reconstruction. By setting up the x− y coordinate system shown in the Fig. 1.2, the

sinogram function for projection (ξ, φ) is defined as:

p(ξ, φ) =

∫
f(x, y)δ(x cosφ+ y sinφ− ξ)dxdy (1.1)

which has the property that p(ξ, φ) = p(−ξ, φ + π). Similarly, the back projection

equation is derived from sinogram as f ′(x, y) =
∫ π
0
p(x cosφ + y sinφ, φ)dφ. For

CT imaging, back projection is a technique that adds up the attenuation information

collected from all of the projections. The image that results at the location where the

attenuation profiles add up represents the original object. The back projection image

is a blurred version of the original image, which can be proved to be a convolution

result of a decaying factor and image function f ′(x, y) = 1
r
⊗ f(x, y). Typical CT

attenuation information is gathered through about 1000 projections, but the image

is not an exact replica of the original image if no filter is applied.

1.2.2 Filtered Back Projection

In clinical applications, filtered back projection algorithm (FBP) is widely used, in

which the ramp filter r(ξ) in frequency domain is applied to the projection profile

through the convolution process: p′(ξ, φ) = p(ξ, φ) ⊗ r(ξ). Ramp filter provides

a good trade-off for high and low frequency noise suppression, which is caused by

the x-ray quantum noise, and enhances the important characteristics of the image.

There are normally two types of filters: sharp and smooth. The sharp reconstruc-

tion filter improves the image edges of structures while not minimizing appearance

of noisy image, so that the contrast between tissues can be better distinguished.

The smooth reconstruction filter minimizes the grainy or speckled appearance in the

image, but it does not improve the edges. In general, sharp filters are used for ex-
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amining predominantly high contrast regions such as musculoskeletal imaging, and

smooth filters are used for examining low contrast regions, such as abdomen, head

and neck.

It is worth mentioning that some commercial manufacturers reconstruct the raw

projection data twice with different filters for evaluating both the soft and bony tis-

sues. Fig. 1.5 illustrates the results of FBP algorithm for the same lung patient case.

The image slice after ramp filter is applied has sharper edges and higher contrast,

and gets blocky after ramp filter is applied during the post image processing (TV). In

this case, we perform non-negative procedures as the post image processing: set the

attenuation factor, which is less than zero, to be 1 before executing FFT (Fig. 1.3).

FIGURE 1.3: FBP images of Shepp-Logan phantom demonstrating aliasing artifacts
due to insufficient radial sampling. (a) original Shepp-Logan phantom. (b) recon-
structed image using 40 degree scan in AP view. (c) reconstructed image using 40
degree scan in LAT view.

The solution to the inverse Radon transform is based on the central slice theorem

(Fig. 1.4), in which the Fourier transform of a projection P (ε, φ) at a given angle

φ yields a slice of the Fourier transform of the object f(x, y) at the corresponding

angle in the Fourier domain. Once F (u, v) is obtained from P (ε, φ) using the central

slice theorem, f(x, y) can be obtained by applying inverse FFT to F (u, v).
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FIGURE 1.4: Reconstructed sagittal slice of a lung patient. Reconstruction algo-
rithm without Ramp filter (right) and with Ramp filter (middle). (Left) Applying
ramp filter within the post-image processing technique(TV). The bottom image win-
dows represent the histograms of images.

FIGURE 1.5: Reconstructed sagittal slice of a lung patient. Reconstruction algo-
rithm without Ramp filter (right) and with Ramp filter (middle). (Left) Applying
ramp filter within the post-image processing technique(TV). The bottom image win-
dows represent the histograms of images.

1.2.3 CT Artifacts from Software

The number of rays used to reconstruct CT volume has great influence on the radial

component of spatial resolution, while the number of views will affect the circum-

ferential component of the resolution (see Fig. 1.3). So radiation beam reduction
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will result in low resolution and blurred images, which are popular artifacts in DTS

and will be discussed in the following chapters. There is a well established relation-

ship between signal-to-noise ratio (SNR), pixel dimension (PD), slice thickness (T)

and radiation dose (D) to evaluate the quality for CT images: D ∝ SNR2

PD3T
.

In clinics, SNR has direct relationship with supplying power. When the power

supplied to the X-ray tube is insufficient to penetrate the anatomy, a low SNR will

appear as graining on the image. The clinical utility of any modality lies in its spatial

and contrast resolution, which will be discussed in detail in the following sections.

Generally, there is a compromise between the spatial resolution and contrast resolu-

tion. For example, SNR in the final image is related to the number of photons that

penetrate through the patients and are finally detected, but high SNR in the thinner

angular projections is wasted because the FBP technique for image reconstruction

combines data from all views, and the noise levels from the thicker angular projec-

tions dominate. Therefore a dose reduction in patient’s scan can be achieved with

little loss in image quality, by lowering the projection exposure during the acquisi-

tion of the thinner tissues.

1.2.4 Imaging Artifacts in CT System

There are two main types of imaging artifacts in CT. First is the partial volume ef-

fect. CT number in each pixel is proportional to the average attenuation coefficient

in the corresponding voxel. For voxels containing all one tissue type, the attenuation

coefficient represents that tissue, while some voxels in the image contain a mixture

of different tissue types (e.g. higher and lower density materials). For example, in

the head and neck scan, where the cranium shares a substantial number of voxels

with brain tissue, the details of brain parenchyma will be lost due to the large atten-

uation coefficient of bone. This appears as blurring anatomical structures over sharp

edges and can be partially overcome by scanning using thinner slices.
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Beam hardening is another key artifact source. Attenuation coefficients for pho-

tons are actually energy dependent for poly-energetic x-ray spectrum, which has the

energy range from 20 to 120 keV. When photons penetrate through a given thickness

of patient, lower-energy photons will decrease more than the high-energy photons,

so the shape of the spectrum becomes skewed toward higher energies. This can give

a cupped appearance. It often occurs when there are metals and neighboring bone

structures in the tissue. The beam hardening phenomenon induces artifacts in CT

images and makes the conventional reconstruction algorithm invalid. This can be

corrected by filtration and correction algorithms. Another artifact occurs in CBCT,

in which the spreading of the photons along the direction of the patient’s table keeps

the structures at the periphery of the image from being properly reconstructed, and

results in a spoke or star like appearance at the edges of the image. This artifact can

be corrected by physical background correction.

1.3 CT System: Overview

A complete CT hardware system can be broken down into several major components

in Fig. 1.6. The brief overview of the flowchart about how the commands and data

flow through CT system is illustrated below.

Generally, the hardware components use analog power signals to generate x-rays

and control the rotation of CT x-ray tube and patient table. First the technologist

conducts the clinical application and is seated at the operator’s console. These in-

structions should be reviewed, and the commands and parameters for running the se-

quence can be modified or adjusted. Then all the scan information which is acquired

by the technologist will be sent to host computer, which passes the commands on

to the scan controller. The digital commands, which have passed through electronic

computer equipment, will be converted into analog commands. The commands are
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FIGURE 1.6: Major functioning components in the clinical CT hardware system.

sent to various hardware components, such as high voltage generator, gantry and

table controllers. Finally, through the amplifier from the scanner, the analog signal

which contains the attenuation information will be digitized to be processed and

stored by computer. The images can thus be viewed, post-processed, filmed and

archived at the operator’s console.

During a clinical exam, the patient can be moved incrementally to discrete po-

sitions or at a constant rate without stopping. The patient table moves to align the

anatomical region of interest (ROI) with the beam of x-ray photons, in order to gen-

erate images from an adjacent anatomical cross section. The high voltage generator

takes a low voltage, and by passing it through a series of wire coils, it produces

much greater voltage in kV in order to generate enough x-ray photons.

The gantry contains the key components of the scanner, including CT x-ray tube
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and detectors. The patient must be positioned so that the cross sectional ROI will

align with the path that the photons take between the x-ray tube and the detectors.

The solid detectors (scintillation detectors) convert the number of photons that pass

through the patient into a tiny electrical signal, which represents the attenuation

of the photons by the tissues of the body. Compared with gas detectors, collision

between a photon and the detector atom occurs much closer to the surface, so the

solid state detector is much more sensitive to incoming x-rays at all angles. In

current clinical applications, in order to obtain rapid examination results, multi-row

CT detectors are widely used, and they have greater coverage of anatomy in each

scan rotation.

The scan process usually begins by registering the patient, during which the

patient’s ID and many other important facts about the patient and the exam to be

performed will be recorded in the XML file. Patient’s on-board images are saved on

the hard disk drives with other automatically reconstructed images, and are archived

onto imaging facility’s computer network or internet cloud after the radiologist’s

report, which leaves space for the next patient. Compared with conventional film

radiograph, the major advantages of digital images are that they are easily stored

on a computer and can be accurately reproduced from the stored data, which can

be easily and quickly manipulated, processed and transferred on computers. For

conventional film imaging, the appearance of the image, e.g., brightness, contrast,

and size, cannot be changed once the film has been exposed. Sometimes, only the

digital based imaging modality is available, such as the subtraction angiography

imaging, which requires the post-processing program for visualizing vascular or

cardiac structures.

One big breakthrough in current CT is its speed, which normally takes less than 1

minute to acquire a series of body slices. Keeping the examine time short is to ensure

patient comfort and hold patients still, which is especially important for minimizing
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the physiological motion, as patient motion is the most controllable source of image

quality degradation. Also, in radiation oncology department, it is critical that the

patient’s body position in the table, which is visualized on the radiation planning

CT images, is exactly the same as during the treatment.

1.4 Application of CT in Radiation Oncology

The suspicious cancer regions and the surrounding tissues are studied on the CT im-

ages, and the oncologist prescribes the amount of radiation dose that each contour

and tissue type must receive. The prescription information is forwarded to physi-

cists and dosimetrists, who are responsible for calculating the shaping and profile

of radiation beam for treatment. Radiation therapy planning entails that the patient

receives a CT scan, and the algorithm includes the calculations for the number of

radiation beams to use, specific angle for the beam delivery, the design of attenuat-

ing wedges, and the configuration of the collimators. The patient then proceeds to

simulation machine where the treatment plan is verified for accuracy and position.

Finally the real treatment is performed using the linear accelerator with the image

guidance of on-board CBCT.

More and more facilities now use CBCT to verify the patient’s position and

the effectiveness of the treatment on the tumor’s size right on the linear accelerator

prior to administering therapeutic radiation. Development of CBCT for radiation

therapy is a rapidly growing field, following the needs for image guided radiation

therapy (IGRT). CBCT enables the generation of an entire volumetric data set in

a single gantry rotation by using a high-resolution 2D detector system rather than

1D detector as used in conventional CT. One typical kV imaging setup includes a

sliding gantry CT scanner installed in the treatment room and in-line CBCT, where

the imaging beam is mounted opposite to the treatment beam and shares the same
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iso-center. CBCT have high image resolution and can guide radiation beams ac-

curately in space, which results in less radiation exposure to the patient. The key

disadvantage of CBCT lies in its scattering noise as the significant increase of scan

imaging volume results, which can be described by the scatter to primary ratio. For

CBCT, the scatter is primarily determined by field of view (FOV) in the translation

direction, imaging geometry for the air gap size, and the object size. For multi-

detector CT, the scatter-to-primary ratio is typically around 0.2 and it increases to

greater than 3 for large volume CBCT. Also, as the cone beam angle increases to

allow larger ROI to be imaged, the scattering ratio increases significantly, also the

scatter flux at the center of the image plane increases relatively higher compared

to the periphery, due to the contribution of scattering from out of plane [Orth et al.

(2008)].
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2

Digital Reconstructed Radiograph and Clinical
Image Reconstruction

2.1 Introduction: Cone Beam CT System and On-Board Imager

As early as the X-ray was invented decades ago, physicians have found that the

body structures are overlaid together in the 2D projection images. Based on this

limitation, radiological diagnosis requires lots of experience and training to under-

stand these 2D images and detect the tiny suspicious anatomical structures, which

might be potential tumors. Fig. 2.1 gives a list of 2D X-ray radiographical projec-

tion images for a head and neck patient in the real clinics. World widely, including

the projections of CT images, the data type is unsigned short, which gives a 16-

bit display range of images. By adjusting the histogram window of the image, the

structures in a denser area will be displayed more clearly with high contrast setting.

Computational forward projection of a CBCT volume produces Digitally Recon-

structed Radiography (DRR), which is a 3D mapping problem with human body as

an object. DRR is similar with the artificial version of an X-ray image and can also

16



FIGURE 2.1: Left to Right: Projection images of CBCT volume taken in different
angles within a rotation gantry circle.

be simulated from CT data. In general, DRR computation is the extraction of a 2D

image from a 3D CT dataset and voxel interpolation algorithm, which can be corre-

lated with an X-ray image. In computer science, volume visualization of scalar data

is the process of generating a 2D image from a scalar function defined over a given

region of 3D space. This volume visualization is used to produce DRRs from the

3D dataset formed by patient CBCT images. For most advanced image processing

algorithms, including image reconstruction, image registration, image fusion and

image segmentation, DRR has to be generated in each iteration for the optimization

process. Different methods have been proposed for DRR generation which can be

categorized in two main approaches: voxel-driven and ray-driven. The latter is often

preferred because of its aliasing-free nature and computation ease to obtain DRRs,

but its computational cost is quite high, which is implemented using GPU method.

An on-board imager (OBI) is used to acquire x-ray images while the patient

is on the treatment couch, see Fig. 2.2, with the linear accelerator on the top for

treatment and x-ray detector on the side for imaging. The imager enables physicists

and clinicians to obtain high-resolution x-ray images, which are scanned line by

line, to pinpoint and locate the exact tumor sites and adjust patient positioning if

necessary. The clinical linear accelerator equips Trilogy machine and is installed on

Varian Medical System. The robotically controlled gantry arms in circle allow the

OBI to be positioned for the best possible view of the tumor sites according to the
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FIGURE 2.2: Illustration of a real on-board imager attached to a clinical linear ac-
celerator.

calculations.

In order to simulate the x-ray imaging process obtained by such a system, the

coordinate settings for the CBCT geometry is illustrated in Fig. 2.3. Here, the center

of the reconstructed object coincides with the origin of acquisition system, which

is shared by both OBI and Linac system. The OBI system rotates within the plane

(Xw−Yw plane) perpendicular to the central axis (Zw axis). The scanning trajectory

of the OBI is indicated by the outer circle as labeled by dashed line. The kV detector

of the OBI is oriented oppositely to the tube within the limited angles in a scan. The

distance between the kV source and the central axis is defined as the source-to-axis

distance (SAD), and the distance between the kV detector and the central axis is

defined as imager-to-axis distance (IAD).
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FIGURE 2.3: Relationship between reference Cone Beam CT coordinate system
and local DRR coordinate systems.

2.2 DRR in Radiation Oncoloy

Why is DRR so important to clinical radiation therapy besides its significance in the

imaging algorithm? Modern radiation therapy treatment planning is based on CT

imaging, which can provide accurate 3D information about the size and position of

the critical organs of interest. Treatment planning systems help oncologists to plan

the radiation treatment using Beam’s Eye View (BEV) [Goitein and Abrams (1983);

Lemieux et al. (1994)], in which the observer views the patient data set from the

source tube of radiation. Projections of the volume of the patient will be visualized

through the irradiation of the current beam. This system is mostly used in virtual

simulation, where the user modifies the geometry of the radiation beams in order to

conform as much to the tumor as possible, while at the same time reducing critical

tissue volume (CTV).

In the real treatment, the patient lies on the simulator couch, and this procedure

is performed while the patient is under continuous irradiation of X-rays. Physicians

19



can view the high quality X-ray images while adjusting the settings of the simula-

tor. In virtual simulation, DRR images are being utilized for the same purpose, but

without the patient lying on. The anatomical image for virtual planning machine is

obtained from planning CT, which is the diagnostic scan when the patient visits the

clinic. These DRR images are derived from a CT scan of the patient. Virtual simu-

lation is less intensive for the patient than real simulation, because the patient does

not have to be present when doing the therapy planning. The use of DRR images

in 3D treatment planning systems has attracted widespread research interests lately,

due to the development of faster DRR algorithms, the increase in computer power

and the application of graphics hardware to compute DRRs.

2.3 Algorithm and Results: Digitally Reconstructed Radiography

2.3.1 Imaging Principle and CT Number

DRR images can be obtained and modeled as the x-ray beam beginning from the

source travels through human tissue onto the DRR imager. When an individual ray

has passed through the volumetric data, its value can be written as:

I = I0
∑

i
e−µidi (2.1)

where I0 is the original ray value, i is the voxel through which the ray passes, µi

is the linear attenuation coefficient of the material in voxel i, and di is the segment

between the entrance and output point of the ray in the voxel i.

The integer values stored in CT data are usually expressed as Hounsfield units.

CT images are produced with a highly filtered x-ray beam with an average energy

about 100 keV, thus about 90 percent of x-ray interactions are from Compton scatter

at this energy level in muscles. For example, Compton scattering interactions are

94 percent for fat tissue and 74 percent for bone tissue. So CT numbers are mainly
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from the physical properties of tissues that influence Compton scatter. Hounsfield

units represent an affine transformation to the original linear attenuation coefficients.

Water is assigned a value of zero and air is assigned a value of -1000 (GE Health-

care). µwater and µ are the linear attenuation coefficients of water and a substance

of interest, and the CT Hounsfield value of this substance is defined and calculated

by

H =

(
µ− µwater
µwater

)
× 1000 (2.2)

which provides CT values in the range [−1000 ∼ 3000].

Most of soft tissues of the body have CT numbers in the range of approximately

30 to 60, while dense bone has CT number around 1000. Generally, the denser the

tissue, the higher the CT number. CT number above 100 indicates the presence of

calcification. In both cases the CT values are usually stored as 16 bit integers. And

for different documentation formats, 32 bit integers are also used. Through scan-

ning and image reconstruction, CT numbers can be specified for every pixel in the

image of the cross sectional anatomical slice. The CT number can be finally corre-

lated to a gray scale value. Higher CT numbers are assigned lighter shades of the

gray, while lower CT numbers assigned darker shades, which is thus consistent with

conventional x-ray images. By varying the brightness and contrast of the gray val-

ues displayed on the operator’s console monitor, it can help to further differentiate

tissues and concentrate on the tissues of interest for clinical study.

2.4 Image Resolution in DRR and The factors Influencing CT Image
Quality

One interesting nature of DRR images is that as the accelerator voltage increases,

the image contrast will decrease, due to the different linear attenuation coefficients

21



for human tissues. Such characteristic of DRR images can be applied for dual-

source and dual-energy CT, which is promising for the dynamic, high resolution and

modality CT imaging. We will evaluate the total variation algorithm in dual-source

CT in the following chapter.

Once the CT images from a patient’s examination are reconstructed, the image

data will be transferred and delivered to physicians for reviewing and designing fu-

ture treatment plans. The basic and advanced post-processing techniques are thus

applied to CT images. Usually for the electronic display of current digital image

processing, CT images typically possess 16 or 32 bits of gray scale, generally cov-

ering CT numbers from -800 to 4500. In order to standardize the CT display, it is

a routine procedure to perform window and level setups for each image, which is

used to manipulate the contrast of the CT image. Table 2.1 summarizes the factors

that will affect the contrast resolution.

Table 2.1: Factors that will affect the contrast resolution of CT images.

Factors affecting Contrast Resolution Explanation

Radiation Dose (mAs)
Radiation dose directly influence the number of
x-ray photons used to produce CT images.

Pixel size (FOV)
As FOV increases, the number of photons penetrating
through each pixel increases.

Slice Thickness Thicker slice uses more photons and have better SNR.

Reconstruction Filter
Bone filter produces lower contrast resolution and
soft tissue filters improve contrast resolution.

Patient Size
Larger patients will attenuate more photons which results in
lower number of signals detected for the flat panel.

Gantry Rotation Speed Faster gantry rotations will reduce mAs.

Patient Motion
CT images will experience blurring proportional to
the distance of the motion.

Number of Views/ Rays Image artifacts.

2.5 DRR Computation: Ray Tracing and Interpolation

In the literature different voxel rendering techniques are applied to DRR computa-

tion, and the most straightforward method for forward projection process is the ray

casting algorithm [Siddon (1985); Sherouse et al. (1990)]. The generation of a DRR
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can be viewed as the calculation of line integrals over the Hounsfield values along

the rays through the image volume. Ray casting is a simplified version of ray tracing

in computer science. It tries to find the intersections of a ray with all objects in the

scene, while not considering the lighting circumstances and reflections.

Ray casting tries to find the intersections of a ray with all objects in the scene,

see Fig. 2.4. In the case of DRR computation, these objects are the voxels of the

volume. The core concept for any kind of ray casting algorithm is to efficiently find

intersections of a ray with a scene consisting of a set of geometric primitives. A

specific ray can be described by the equation [Metz (2005)]:

R(t) = O + tD (2.3)

with O the origin and D the direction of the ray. In the specific case of DRR com-

putation, rays are traced through the CT data with the origin of the ray placed at the

X-ray source and the direction of the ray and the gray value of image pixels need to

be computed. The voxels are considered as the geometric primitives intersected by

the rays.

The attenuation coefficient for a specific sampling point in the volume can be de-

termined from the CT numbers of the eight corners of a voxel in different sampling

methods: (a) Nearest Neighbor. The CT number is the value of the nearest voxel

corner. (b) Linear interpolation. Nearest neighbors depending on the endpoints of

the ray segment are chosen and the CT number is linearly interpolated between these

two values. (c) Trilinear interpolation. The CT number is linearly interpolated be-

tween the values of the eight voxel corners. It delivers the best image quality and is

most time consuming.

Fig. 2.5 shows the comparison of the real clinic X-ray images and computed

DRR images from reconstructed CBCT volume. The DRRs are processed by the

forward projection process over the reconstructed X-ray images. DRRs are blurred
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FIGURE 2.4: Relationship between reference Cone Beam CT coordinate system
and local DRR coordinate systems.

than the original X-ray images due to to sampling from the reconstruction and inter-

polation from forward projection.

FIGURE 2.5: Comparison for the real clinic X-ray images and computed DRR im-
ages from reconstructed CBCT volume.

The procedure and results of GPU-based DRR images can be seen in Fig. 2.4 and

Fig. 2.6 for brain, lung and spine cases. The process of DRR can be implemented

using matrix. CT information contained by a 3D texture will be interpolated on a set
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of parallel planes or slices which are placed at a constant interval. The orientation

of the slices can be either aligned with the global coordinate system, or with one

of the dataset’s local position system. Normally 16-bit textures of floating type will

be used to preserve the full dynamic range of the CT data. Finally the slices are

projected consecutively on an image plane.

FIGURE 2.6: DRR reconstructed in sagittal view (a), coronal view (b,c) for brain,
lung and spine cases.

By defining the position of the focal spot (fx; fy; fz), the position of the center

of the detector (cx; cy; cz), and the detector dimensions (dx; dy), the image volume

voxel at position (x, y, z) can be projected on the detector grid at position y by

y = P ·T ·f(x, y, z), in which the perspective transformation P can be derived from

geometrical relationship that P =


2
dx

0 0 2(fx−cx)
dx

0 2
dy

0 2(fy−cy)
dy

0 0 1 0
0 0 1

fz−cz 1

, and the shifting

transformation matrix that T =

(
R t
0 1

)
.

HereR =

 1 0 0
0 cosα − sinα
0 sinα cosα

 cos β 0 sin β
0 1 0

− sin β 0 cos β

 cos γ − sin γ 0
sin γ cos γ 0

0 0 1


is the rotational matrix around axes x, y, z in angle α, β, γ and t is the translation

vector [Ruijters et al. (2008)]. In current GPU-based calculation, for each given

angle, the DRR projection matrix can be pre-determined as textures or polygons in
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GPU from the voxel space and the detector space, which is the acceleration process

during the calculation. In the final procedure, GPU shall perform the interpolation

of all voxel values that lie on the textures. The projection matrix can be saved for

the DTS reconstruction algorithm in the following sections.

2.6 Introduction: Digital Tomosynthesis

The Latin term tomosynthesis refers to the slice sum-up generation of images from

accumulated projection images acquired at different geometrical orientations. In the

real clinics, sometimes we need limit the scan angle of CBCT for the reasons, such

as reducing the radiation dose, limiting the patient motion for lung patients, and real-

time treatment. Recently, digital tomosynthesis (DTS) was investigated for clinical

target localization using CBCT, which reconstructs 3D images from limited scan

angle projections acquired, typically around 400− 600 [Godfrey et al. (2007)]. DTS

combines digital image capture and processing with simple detector motion, which

is used in conventional radiographic tomography. In conventional CT, the gantry

and detector rotate a complete 360 degree about the patient in order to reconstruct

image volumes from a complete set of data. In DTS, due to the small angle range

of projection scans, much less radiation exposures are used and save lot of scanning

time, while yielding images reconstructed similar to conventional tomography with

a sery of slices in different depths and thicknesses.

Normally, reconstructing a set of CBCT images will typically require 700 pro-

jection images, which are acquired over a full gantry rotation covering 00 − 3600;

the acquisition time is about 1 min, and the radiation dose absorbed on patient skin

is around 3-6 cGy [Li et al. (2006); Wen et al. (2007)]. If the patient is performed

imaging diagnosis and treatment on a daily basis over multiple fractions, the accu-

mulated imaging time and dose is rather considerable. Thus, patients will benefit
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from 3D DTS with limited-angle projections, while not losing much anatomical

information. However, in the non-perpendicular directions, there will exist very

limited information on each layer of the reconstructed volume, which leads to ugly

images [Fig. 2.7].

FIGURE 2.7: (c) Central slice of 3D reconstruction results of head and neck patient
case in the coronal view using 387 angles (764 angles are standard full-angle-scan
in 360 degrees) and applying the ramp filter and bowtie correction (physical back-
ground reduction method). (a) Central slice of reconstructed image using about 1/6
of above scan angle range (100 projections) in AP view. (b) Central slice of recon-
structed image using about 1/4 of above scan angle range (100 projections) in AP
view.

DTS is now used mainly as a supplement to planning CBCT image, for monitor-

ing the position of planning targets for daily treatment verification. It is especially

useful for lung and heart imaging because of the motion noise effect. In real clinical

applications, patients are also required to take a breadth during the scan. Using all

the techniques, the dynamic noise will be suppressed and DTS technique can obtain

pretty good image quality.

DTS reconstruction is based on the FDK algorithm [Feldkamp et al. (1984)],

which can be seen as the back projection of radiographic images. Recent clinical

results show that with only a few projections, 3D images can be reconstructed only

around treatment iso-center. The images present high spatial resolution of anatomi-
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cal structures in the perpendicular plane of central rotational orientation. As a trade-

off, out of focal plane structures will gradually get blurred with the increasing dis-

tance due to the missing information from limited-angle-scan. Currently, patient

imaging time and dose can be greatly shortened by a factor of 3 ∼ 6, with shorter

acquisition time 10 s, lower imaging dose 1 cGy, and less mechanical constraint

using 600 in one gantry rotation.

2.7 Geometrical System For DTS

The geometrical relationship for DTS reconstruction parameters is shown in Fig. ??

in the lateral direction, where y stands for the superior-inferior direction, and z

stands for the anterior-posterior direction. The on-board x-ray tube rotates around

the y axis and the detector is always opposite to the tube. Coronal on-board DTS

slices are reconstructed from on-board projections of CBCT within a limited scan

angle, which is symmetric to the z axis, while sagittal on-board DTS slices are from

angle symmetric to the x axis.

FIGURE 2.8: Geometrical system for DTS reconstruction in 3D space.
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When processing the DTS, similar to Radon transform, it performs ramp filtering

and weighs each forward projection pixel by CBCT geometrical scale coefficient

(depth factor) in the projection image perpendicular to longitudinal axis. The ramp

filtering operator is implemented by FFT. Then the back projection is performed for

each detector pixels onto image voxels along cone-beam rays. The image voxels are

interpolated and finally updated (accumulation) with increasing the scanning angle.

The corresponding reconstruction formulation is as follows:

f(x, z) =

∫
β

(
d

d− s
)
2 ∫ d√

d2 + p2 + ε2
P • F (

dt

d− s
− p)dpdβ (2.4)

where f is the reconstructed plane (x, z) through a given depth y, β refers to the

scan angle and is confined to a limited range |βmax − βmin| < 2π, d is the SAD,

s = −x sin β+ y cos β is the distance of a voxel from the detector plane, p and ε are

the detector axes perpendicular and parallel to the axis of rotation, respectively, P

is the projection matrix data, and F stands for a one dimensional ramp filter applied

along p, with t = x cos β + y sin β.

In brief, the reconstruction formula can be expressed as the filtered back projec-

tion process, f =
∑

(BS[F (Pβ)]), where F is the filtering operator corresponding

to the inner integral, B is the back projection operator corresponding to the outer

integral, f is the reconstructed volume, S is the number of projections in the set,

and P is the projection image taken at scan angle β. The filtering operator F can be

quickly accomplished by FFT, while back projection operation is the most time con-

suming if it runs on a general purpose CPU. The standard FDK algorithm includes

fan-beam and cone-beam weights for the projection data.
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2.8 Clinical GPU-based DTS Reconstruction

The planning CT data are acquired with G.E. Lightspeed RT scanner (GE Health-

care, Waukesha, WI). On-board cone-beam projections are acquired by kV/MV on-

board imager, which is mounted on the gantry of Varian 21EX Clinac (Varian Med-

ical Systems, Palo Alto, CA). The parameters listed below may have slight change

with different types of machine. The acquired planning CT image dimension is

512 × 512 × 351 with the voxel size of 0.94 × 0.94 × 1.25 mm and the CBCT im-

age dimension is 512 × 320 × 511 with the voxel size of 0.50 × 0.50 × 0.50 mm.

On-board cone-beam projections are acquired approximately every 0.50 of gantry

rotation and the projection image size is 1024 × 768 (full scan) with a pixel size

of 0.388 × 0.388 mm. Normally this projection image is then down-sampled for

on-board DTS reconstruction. Comparison for clinical images of CBCT and DTS

are shown in Fig. 2.9.

Reference DTS, whose images are reconstructed from the DRRs generated from

the planning CT data, its DRR data source is often registered with on-board DTS

which is from CBCT for clinical verification. Reference DTS and on-board DTS

images both have high in-plane resolution, but relatively low resolution along the

plane-to-plane direction [Dobbins and Godfrey (2003)].

The major operation of DTS lies in the back projection process, consisting of

millions of pixel/voxel interpolations which is a highly time consuming process. It

is ideal to implement them on graphics hardware which has good performance for

volume rendering.
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FIGURE 2.9: Comparison of DTS (a) and CBCT reconstructed images using
limited-angle (b, d) and CBCT full scan (c,e) for another lung cancer patient. (b, c):
Sagittal view, (d, e): Coronal view.

2.9 Comparison for Clinical CPU/GPU-based DTS Reconstruction

2.9.1 Clinical Applications of DTS

The conventional software-based reconstruction techniques take about 10-15 min to

reconstruct a set of DTS consisting of 200 slices from projection images, which are

too time consuming for clinical use. Considering an additional 30-60 min is needed

to obtain DRRs from planning CT, the total time required to generate a set of RDTS

would be 40-75 min, which is intolerable for clinical and research use.

Currently there is no optimized software and hardware system available for

CBCT and DTS reconstruction for image guided radiation therapy. Commercial

tomography reconstruction systems, like Siemens, GE, Varian, use the customized
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clustering hardware, which have demonstrated the capacity of fast reconstruction

speed for on-line clinical applications, about 20 times faster than CPU. In addition

to the cost, these hardware systems are designed with fixed architectures and are im-

plemented by professional designers and developers, and only applicable for given

applications. Such hardware system does not provide researchers the flexibility for

testing and evaluating the imaging algorithms in clinics.

Recent development of video game industry makes the high-end personal com-

puter graphical cards reachable, and provides great power for parallel computation

in processing and displaying digital data. Some researchers begin to use general

purpose graphics processing unit for CT images, and showed that significant ac-

celeration can be achieved without compromising image quality [Xu and Mueller

(2005, 2007)]. But the heavy programming workload restricts the use of GPU on

complicated imaging algorithms and clinical applications such as image registration,

post-processing and optimization. So, one possible integrated standard hardware

and software system which can quickly handle large imaging data using current

personal computer is in great need for both academia, industry and clinics. Using

our integrated GPU and CPU method, DTS reconstruction is implemented through

Nvidia CUDA graphics hardware which is built for home desktop, the reconstruc-

tion performance was improved by a factor of 30, showing a strong super-computing

capability [Avinash and Malcolm (2001)].

2.9.2 Result Evaluation

To evaluate the effect of software and hardware based FDK algorithms in clinical

applications, we perform the following procedures to obtain the data from treat-

ments. First patients are aligned using onboard CBCT image data for treatment and

when the projection images are acquired by the OBI system, they are transferred

to the workstation for software and hardware based reconstruction algorithms. The
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FIGURE 2.10: Top: Images Comparison of CUDA-GPU based CBCT reconstruc-
tion (left) with Varian commercial machine (right) for one brain tumor patient. Bot-
tom: Line Intensity profile.

projection images are first decompressed and saved in a specific hnd format im-

plemented by the reconstruction program. Prior to the on-board imaging session,

reference DTS images will be generated from planning CT. Both on-board DTS and

reference DTS will be registered to localize the target offset of tumor. It can also

be compared with primitive CBCT and CT image data to check the computation

accuracy.

DTS reconstruction results from CUDA based GPU implementation is shown

in Fig. 2.10. DTS images are reconstructed using the acceleration algorithm and

compared with other algorithm like CPU method and commercial means. The per-

formance of this acceleration method is evaluated using a real patient data; see Fig.

3.3 and 3.4. Note that the slices chosen for comparison are difficult to match due to
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different algorithms and spacings in the settings. Fig. 2.12 shows the image compar-

ison of DTS images which are accelerated using our method with the CPU method.

The principle of CUDA-GPU and its mechanism will be shown in the following

chapters.

The difference image is calculated between the DTS image reconstructed based

on software and hardware methods to check whether there are visible residual anatom-

ical structures existing, see Fig. 2.11.

FIGURE 2.11: Coronal view of CBCT reconstructed images: Image difference (c)
of the conventional CPU-based (a) and the proposed GPU-based (b) based recon-
struction of CBCT.

FIGURE 2.12: Sagittal views of CBCT reconstructed images in two different slices,
using CPU (a, c) and GPU technique (b, d) for a patient.

2.9.3 Quantitative Analysis and Execution of GPU Vs. CPU

A comprehensive test was performed for various cases to quantitatively evaluate the

performance of the proposed technique. The correlation between the two techniques

can be quantified by correlation coefficient. The correlation coefficient between two
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FIGURE 2.13: Central profiles of CBCT image of Fig. 2.11: left image shows
the central profile of Fig. 2.11, while the right figure shows the central profile of
Fig. 2.11.

images with the same size was calculated by using MATLAB function CORR2 (The

Math- Works, Inc., Natick, MA). The two reconstruction implementations can also

compared using a contrast-to-noise ratio (CNR) figure of merit, computed in two

homogenous regions of interest (ROIs) in the reconstructed images. The formula is

CNR =
MEAN(A)−MEAN(B)

MEAN(B)× STDEV (B)
× 100% (2.5)

Where A and B represent the regions of interest labeled in a single image. The

relative difference between CNRs of two DTS images is then calculated as follows:

CNRdiff =
CNR(a)− CNR(b)

[CNR(a) + CNR(b)]/2
× 100% (2.6)

As illustrated in Table 2.2, image quality of the reconstructed is quantified by using

CNR for various clinical sites including lung, pelvis, head and neck. and PSNR =

10log10

∑
i

∑
j aij

2∑
i

∑
j aij−bij

2 . Here Pixel based SNR is used for comparing CPU/GPU based

images with CT images. The measured CNR values are greater than 90% and the

PSNR shows numerically consistent, demonstrating the comparable results yielded

by using the two techniques. The time spent comparing the conventional method and

the proposed technique using two types of CUDA platform: GT9600 and Qurado

FX5800 is shown in Table 2.3. The simulation DTS images are acquired in the AP

direction.
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Table 2.2: Average CNR and PSNR value for software-hardware images comparison

Case Differencial CNR
Reconstructed PSNR (dB)
CPU GPU

Lung 90.34% 17.25 17.57
Head and Neck 94.23% 21.6 21.35

Pelvis 95.55% 23.16 23.03
Average 93.37%

Table 2.3: Time comparison of time spent on Kernel DTS reconstruction by different
hardware and software methods.

Projection Number Approximate Kernel Calculation Time (sec)

Detector Size: Dual Core-CPU CUDA-GT9600 CUDA-Quadro FX5800

30 (DTS) 140 16 5
60 (DTS) 270 40 12

600 (Full: CBCT) 3400 350 160
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3

CUDA Based GPU Algorithm in Medical
Imaging

3.1 GPU in Clinical Imaging and its Challenge

3.1.1 Background: Radiation Calculation and GPU

In radiation therapy, ionizing radiation is used for the treatment of cancer and other

neoplastic diseases in addition to surgery and chemotherapy. The idea behind ra-

diation therapy is that the ionizing radiation destroys the cancer cells’ capability to

reproduce and thus the body naturally gets rid of these cells. The challenge of this

physical treatment lies in its undifferentiated biological mechanism, that the healthy

tissue can also be destroyed when the radiation is used to heal a patient. The current

hot topic is how we could use the current state of art technology and algorithm to

enhance the image visualization and reduce the radiation dose to patients with fast

calculation speed for the diagnostic and treatment purpose. Here we will summa-

rize the current applications and developments of GPU in the clinics, focusing on

the specs of CUDA programming for maximizing the energy efficiency of future

generation GPU.
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Dose computation methods have traditionally been developed for central pro-

cessing units (CPUs). Algorithms designed for therapy treatment must balance the

clinical accuracy with the calculation time limits in the practical planning. The

first commercial 3D treatment planning systems in the early 1990s took between

5-30 minutes to compute a beam depending on the dose grid size and computation

method. In the years that followed, CPU performance increased with Moore’s law

and dose computation speed from several seconds to minutes was achieved. How-

ever, in recent years CPUs have increased computing power with additional cores,

not clock speed. At the same time, graphic processing units (GPUs) have evolved

from fixed function devices into flexible and general purpose hardware. Today, gen-

eral purpose GPU computing (GPGPU) has turned desktops into supercomputers

and languages such as OpenCL, CUDA, Fortran, and Direct Compute have allowed

for fast GPU program development.

Nowadays 3D CBCT image processing based on the results of dose calcula-

tion in the treatment planning is very time consuming using the common personal

computer, due to the large amount of data and the complexity of algorithms, which

cannot meet the on-board applications, e.g., the acquisition of CT images in the

treatment room for patient positioning. For example, the conventional software-

based reconstruction techniques take about 10C15 min to reconstruct a set of CT

volume consisting of 200 slices from projection images.

CBCT has been widely used in image guided radiation therapy to acquire up-

dated volumetric anatomical information before treatment fractions for accurate pa-

tient alignment purpose. So how to improve further the performance efficiency of

3D medical data processing is a problem to be resolved urgently. In recent years,

GPU has been developing rapidly from initial graphics card used only for rendering

to contemporary programmable parallel computing platform.

Moreover, high-level programming languages such as CUDA make it easy to
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perform general-purpose computation such as solving partial differential equations

and matrix operations. Different with the serial computation model of CPU, GPU

is a kind of parallelism stream processor with highly floating computing power. In

many research areas such as physics simulations and signal analysis, researchers

transfer the high intensity computation duties to GPU in a suitable style, and there

is always an order of magnitude speedup through programming for GPU, which

is also one of the hot topics as the benchmark tests. Solving the problem of GPU

throughput bottleneck for 3D/4D medical image processing and exploiting its highly

processing power is a challenging topic with great application values.

3.1.2 DTS Reconstruction: Analytic Method and Iterative Method

The power of DTS technique over normal CT is that it provides a simple economic

data using different geometric sampling means to enhance the image edge and de-

crease the noise. The reconstruction algorithm for CBCT was first proposed by

Feldkamp et al for circular source trajectories using analytic methods (FDK) back

in 1984. It did not gain much attention to the doctors immediately because of the

low production rate of the semiconductor detectors at that time. People later realized

that FDK method is much computationally less intensive than iterative method.

A challenging topic for present clinical CBCT use is that how one can take

advantages of both analytic and iterative techniques, because the latter has different

modality properties that can turn to their advantages in some situations. Recently,

thanks to the fast development of parallel computing technique, especially the multi-

core CPU and unified device architecture for GPU, rapid processing of 3D images

becomes possible and practical. The volume data can be reconstructed and rendered

in just a few seconds after the scanning is done. It helps a lot to the image evaluation

and online inspection for the DTS technique. Specifically, forward and backward

projections in limited angle are investigated using state of art GPU method.
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It is clinically desirable to achieve efficient volumetric imaging to improve both

accuracy and efficiency for the image-guided radiation therapy. One challenge of

online image-guided radiation therapy is the evaluation requirement for the imme-

diate availability of reconstructed 3D or 4D images. One part of the project is to

present an ultrafast imaging reconstruction technique implemented through Nvidia

CUDA graphics hardware. The proposed GPU technique could enhance image pro-

cessing by a factor up to 40 compared with the conventional technique. It potentially

paves the way for various promising real-time and on-line clinical applications. The

original projection images are first allocated to the textures on the graphic card.

Based on the cone-beam geometry, the projection matrix for each gantry rotation

is generated from the ray intersection and overlaid to the GPU memory. A unique

thread ID will be assigned to each voxel volume for further computation. Global

computation kernel of FDK or DRR processing is called from shared memory of

each block on GPU. The reconstructed 3D data is then transferred back to CPU

after synchronization.

Iterative image reconstruction or restoration methods can impose regularization

constraints for different applications, and it inherently process background noise

and aliasing artifacts better than analytical methods, especially for the limited or

irregularly spaced projection cases.

3.1.3 Calculation Platform: Integrated GPU-CPU Programming

GPU have emerged as a popular platform to perform numerous computationally

intensive tasks thanks to its low-cost, commodity parallel-computing architecture.

It can be understood and regarded as a Single Instruction Multiple Data (SIMD)

processor, which can simultaneously perform the same instruction on multiple data.

This is the main reason that GPU is faster than CPU when dealing with a large

number of uncorrelated images, like CT images with large size. Various scientific
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applications including a wide area of medical imaging modalities can successfully

utilize GPUs to boost their performance, such as such as the NVIDIA GeForce

Series, which is promoted since 2007.

CUDA can also be compared with other popular and competitive platforms us-

ing parallel processors like Cell, FPGA for performance comparison. It has the

easiest programming capability and thus can be used in iterative method. Recently,

NVIDIA released its latest professional CUDA computing hardware Tesla C1060

which has 240 processors and 4GB memory.

During past decades, GPU-based acceleration of CT reconstructions has been

researched extensively. Using GPU for tomographic reconstruction is particularly

attractive due to the effective mapping of the algorithm and significant speedups

it offers. Both analytical and iterative methods shall be accelerated on GPUs for

clinical use. K. Mueller and R. Yagel took advantage of GPU hardware for texture

mapping in the CT reconstruction arithmetic. They implemented algebraic recon-

struction methods (ART) [Mueller et al. (1999)] and later the simultaneous ART

(SART) [Mueller and Yagel (2000)] on an SGI Octane workstation. The acceler-

ation development makes real-time reconstruction of volumetric images possible.

In recent years, the idea of GPGPU was proposed and provides an environment

to both accommodate the needs for high performance computing and eases users

from cross-platform programming difficulties. With the continuous development of

graphics technology and the emergence of programmable GPGPU concept, conve-

nient software plugins or modules for parallel computing will become possible for

non-graphic users.

The integrated built CPU and GPU platform in this project provides the acceler-

ation tools of forward/backward projection and B-spline coefficients calculation for

large-scale 4D-DTS data in the iteration process. The performance of the algorithm

is determined by two built-in parameters in the cost function: B-spline resolution
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and regularization factor, which can be tuned to favor different edge and resolu-

tion performances or fidelity and similarity to the target measurements, and also

determine the flexibility and accuracy during the registration. We focus on the de-

velopment of GPU design and application suitable for medical use. The GPU-based

ultra-fast reconstruction technique can allow real-time on-board imaging process to

be completed within a minute. The integrated software and hardware platform pro-

vides us the necessary tools for the image post-processing of large-scale CT data. It

can be implemented in clinical CBCT, 4DCT and PET/CT system and future IGRT

applications. Current platforms of CPU/GPU imaging architectures used in the clin-

ical imaging and treatment were analyzed and compared.

3.1.4 Challenge for CUDA GPU-based Calculation

There are several problems that challenge GPU-based acceleration. First, in a CT

system, data collected from detectors need to be preprocessed before being input

to the reconstruction algorithm, and they will give additional time cost. Data re-

formatting and minus-log arithmetic with the division of blank scan are two basic

operations. The data flow is kept till they arrive at image processing computer,

and the reformatting step is to convert the 8-bit data flow to 16-bit or 32-bit float-

ing point numbers for further processing. Normally, the time cost of these steps

is negligible. However, with the increasing data size and the dramatic speedup of

the time-consuming back projection process, the amount of time cost in those steps

running on CPU will gradually become not completely ignorable. To gain the real-

time image visualization, minimizing the overall time cost in computation will be a

challenge.

Another problem lies in the limitation of GPU memory. We have seen require-

ments of higher resolution images in real clinical environment. In such a huge-scale

data situation, management of the data I/O of GPU becomes necessary. There are
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works in the literature mentioned the way to deal with the problem of non-enough

GPU memory, low PCI throughput, and the limitation in maximum size of individ-

ual stream [Sharp et al. (2007)]. Following them, we can combine the above two

steps with the weighting step and form one overall kernel for GPU to execute. In

this kernel, zero-padding is done if needed, as well as reformatting data to com-

plex numbers, because we directly call the FFT function provided by CUDA library

which only support complex numbers. Then, the convolution is realized by filter-

ing in the frequency domain. Here, both FFT and IFFT are applied using CUFFT

which is provided by CUDA. The filtration is just a one-by-one multiplication and

is a separate kernel itself. The data is removed of imaginary part and back to be

real numbers after IFFT transform by complex to real kernel. After data are filtered,

final reconstruction is executed by weighted back projection kernel.

The third problem is the integration difficulty in combining varied imaging modal-

ities in a complex treatment protocol. For example, x-ray scanning process is also

time consuming and people need to do some operations referring to the intermediate

results. So it will be very necessary and helpful if there is a tool to visualize and pro-

cess images during the scanning. Obviously, hardware that enables the integrated

higher computing capability with feedback functions is the future goal.

3.2 GPU Power Performance For Medical Application

3.2.1 Overview: customized integrated software and hardware architecture

This section is included for the demanding increase of current mobile device ap-

plications in medical areas. GPU have received great attention in current clinical

research for its low-cost, commodity parallel-computing architecture to perform nu-

merous computationally intensive tasks, e.g. CT image processing, image visual-

ization, radiation dose calculation, therapy treatment planning and optimization. It
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is widely expected that the future clinical trials and real radiation oncology treat-

ments will heavily rely on the fast development of modern processors. The intrinsic

mathematical and physical mechanisms of CT imaging, radiation dose mapping and

treatment planning enable the parallel computing achievable in medical mobile de-

vices using GPU.

Up to now, there is no customized integrated software and hardware architec-

ture available for clinical image guided radiation therapy use. The image analysis

and dose calculation is processed using the embedded machine in a cluster system.

There still lacks of a architecture design for dealing with different specific medical

environments. For example, the breast cancer screening requires fast and low-cost

testing machines, which could be able to cover the rural regions.

3.2.2 Introduction: Power efficiency in GPU System

In 2009 Ramani et al [Karthik et al. (2007)] presents a modular architectural power

estimation framework called PowerRed which is similar with Qsilver described to

help GPU designers with early power efficiency exploration. The PowerRed frame-

work provides a unified framework for GPU power consumption modeling with a

better level of accuracy, while Qsilver simulator does not include power consump-

tion model for interconnects on GPU like global and local buses on chip. The frame-

work utility is demonstrated, which is processed by employing the optimizations of

bus encoding and repeater sizing and spacing.

The novel data encoding method on global bus interfaces is claimed to save

generally 15-30% power consumption at medium to high activity levels, which use

different techniques of power optimization for global bus interfaces in the texture

cache design. The modeling effectiveness is shown by exploring the architectural

impact of various optimizations for the design framework. PowerRed and Qsilver

framework both have the limitations for lacking application level techniques and
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GPU programming models, as their energy efficiency techniques are towards the

study of early stage of GPU architectural design.

NVIDIA recently developed its own power management solution called Power-

Mizer [Jiao et al. (2010)] for making graphics card auto throttle on demand based

on the running applications. It is claimed to adapt performance based on a user’s

needs intelligently with the help of digital watchdog. PowerMizer can effectively

extend the battery life time and increase the energy using efficiency.

For specific medical applications, we can build prediction model for integrated

power and performance of GPU architecture to predict the optimal number of active

processors for a given application.

3.2.3 Power Consumption in Obtaining the Capability for Future Medical Mobile
Imaging Devices

Power consumption can be divided into two parts [Hong and Kim (2010)]: dynamic

power and static power: Power = Dynamic-power + Static-power . Dynamic power

is the switching overhead in transistors, so it is determined by runtime events. Static

power is mainly determined by circuit technology, chip layout and operating tem-

perature.

In leakage power model [Butts and Sohi (2000)], an architecture-level study

described the relationship of temperature and static power consumption, in which

P-static = Vcc × N × K-design × I-leak. Here Vcc is the supply voltage, N is the

number of transistors in the design, and K-design is a constant factor that represents

the technology characteristics. I-leak is a normalized leakage current for a single

transistor that depends on the threshold voltage.

Isci and Martonosi [Isci and Martonosi (2003)] proposed an empirical method

to building a power model. They measured and modeled the Intel Pentium 4 proces-

sor. The emperical equation is, Power =
∑

[(Access - Rate× Architectural-Scaling
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× Max-Power + NonGated-ClockPower) + Idle-Power], which consists of the idle

power plus the dynamic power for each hardware component, where the Max-Power

and Architectural-Scaling terms are heuristically determined. For example, Max-

Power is empirically determined by running several training benchmarks that stress

fewer architectural components. Access rates are obtained from performance coun-

ters. They indicate how often an architectural unit is accessed per unit of time, where

one is the maximum value. So GPU-power = Runtime-power + Idle-Power.

Current NVIDIA GPUs employ no per-core power gating mechanism. How-

ever, future GPU architectures could employ power gating mechanisms as a result

of the growth in the number of cores. To evaluate the energy savings in power gat-

ing processors, we predict the GPU power consumption as a linear function of the

number of active cores, which is the empirical product of GPU performance Counter

and learning constant. GPU performance counters can be utilized to estimate power

consumption of the GPU very accurately [Nagasaka et al. (2010)]. Preliminary anal-

ysis shows the power consumption reduction using model-based techniques in GPU

based computing, where the simple regression model is applied to calculate the tun-

ing parameters.

The entire software-hardware stack must provide bandwidth, hide latency, lower

power and heighten reliability for Peta scaling. Future error detection in CUDA

global memory HPC libraries should support GPU variations like the number of

SPs/SMs, core and memory clock speed, device/shared memory size, the auto-

tuning of various parameters, selection of kernel radices, memory padding size and

the number of threads.
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4

Prior Information Based Image Restoration
Algorithm with B-spline Deformation Field

4.1 Introduction: Compressive Sensing

4.1.1 Mathematical Definition

It is well known that medical images can be compressed using the imaging software

tools, such as JPEG and JPEG-2000. These mathematical tools apply the Discrete

Cosine transform (DCT) or wavelet transform to the original image, so that the

transformed image matrix has more zero entries, which is an imaging process for

shrinking the size and making the matrix more sparse. The transformed image is

usually 100 to 100 times smaller than the original image, so the workload of in-

volved with the transfer process is reduced significantly. When one wants to see the

original image, the inverse transformation process is applied, and the image is finally

recovered. The characteristics of the sparsifying transformation include no loss of

key information from original image, the feasibility of inverse transformation, and

application to different image types.

In mathematics, we first define the p-norm function of an n-dimension signal in
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Lp space, or Banach space:

‖ f ‖:= (
∑
i=1

|fi|p)
1
p (4.1)

where fi defines the i-th component of signal f . L0 norm, L1 norm, L2 norm are

three most commonly used norm formats. L2 norm is the Euclidean norm, while

the distance in the L1 norm is known as the Manhattan distance. L0 norm can be

used to show the sparseness of f , in which only the non-zero elements are kept and

equal to one, widely known as ”Donoho’s zero-counting norm”. So when the signal

is k-sparse, we have ‖f‖0 = k � n, which indicates that L0 is a metric for the

sparseness of a signal.

In terms of medical imaging, n-dimension signal f can be viewed as the decom-

position of the 3D image volume. Fig. 4.1 shows the conversion process from 3D

image volume to 1D vector signal. So any type of image volumes, including 2D

and 3D, can be standardized to the signal f . In 4D imaging system, fi can be taken

as the i-th time checkpoint for a series of images. Thus such volume index setup

for medical imaging has its flexibility and extensibility to different applications and

environments.

FIGURE 4.1: The preparation process for CT imaging. It transforms the 3D image
volume f(x, y, z) to one dimensional signal array. The location for each specific
pixel (i, j, k) is denoted as x[i+Nx × j +Ny ×Nx × k] in the signal array.
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4.1.2 Linear Measurements in Imaging System

Traditional linear algebra suggests the number of projection measurements shall be

at least as large as its dimension for image reconstruction. Compressive sensing

technique measures sparse signals from a small set of linear measurements, and it

demonstrates that if the projection matrix is properly chosen, then a sparse signal

f may be recovered exactly even when the dimensionality of y is small relative

to that of x. In other words, the ability to recover signal x from y = Af + z

for y, n ∈ Rm, f ∈ Rn, under the assumption that m < n. In most measurement

conditions, z stands for the background noise which is assumed to be white Gaussian

noise, in terms of z ∼ exp(−αz2). The aforementioned matrix A has an interesting

physical interpretation for image processing: each row of matrix A corresponds to

a projection angle at which the gantry is located and the x ray is shoot, and each

column of matrix A corresponds to the ray path of a specific image pixel. We can

then view the sparse recovery problem as the recovery of the k-sparse signal x from

its measurement vector y = Af , or straight forward calculation f = A∗−1Ay/|A|2.
Each component of x represents the angle-dependent intensity for an object to be

measured, which is assumed to be sparse.

However, in computed tomography imaging, the attenuation factor in the object

is not naturally sparse and has a wide range of value distribution. So total variation

procedure is introduced and applies the image gradient as the sparse requirement.

Normally one can create sparse signal f through the formula f ′ = Φf , where the

sparsifying operator Φ transforms the current signal f to the sparse signal f ′. Notice

that in the discrete gradient process, operator Φ will increase the length of original

signal and thus enhance the sparseness. Image discrete gradient has been accepted

as the standard sparsifying operator for most medical and natural images (Fig. 4.2),
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which can be defined as:

Φf =

 ∇x

∇y

∇z

 f =

 (fi,j,k − fi−1,j,k)/2∆x
(fi,j,k − fi,j−1,k)/2∆y
(fi,j,k − fi,j,k−1)/2∆z

 (4.2)

4.1.3 Discrete Gradient for Medical Images

It can be understood topologically that most areas in a natural image are continu-

ously distributed and the boundaries between different structures are also contin-

uous. For medical images, the x-ray attenuation coefficients vary mildly within an

anatomical organ, and bigger changes often occur in the boundary between different

organs.

One specific case for gradient of 2D image is shown below. It can be understood

topologically that most areas in a natural image are continuous distribution and the

structure boundaries are also continuous. For medical images, the x-ray attenuation

coefficients vary mildly within an anatomical structure and bigger changes often

occur in the boundary between different organs.

Each x-ray exposure can be seen as an inner product between the n-dimensional

signal f and a projection matrix Pi, where i corresponds to the angle number for

each projection. We assume there are m projections in the data acquiring process. If

we collect m measurements in this way, we may then consider the m× n projection

matrix P (P ∈ Rm×n) whose rows are the vectors Pi. According to the above analy-

sis, projection matrix is the measurement matrix A after considering the sparsifying

operator.

Due to the computational complexity of matrix inversion and matrix multiplica-

tion, and also the incompleteness (m < n) of measurement result (y), it is unrealistic

to use the above algebraic method to solve the ill-posed inverse problem. Thus the

optimization algorithm is proposed and its solution can be iteratively obtained in a

constrained or unconstrained manner as below listed.
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FIGURE 4.2: Discrete gradient of 2D image(left) in x direction (middle) and y di-
rection (right). Here conventional back-projection results (top) are compared with
TV method (bottom).

4.1.4 Optimization Problem: Algebraic Method for Solving CT Reconstruction

Suppose the image of interest is a vector f , let Φ denotes the discrete gradient op-

erator that transforms from pixel representation into a sparse representation. The

reconstruction is obtained by solving the following constrained optimization prob-

lem:

Minimize ‖Φf‖p

s.t. ‖Pf − y‖22 < ε (4.3)

Minimization term promotes sparsity and the constraint ‖Pf − y‖22 < ε en-

forces data consistency and fitting. The absolute square format of ‖Pf − y‖22 is

based on the assumption that the residue z satisfies the Gaussian distribution, which

51



simplifies the problem. In fact, considering the strong scattering noise which is in-

duced by secondary scattering, the simplified distribution model covers most cases

in computed tomography. The more accurate photon distribution model in photonic

imaging is Poisson based, in which we have y ∼ Poisson(Pf), or p(y|Pf) ∼∏ (Pf)y

y!
exp(−Pf).

Because the variance of measured data is proportional to the signal intensity

from the nature of Poisson distribution, the data fitting term can lead to significant

over fitting in high intensity regions and over smoothing in low intensity regions.

Thus the log likelihood is used in the formulation of a cost function, which results

in relatively sophisticated optimization theory principles. In most compressive sens-

ing literatures, data constraint term ‖Pf − y‖22 is used as the standard method, and

in fact it provides prior information about the variance of the noise which is Gaus-

sian based. But most of the time, the claimed sparseness prior is referred to the

TV operator. It is worthwhile mentioning that Poisson CS problem has received

great interests in the recent years Raginsky et al. (2010), ranging from bio-medical

imaging Johnson et al. (2007), remote sensing Martin et al. (1998), to astronomical

spectral imaging Lin et al. (2003).

4.1.5 Total Variation: Sparsifying Transform

When discrete gradient operator φ is used as a sparsifying transform, the L1 norm of

a function’s finite derivatives is defined as Total Variation (TV), since it is the sum

of the absolute variations in the image. TV has been successfully applied to medical

image processing areas including limited-angle tomography, PET and MRI. TV is

an invertible operator and is a problem-dependent penalty function that provides

stability of the solution and incorporates prior knowledge about the true solution.

For a 3D image volume, the discrete function of TV penalty function can be written

as:
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fTV = xyz
∑

k

∑
j

∑
i

√
|∇xf |2 + |∇yf |2 + |∇zf |2 (4.4)

The imaging space we defined has the property that space Ω =
∫
dxdydz < +∞

and it is assumed to be a unit ball which requires that 1
xyz

= n for an n-dimensional

signal, or an image volume with n pixels, which is actually a normalized necessity in

physics. In the L1 norm, many small coefficients tend to carry a larger penalty than a

few large coefficients for the CT imaging, therefore small coefficients are suppressed

and solutions are often sparse, which is a big advantage over other Lp norms. Thus

Minimizing the L1 norm of an objective often results in a sparse solution. In general,

TV measures the extent that an image varies across pixels, so a highly textured or

noisy image will have a large TV norm, while a smooth or piecewise image tend

to have a relatively small TV norm. Compared with the TV method in the above

mentioned introduction section, the wavelet method is a useful substitute, which is

also designed for piecewise and smooth images. However, wavelet regularizer can

result in spurious large isolated coefficients and related image artifacts.

4.1.6 Unconstraint optimization Method

So combined with the data fitting term, we transfer the constraint problem into an

unconstraint function using the Lagrangian multiplier form:

arg min ‖Pf − y‖2 + µfTV (4.5)

In the above equation, the regulation parameter µ can be selected appropriately

such that the solution of (4.5) is exactly as (4.3). The value of µ can be determined

empirically by solving (4.5) for different cases in order to reach the constraint that

‖Pf − y‖2 ≈ ε. It has been justified that circular piecewise images f(x, y, z) can

be exactly determined by minimizing the total variation based cost function [Han
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et al. (2009)].

The cost function of our goal is built up, which consists of two terms: image

space regularization with some prior constraints and projection data fidelity. We

hereby define g(f) = fdata + fregularization = ‖Pf − y‖22 + µfTV . This cost func-

tion model can be adjusted according to different applications as illustrated in the

following sections, and different models can be added into the cost function to solve

different problems. So the introduced TV method in this chapter is a platform for

advanced CBCT image processing. The regularization parameter adjusts the relative

penalty on the sparseness and the data fidelity. Based on the specific interest of an

application, it can be tuned to favor high edge and resolution performance or fidelity

to the measurements.

Such original model can be modified with additional information and constraints

for different applications, e.g., image registration, image restoration, image render-

ing temporal resolution enhancement for dynamical images or videos.

4.1.7 CBCT Reconstruction Results Using Total Variation Algorithm with no prior
information

From Fig. 4.3, one can notice the cost function mainly decay in the first ten itera-

tions, which can be used to accelerate and simplify the clinical reconstruction tests.

Cases for full-angle-scan and under sampling scan of CBCT are shown in Fig. 4.4

and Fig. 6.6, respectively. It is noticeable that TV has better noise suppression effect

than FDK method.

The similarity between images reconstructed by FDK algorithm and TV algo-

rithm is represented and analyzed by the cross correlation (CC) and mutual infor-

mation (MI) in Shepp-Logan phantom, in Table 4.1. With the increased number of

scan angles, both FDK and TV are approaching the ground truth image, while the

recovery effect using TV method is justified compared with FDK method.

54



FIGURE 4.3: Convergence curves for cost function value and L-1 norm plotted
against number of iterations for TV based CBCT reconstruction methods. Regular-
ization factor equals 1 (a); 0.1 (b); 0.01 (c); 0.001 (d).

FIGURE 4.4: Under sampling scan of head and neck CBCT image reconstruction
comparison between using FDK method and TV method. The 36 projections are
acquired around the patient in equal-distant space intervals.

Fig. 4.5 shows the 4D-DTS phantom results by applying TV algorithm. Using

4DCT, it is possible to obtain kinetic information for tumors which is subject to

respiratory motion, and TV can help to obtain 3D motion information from 4D-

DTS images with less motion artifact. Axial, coronal and sagittal images of the
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Table 4.1: The image correlation for two reconstruction algorithms: FDK and TV.
Metrics of CC and MI are brought into the analysis. Note here CBCT prior stands
for the original CT image which is ground truth.

Case CC MI
CBCT prior 0.73 1.48

57 proj over 360 0.78 1.62
112 proj over 360 0.88 1.69
166 proj over 360 0.91 1.72

phantom in motion shows the extent of motion in 3D in one phase, as the projection

sets are acquired over at least one full respiratory cycle. KV projection images were

acquired using an onboard OBI and the physical size of the detector was 30×30 cm2,

and the image acquisition resolution was 1024 × 768 pixels with a 0.26 mm pixel

pitch at the iso-center. Projections were down sampled to 512 × 384 pixels before

processing due to the resolution issues. The final reconstructions have a pixel size

of approximately 0.5 mm.

4.2 Application of Total Variation Algorithm in Dual-Beam System

In the dual-beam system, the source and detector are stationary, and the object ro-

tates about the stage isocenter. Fig. 4.6 shows the dual angle reconstruction results

of a clinical phantom using FDK and TV algorithms. Compared with single angle

system (Fig. 4.8), dual angle system shows increased volume information. TV al-

gorithm demonstrates better noise suppression effect than FDK algorithm, and the

resulted image is more piecewise-resulted, which means better edge preserving ef-

fect (Fig. 4.7). Fig. 4.9 and Fig. 4.10 show the coronal view and sagittal views of

reconstructed image volumes for different regularization factors, which should be

carefully chosen to meet the specific clinical applications.
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FIGURE 4.5: Image slice comparison between filtered back projection (a), and TV
based (b). CBCT reconstruction for axial (left), sagittal (center), and coronal (right)
view, in one phase using 100 of projections in 4D-DTS.

4.3 Therapy Background: CBCT and the Principle of CS Based Im-
age Restoration

CBCT has been widely used in image guided therapy to acquire updated volumet-

ric anatomical information before treatment fractions for accurate patient alignment

purpose. With a total variation approach and prior information (usually daily CBCT)

applied, on-board DTS images are reconstructed with a small number of 2D pro-

jection images (DRR). Limited-angle-scan (DTS) enables faster localization than

CBCT and thus reducing imaging dose, but it has incomplete volumetric informa-

tion and unsatisfactory image qualify from traditional back-projection algorithm.

For reconstructing full image volume from projection images acquired in limited

scan angles, the missing volumetric information can be made up from correlated 3D

reference images, such as planning CT or daily CBCT. Due to the strong streaking
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FIGURE 4.6: Line profile comparison of filtered back projection and TV based
CBCT reconstruction for dual angle projections (dual DTS). The center row in the
axial view is extracted for evaluation.

artifacts and blurring effect in DTS images, which are reconstructed from limited-

angle projections, conventional registration between DTS and CT/CBCT will lead

to distorted deformation fields. Popular deformable registration algorithms, such as

Demons registration method and Thin-plate registration method, will succeed in the

case of uni-modality registration but will fail for the case of multi-modality regis-

tration [Maintz and Viergever (1998); Meijer et al. (2008)]. This is because that the

free-form deformation model takes no constraints into account, which cause the in-

finite number of optimal solutions (over-fitting deformation vectors) corresponding

a single minimum. In our approach, the objective function is established through

maintaining the balance between data fidelity and solution uniqueness by the prin-

ciple of compressive sensing.

As illustrated in Central Slice Theorem, the Fourier transform of projection lim-
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FIGURE 4.7: Image discrete subtraction in x-direction (top) and y-direction (bot-
tom) using FDK algorithm (left) and TV algorithm (right), for dual angle projections
(dual DTS).

ited angles yields a slice of the Fourier transform of the object at the corresponding

angle arc in the Fourier domain, which is shown in Fig. 4.11. Clinical DTS is a

circular form of limited-angle tomography which samples frequency space with a

proportional volume. The sampling frequency of DTS indicates that no data are

acquired outside the red cone, which will cause the ringing artifacts in z direction,

such as out-of-plane blurred structures. The resulting images can be understood as a

hybrid image modality in Fourier space, which are reconstructed from two informa-
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FIGURE 4.8: Image reconstruction results of single angle DTS in AP scan (left) and
Lateral Scan (right), using FDK algorithm.

FIGURE 4.9: Coronal view of reconstructed image using FDK algorithm and TV
algorithm for dual angle projections (dual DTS). Different regularization factors are
chosen to evaluate the reconstruction effect.
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FIGURE 4.10: Sagittal view of reconstructed image using FDK algorithm and TV
algorithm for dual angle projections (dual DTS). Different regularization factors are
chosen to evaluate the reconstruction effect.

tion sources. Within the region covered by limited scan angles (red arc) of on-board

CBCT, the information is mainly derived from the subset of projection images to-

gether with complementary information from reference images.

In the blue regions without coverage of limited scan angles, volume information

is mainly based on reference images. And in the red cone, the anatomical informa-

tion is from both the reference image scan and on-board image scan. In the imaging

theory, after applying filter and integration along the line in Fourier space, inverse

Fourier transform will recover the body image in Cartesian space. Thus the recov-

ered images consider the trade-off between different image sources and the process

is regulated by compressive sensing theorem, also it avoids applying direct registra-

tion between two sets of images which will cause severe image distortions.
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FIGURE 4.11: Analysis of hybrid imaging model for prior information based DTS
reconstruction in Fourier space. Fourier transform of projection limited angles
yields a slice of the Fourier transform of the object at the corresponding angle arc.
In the figure, red cone represents DTS scan region in k-space, which contains in-
complete information from patients. Blue regions, which is the missing information
adapted from the prior CBCT/CT scan, needs data control to satisfy the boundary
condition between the two cones.

4.4 Algorithm Details: Prior Information Based Compressive Sens-
ing for Image Restoration

4.4.1 B-spline Based Image Registration

In the image registration process, one image set is aligned as the reference coordi-

nate space, and the other image which has higher resolution is transformed to match

different analytical goal. There are generally two categories of registration meth-

ods according to the mathematical nature of transformation: rigid and deformable

registration. The idea of rigid registration assumes that no distortion existed in the

image acquisition process and the object has no change, which is now widely used

in GoogleMap or other geometrical products. Three displacement and rotational

parameters can define a rigid transformation in 3D space.
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Deformable registration considers the distortion by modeling the motion caused

by each voxel. Depending on the nature of different imaging system, the formulation

of the problem can be complicated, and the optimal solution is unreachable.

4.4.2 Overview: Total Variation Regularization

TV regularization has proved to reconstruct recovered image in the edge-preserving

effect if the gradient of the underlying image is sparse [Song et al. (2007); Ritschl

et al. (2011); Block et al. (2007); Combettes and Pesquet (2004)]. In the broad area

of compressive sensing, TV has been implemented as the sparseness prior due to the

compressible fact for medical images [Chen et al. (2009); Weiss et al. (2009)]. TV

succeeds in producing better image qualify when dealing with dense staircase struc-

tures or piecewise images [Sidky et al. (2010); Han et al. (2009)]. In general, TV

measures the extent that an image varies across pixels, so a highly textured or noisy

image will have a large TV norm, while a smooth or piecewise image tend to have a

relatively small TV norm. For medical images such as CT, the x-ray attenuation co-

efficients vary mildly within an anatomical structure and bigger changes often occur

in the boundary between different organs, where TV regularization would work.

In brief, compressive sensing is not only an algorithm that recovers incomplete

signal from sparse inversion, but also have the power of argument regularization and

noise suppression. In the proposed approach, the compressive sensing principle is

also implemented to regulate the B-spline coefficients which will result in reason-

able image transformation and minimized noise effect [Yang et al. (2009); Klein

et al. (2007)].There are two terms included in the objective function, data fidelity

term describing how the reference images are deformed using B-spline interpolation

to match with the target images and the regularization term manipulating B-spline

vector by discrete total variation operation.

The relationship between the 3D reference image volume (f0) and 2D target im-
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age projections (y) is built up from the displacement field map, as shown in Fig. 4.12.

To our knowledge, it is rarely exploited in the literature of biomedical image pro-

cessing, to use the deformation fields in compressive sensing algorithm as the prior

information. The whole algorithm for the proposed image reconstruction method is

based on manipulating the gradient of cost function and estimating the deformation

field.

FIGURE 4.12: The scheme for image reconstruction from manipulating the Gradi-
ent of cost function and estimating the deformation field. The final image result is
generated from the iteratively selected gradient field from the minimum of initially
set-up cost function. The cost function is the key component in the reconstruction
algorithm to control the similarity and correlation between two sets of CT images,
and its accuracy is determined through the deformation field.
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4.4.3 Total Variation Based Image restoration with Prior Information

The cost function for the unconstrained convex optimization algorithm is mainly

based on the similarity measure between the 2D projection of transformed reference

image (Pf(x, y, z)) and target image projections (y). Cost function (g(f)) is defined

as:

g(f) = ‖Pf − y‖22 + µfTV (4.6)

where ‖...‖n stands for ln norm and ‖Pf − y‖22 denotes the sum square of 2D

projection image subtraction differences between Pf and y for the volume intensity.

The operator P here stands for the forward cone-beam projection, and µ stands for

the regularization factor. The reconstructed image f(x, y, z) is obtained from the

minimization of the cost function (g(f)), or f(x, y, z) = arg min g(f).

The image sparsity is here enforced by the total variation technique where sig-

nificantly few image pixels have large non-zero image values. By the principle of

compressive sensing, accurate image reconstruction of f(x, y, z) is obtained from

far fewer projections (undersampled data) of target image.

The penalty terms (fTV ) in the cost function ensures B-spline transformation is

reasonable for the unconstrained optimization problem as defined in Eq. (2), and

the regularization parameter µ describes its relative weighting in the cost function

which can be tuned to favor high edge and resolution performances or fidelity to the

measurements based on the specific interest of applications [Romberg (2008)]. Non-

linear Conjugate Gradient (NLCG) algorithm is applied to solve the unconstrained

problem.

Back to (4.4), the finite-difference operator TV has been demonstrated in optimal

reconstruction from incomplete measurements with its sparseness prior regulariza-

tion [Candes and Romberg (2006)]. If the true solution is known to have jump dis-
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continuities, a natural choice for keeping the boundary using TV penalty and avoid

singularities, a small positive number η is often used as the smoothed TV [Romberg

(2007); Lustig (2008); Aujol (2009)]: ‖x‖1 ≈
√
x∗x+ η and d|x|

dx
≈ x√

x∗x+η
.

The free-form deformation behavior is described by interpolated discrete voxel

displacement utilizing the piecewiseC2 continuous uniform B-spline scheme, which

is based on piecewise polynomial interpolation of displacement fields using a set of

control points placed in image domain.

4.5 Deformation Field and Registration

Let Dx, Dy, Dz stand for the displacement vectors depicting the transformation be-

tween target and template image, we will have the updated template image for each

voxel as:

f(x, y, z) = f0(x+Dx, y +Dy, z +Dz) (4.7)

Algorithm for image interpolation from deformation fields is shown below:

−−−−−−−−−−−−−−−−−−−−−−
for k from 1 to Nz, z+ = ∆z, k + +

for j from 1 to Ny, y+ = ∆y, j + +
for i from 1 to Nx, x+ = ∆x, i+ +

z′ = round(z +Dz/∆z);

y′ = round(y +Dy/∆y);

x′ = round(x+Dx/∆x);
f(v) = f0(x

′, y′, z′);
v ← v + 1;
end

end
end
−−−−−−−−−−−−−−−−−−−−−−

The template 3D image volume f(x, y, z) for updating in each iteration loop is

66



the deformed image based on reference image and tensor B-spline volume, where

the discrete B-spline control points will be interpolated and inserted into the refer-

ence image space [Balci et al. (2007); Kybic and Unser (2003)]. And the transfor-

mation from the reference image is reflected and specified by the displacements of

B-spline controls. The spacings of B-spline control points in the space are defined

as Bx,By,Bz. Local property of the spline curve is determined by the coefficients

of control points φx, φy, φz, which functions as the intensity value for each basis

function.

4.5.1 B-spline Based Deformation

The deformation for 1D line can be described by the B-spline curves.

D(t) =
1

6

[
ϕ0 ϕ1 ϕ2 ϕ3

]
•


−1 3 −3 1
3 −6 0 4
−3 3 3 1
1 0 0 0

 •

t3

t2

t
1


Each knot is located at the end point of the divided B-spline intervals defining

multiple different continuous polynomials. The choice and location of knots are

variable parameters. Fixed placing knots can ensure a sufficient number of points

for each interval.

The anatomical change or motion in human body can be captured and described

by a nonrigid transformation using B-spline based free-form deformation. Com-

pared with other transformation models, B-spline technique is locally controlled

and computationally efficient by using the control points and basis functions.

3D tensor B-spline is located by three sets of knots in three directions, which are

placed equidistantly along each of the coordinate axes. B-spline segments are joined

by these control points and the spatial displacement can thus be adjusted according

to the number of points. A hierarchy of control points (u, v, w) located along x, y,
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z directions is utilized by the B-spline basis functions (Bl(u), Bm(v), Bn(w), 0 ≤

l,m, n ≤ 3) to describe the image transformation in a multilevel way. The basis

functions for cubic B-spline are defined as:

B0(t) = (−t3 + 3t2 − 3t+ 1)/6,

B1(t) = (3t3 − 6t2 + 4)/6,

B2(t) = (−3t3 + 3t2 + 3t+ 1)/6,

B3(t) = t3/6 (0 ≤ t < 1). (4.8)

The cross product of B-Spline segments and the control points defines the B-

Spline volume for free-form deformation field (Dx, Dy, Dz), in which the coeffi-

cients (φx, φy, φz) are convolved with B-spline basis functions:

Dx(φ) =
3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)φxi+l,j+m,k+n

Dy(φ) =
3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)φyi+l,j+m,k+n

Dz(φ) =
3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)φzi+l,j+m,k+n (4.9)

Here u = x
Bx
−
[
x
Bx

]
, v = y

By
−
[
y
By

]
, w = z

Bz
−
[
z
Bz

]
are the normalized

coordinates for each voxel within each grid. And i = [ x
Bx

], j = [ y
By

], k = [ z
Bz

] stand

for the grid indices within whole image volume. The notation [] stands for the floor

function. The index for each control point is defined as s = (i+ l, j+m, k+n). The

deformation fields For each image voxel (x, y, z) are thus derived from the B-spline

coefficients (φxs, φys, φzs).
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Fig. 4.13 depicts 2D Image partition using control points in B-spline method. 16

B-spline coefficients are used to generate the deformation fields for each voxel, and

the relative location of the voxel is reflected in the B-spline basis functionB0,1,2,3(t).

Similarly, 3D image partition apply 64 B-spline coefficients to determine the defor-

mation for one image voxel.

FIGURE 4.13: 2D Image partition using control points in B-spline method. The
deformation fields for each voxel in the grid are described by the convolution of
B-spline basis function and neighboring coefficients.

Algorithm for the B-spline based deformation fields are shown below:
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−−−−−−−−−−−−−−−−−−−−−−
for n from 0 to 3, n+ +

for m from 0 to 3, m+ +
for l from 0 to 3, l + +

B = Bl(
x
Bx
−
[
x
Bx

]
)Bm( y

By
−
[
y
By

]
)Bn( z

Bz
−
[
z
Bz

]
);

s = ([x/Bx] + l, [y/By] +m, [k/Bz] + n);

Dz(x, y, z)+ = Bφz(s);
Dy(x, y, z)+ = Bφy(s);
Dx(x, y, z)+ = Bφx(s).
end

end
end
−−−−−−−−−−−−−−−−−−−−−−

Fixed placing knots can ensure a sufficient number of points for each interval.

The number of control points regulates degree of non-rigidity. Normally, multi-

resolution application for B-spline deformation are used to simulate from the global

to local registration process, which starts from the coarsest level.

Due to the flexible efficient support of B-Spline method, it can model both 3D

local and global transformations for rigid and deformable registration [Yin et al.

(2009)], which relates points in the reference image to the DTS image in an iterative

algorithm. This nature of B-Spline constrained curve will enable us to deform the

delicate structure in CT images in a multi-level way.

4.6 Gradient Solution of Cost Function

4.6.1 Argument Chain and Gradient in respective of B-spline Coefficients

The key step in the algorithm is to solve the gradient of the cost function. Based

on the argument chain in the Eq. (1) (4): g → f → Dx, Dy, Dz → φx, φy, φz, we

derive the partial relationship between these arguments:
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∂g(f)

∂f
= 2P ∗(Pf − y) + µ∇ffTV (4.10)

∂f(Dx)

∂Dx
= lim

Dx→0

f0(x+Dx, y, z)− f0(x, y, z)
Dx

= ∇f0x (4.11)

∂Dx(φx)

∂φx s

= Bl(
x

Bx
−
[
x

Bx

]
)Bm(

y

By
−
[
y

By

]
)Bn(

z

Bz
−
[
z

Bz

]
)

= B(x, y, z) (4.12)

So we can obtain the gradient of cost function with respect to B-spline coeffi-

cients:

∂g(f)

∂φx s

=
∑
x,y,z

∂g(f(Dx)

∂Dx
•
∂Dx(φx)

∂φxs

=

Nz−1∑
z=0

Ny−1∑
y=0

Nz−1∑
z=0

[
∂g

∂Dx
(x, y, z)]B(x, y, z)

(4.13)

In Eq. (6) P ∗ is the Hermitian of the forward projection matrix P , which is

actually the backward projection operator.
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4.6.2 Gradient Function of Total Variation

The gradient function for the total variation term can be derived in the discrete

method as:

−−−−−−−−−−−−−−−−−−−−−−
for v from 1 to NzNyNx, v + +
∇fx,y,z(v)/ = sqrt[∇f 2

x(v) +∇f 2
y (v) +∇f 2

z (v)];
end
...........................................................................
for k from 1 to Nz, k + +

for j from 1 to Ny, j + +
for i from 1 toNx, i+ +
∇fTV (v) = ∇fx(i− 1, j, k)−∇fx(i, j, k);
∇fTV (v)+ = ∇fy(i, j − 1, k)−∇fy(i, j, k);
∇fTV (v)+ = ∇fz(i, j, k − 1)−∇fz(i, j, k);
v ← v + 1;
end

end
end
−−−−−−−−−−−−−−−−−−−−−−

For each iteration in the algorithm, the B-spline coefficients are updated, and the

final deformation fields are obtained towards the convergence of the cost function.

Algorithm for sub-gradient of cost function is shown below:

72



−−−−−−−−−−−−−−−−−−−−−−
for n from 0 to 3, n+ +

for m from 0 to 3, m+ +
for l from 0 to 3, l + +

for k from 1 to Nz, ik = [k/Bz], z+ = ∆z
for j from 1 to Ny, iy = [y/By], y+ = ∆y

for i from 1 to Nx, ix = [x/Bx], x+ = ∆x

B = Bl(
x
Bx
−
[
x
Bx

]
)Bm( y

By
−
[
y
By

]
)Bn( z

Bz
−
[
z
Bz

]
);

∂g
∂Dx,y,z

= [2P ∗(Pf − y) + µfTV ](∇f0)x,y,z(x, y, z);
∂g
∂φz

+ = B ∗ ∂g
∂Dz

(x, y, z);
∂g
∂φy

+ = B ∗ ∂g
∂Dy

(x, y, z);
∂g
∂φx

+ = B ∗ ∂g
∂Dx

(x, y, z).

end
end

end
end

end
end
−−−−−−−−−−−−−−−−−−−−−−

4.7 Algorithm Summary and Literature Review

The flowchart of the algorithm is shown in Fig. 4.14. The input data include 2D

projections of ground truth image and reference 3D CBCT volume. The restored

image is updated iteratively to approach the optimum free-form deformations for

the convergence of cost function. For each iteration, the B-spline coefficients are

updated in the direction of minimizing the cost function.

The main related literature are summarized and compared with our work in

Fig. 4.15. As a overview, we integrated the compressive sensing algorithm, GPU ac-

celeration tools, Deformation fields, prior information from different set of data, into

the restoration application in treatment CT system. The motivation of the project is

listed below.

First, advances in compressed sensing theory has shown that sparse signals (or

in transform domain) can be reconstructed from much smaller number of samples
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FIGURE 4.14: Imaging model starting from prior CBCT slices (f0) by anatomical
scan to the reconstructed CBCT volume (f ). The convergence of cost function
controls the iteration loop, and the intermediate image X in each loop is generated
from prior CBCT volume (f0) and B-spline based deformation field (φ). In the cost
function, the projection image (Pf ) is compared with the target image projections
(y) as the data fidelity term.

than the Nyquist frequency requires. Compressive Sensing methods can be used

to reduce radiation dose to patient. It inspired us to use compressive sensing algo-

rithms in the field of deformable restoration in radiation therapy. Second, Total vari-

ation method has been applied to image reconstruction problems in image-guided

radiation therapy. Our contribution was to extend this method to image restoration

from two sets of CT data. Third, deformable 4D Cone-Beam CT is introduced as

a method to perform adaptive radiation therapy, and our algorithm can also use the

deformation fields describe the anatomical change and obtain the restored image

volume.

Third, 3D Digital Tomosynthesis is used for clinical positioning guidance, al-
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lowing a limited number of CT acquisition angles, which will significantly reduce

the radiation exposure to patients. We applied this algorithm into this system.

Fourth, GPUs enable clinical research for large-scale imaging data using personal

computers. Applications include CT reconstruction, computed radiography, image

registration, volume rendering, treatment planning. The development of hardware

tools enabled us to build the platform to solve computationally demanding imaging

problems.

FIGURE 4.15: Literature review and algorithm comparison. CS: Compressive Cens-
ing; Deform: Deformation fields; Tx: Treatment
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5

Software and Hardware Implementations for
Image Restoration Algorithm

5.1 Software Implementations: CPU

With the assistance of Nonlinear Conjugate Gradient (NLCG) algorithm, the solv-

ing process of finding the minimum of the cost function becomes not difficult. In

the gradient function, P ∗ stands for the Hermitian of matrix P , which is actually the

back projection matrix in CBCT imaging system. Given the gradient of cost func-

tion indicating the direction of maximum increase, the initial step4f0 = −∇φg(f)

should start in the opposite (steepest descent) direction, which is illustrated in Eq.

(4.10) (4.13). In the first iteration, line search is performed with an adjustable step

length in one direction until it reaches the minimum of the cost function, alterna-

tively α0 = arg min g(f0 +α∆f0). In the followed iteration, the movement is along

a conjugate direction ∆fn which is updated as ∆fn = −∇φg(fn) + γfn−1, and also

the line search is performed to update step length as αn = arg min g(fn + αn∆fn),

so the position is updated as fn+1 = fn + αn∆fn. In our algorithm, the updated

image volume f(x, y, z) for each step search can be expressed as f(D(φ)) ←−
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f(D(φ+ t∆φ)). The detailed algorithm is shown in Fig. 5.1.

1: Load Projections (y), initialize image f = f0 ;
2: k = 0; Calculate∇φg0;
3: Set step size ∆f = −∇φg0;
4: while k <Itnlim do
5: Set t = t0, Calculate gl0(f(φ)) and gl1(f(φ+ t∆φ));
6: while gl1 > gl0 − α · t · |∇φg0(f)∆φ| do
7: Line search: t = βt, calculate gl1(f(φ+ t∆φ));
8: if l < 1 then
9: t0 ← t0/β;

10: else
11: t0 ← t0 × β: Cut-off is enforced when maximum search is reached;
12: end if
13: end while
14: φ← φ+ t∆φ;
15: Calculate γ, Update: ∇g0(f(φ))← ∇g1(f(φ)),

and ∆φ = −∇g1(f(φ)) + γ∆φ.
16: end while
17: Interpolate reference image f0 with deformation field using Eq.(3) and (5):

f(x, y, z) = f0(x
′, y′, z′).

FIGURE 5.1:

With a pure quadratic function, the minimum is reached within tens of iterations,

while a non-quadratic function makes slower progress. Subsequent search directions

will lose conjugacy, which require the search direction to be reset to the steepest

descent direction. During the iterations, the step size of conjugate direction also

needs update, which is based on the ratio of function gradient between neighboring

iterations: γ = ‖∇φg(fn+1)‖2
/
‖∇φg(fn)‖2. This ratio is carefully defined and

proposed by Fletcher and Reeves in 1964. Normally one sets the stopping criteria in

number to decide where the iteration should stop. Parameters for NLCG execution

and their physical meanings are explained in Table 5.1.

5.2 Hardware Implementations: GPU

In medical imaging research and applications, the low memory bandwidth and com-

putation throughput are the main bottleneck for processing the large data sets of

CBCT/CT. Recently GPU has emerged as a popular platform to perform numer-
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Table 5.1: Parameters for NLCG Execution and their physical meanings.

Symbols Physical Meaning
y Input 2D image data. Normally it is DRR

or/add image projections of CBCT.
P Forward projection martrix. Generally it is

measurement matrix
P∗ Backward projection matrix. Generally it is Radon transform.

In CBCT imaging, it stands for FDK algorithm.
TV Sparsifying operator.
µ Regularization factor for adjusting data penalty and fidelity

terms. Normally it is in the range 10−3 ∼ 1
Max-Iter Stopping criteria according to iteration number. Normally it is

20 100 for obtaining optimal results.
Tol-Grad Stopping criteria according to gradient magnitude in the

calculation
η, κ Line search parameters.

ous computationally intensive tasks thanks to its low-cost, commodity parallel-

computing architecture. Different from the serial computation model of CPU, GPU

is one kind of parallelism stream processor with high computing power. During past

decade, GPU-based acceleration tools for the CT imaging have been researched

extensively. Most algebraic calculation tasks for image processing of CBCT can

be achieved using GPU by exploiting its geometrical features, while the iteration

process can be assigned to CPU in a heterogeneous hardware-software platform.

Based on the accelerated image projection and rendering processes, we can design

advanced image processing algorithms. The integrated CPU-GPU provides the nec-

essary tools for the different complicated image post-processing algorithms of large-

scale CT data for clinical application such as image registration, post-processing and

optimization. Data visualization and interface design were also executed using open

source ITK and paraview tools.

In our designed platform, the framework CUDA assumes a heterogeneous ar-

chitecture that both CPUs and GPUs possess separate memory pools and it utilizes
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thousands of threads with their own registers and local memory to execute the same

kernel code. CUDA is based on SIMD model and an extension of C/C++ language.

The specific advantage of CUDA is that medical imaging process demands large

load of parallel computation with relatively low requirement for memory storage,

which is CUDA designed for. The forward and backward process with B-spline

products for CBCT can be accelerated with GPU while the whole iteration loops

are processed in CPU. Its parallel working mechanism requires that when a thread

gets blocked for one possible cycle, the multiprocessor will quickly manage to re-

turn the thread to the memory pool and takes another one to work on. The data

communication between CPU and GPU is through PCI interface.

Given the GPU computation capability from the thread parallelization, the NLCG

algorithm can be suitable for handling two sets of CT image data for size of 512 ×

512 × 384 voxels with satisfactory speed, which takes about 1/3 ∼ 1/2 seconds

per image per iteration. The flowchart of the heterogeneous CPU-GPU computation

platform is illustrated in Fig. 5.2.

The approximate calculation time for using the software and hardware methods

are listed in Table 5.2, which compares the results for executing the proposed algo-

rithm on CBCT images in different hardware conditions. Different number of target

images with voxels 512×512×200 are used as the input for test, which is processed

under different iterations. The data transfer between GPU and CPU becomes bot-

tleneck with the increasing number of projection frames due to the current limited

interconnection power. For single backward and forward projection, our GPU-CPU

based test shows about 30 times speed acceleration compared with only CPU, which

takes less than 0.2 seconds per projection. It is also noticeable that the convergence

of the algorithm is fast. For a computer with CPU i7-core and 2GB Memory, the

restoration algorithm takes about 7 minutes for 5 iterations. Normally after about

20 iterations, the generated image has very little difference. Although the whole
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iterative image processing takes more than minutes, future clinical use for real-time

therapy imaging is feasible with on-going hardware development.

For B-spline based free-form deformations, the cross product of B-spline seg-

ments and the control points are executed in parallel. For voxels sharing the same

relative location (u, v, w) in each grid, B-spline cross products Bl(u)Bm(v)Bn(w)

are identical and thus can be pre-calculated and stored in the cache [Shackleford

et al. (2010)].

For forward projection, the ray-tracing method is used, in which the weighted

voxel values are accumulated along the ray to generate the simulated projection

data. The geometrical information, e.g., angle, local distance for each projection

ray, is pre-calculated and stored in the shared memory, which can accelerate the cal-

culation in each thread. Afterwards the simulated projection voxels are interpolated

using the texture memory, which is the key advantage for hardware calculation. For

backward projection, the corresponding voxel-based method is applied. Different

from the calculation of forward projection, projection data acquired from the detec-

tor are stored in global memory of GPU and processed through filter kernel, which

is implemented using Fast Fourier Transform (FFT). The whole procedures of both

forward and backward projection can be understood as matrix multiplication for

data parallelling, while executing different kernels.

Table 5.2: Time comparison of time spent on Kernel algorithm by different hardware
and software methods.

300 Reference Image Iterations

Estimated Approximate Runtime for Kernels (Sec)
GPU

Dual core CPUGT9600 Quadro FX5800

30 Target Image
50 800 550 20000
100 1360 1000 37000

60 Target Image
50 860 730 23000
100 1520 1440 40000
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FIGURE 5.2: Proposed platform for the imaging algorithm using integrated software
and hardware. The software contains several modules, each with specific function
and can be adjusted separately to fit different applications of image processing. The
Feldkamp-Davis-Kress (FDK) kernel for back-projection, DRR kernel for forward
projection and B-spline Polynomial for deformation field in the CPU framework can
be accelerated by GPU using CUDA platform separately. Two sets of 3D data are in-
put: 2D reference and target projection images with limited-angle, and the final out-
come is the resulted 3D image. The iterative process in the black box is performed
to determine the optimal deformed B-spline volume coefficients that minimize the
cost function.
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6

Phantom Studies and Detailed Results

6.1 Motivation: Clinical Image Processing Overview

Real clinical cases have more delicate structural details than 4D phantoms. The

difference between the reference image and target image is no longer sparse, and

the deformation map field should be applied to describe the transformation model.

First, we will use the algorithm without the deformation field proposed above as

an illustration. In order to set the gold standard for computer simulations and eval-

uations, planning CBCT or CT is used as the gold image, from which the CBCT

projection images (DRR) are generated by computer. In order to keep the reference

image and target image consistent, planning CT images are required to convert to

CBCT images. So the DRR and FDK techniques are executed in the conversion

process. Fig. 6.1 shows the reference image and target image slice of planning CT

for the same patient in different treatment fractions, and also displays the computer

generated CBCT images, which are reconstructed using DRRs from CT. Without

considering deformation field, the reconstructed image will lead to noisy and pos-

sess severe artifacts and false structures.
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FIGURE 6.1: Computer generated CBCT images procedure from planning CT. The
main procedures are included: forward projection to produce DRR images, and
filtered back projection to make CBCT images. Computer generations of CBCT
images have the advantage of flexibility and can be used for different evaluation
purposes using initial CT image as the gold standard.

6.2 Evaluation Methods

Two intensity based statistical metrics are applied to evaluate the similarity between

ground truth and reconstructed images: cross correlation and mutual information.

In the process of registration, the optimum images are achieved by maximizing the

mutual information or cross correlation, and the two metrics are also considered

as robust and reliable similarity measurement for multi-modal images. Normalized

Cross correlation (NCC) between two sets of images X and Y is defined as

NCC(X,Y) =
< (X− X)(Y − Y) >∥∥(X− X)(Y − Y)

∥∥ (6.1)

And mutual information between images X and Y is defined as
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MI(X,Y) =
∑
y∈Y

∑
x∈X

p (x, y) log2

p (x, y)

p (x) ∗ p (y)
(6.2)

where p(x) and p(y) are the normalized histograms of X and Y separately, and

p(x, y) is the normalized joint histogram of X and Y.

Based on content segmentation, we propose to use total similarity (TS) to accu-

rately estimate the deformation of specific structures from local contour volume VX

to VY for image sets X and Y

TS =
VX − VX ∪ VY + VX ∩ VY

VX
(6.3)

where ∪ and ∩ represent joint and overlapping structures respectively. Different

from CC and MI methods from a global perspective, TS is a direct and intuitive

measurement for local deformations.

In order to qualitatively evaluate the deformation field within specific structure

regions, deformation error (DE) is proposed to compare the ground truth deforma-

tion (D0x, D0y, D0z) with resulted deformation:

DE =

∑
i,j,k

‖D(i, j, k)−D0(i, j, k)‖2∑
i,j,k

‖D0(i, j, k)‖2
(6.4)

6.3 Shepp-Logan phantom

Fig. 6.2 shows the primary results using Matlab phantom, where the same 2D Shepp-

Logan images are stacked in the z direction as pseudo-3D object volume. Fig.

Fig. 6.2(a) shows the original image as prior information, and Fig. 6.2(b) stands
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for the ground truth image in which high contrast structures (lungs) are shrank in

red dashed curve. By scanning ground truth image scan in coronal direction of lim-

ited angles, the target image is obtained from FDK method as shown in Fig. 6.2(c).

Fig. 6.2(d) shows the reconstructed image by using the proposed algorithm in small

range of angles. Fig. 7(e) shows the reconstruction results with under-sampling rate

of 1/5 full-angle-scan. Here B-spline resolution is set to 30 voxels per region and

regularization factor is 0.1. The calculation shows that when the scanning angle in-

creases from 20 degrees to 40 degrees, the pixel based signal-to-noise-ratio (SNR)

increases from 17.5 in 20 degree scan to 24.3 in 40 degree scan, and total similarity

(TS) increases from 64% in 20 degree scan to 96% in 40 degree scan by comparing

the reconstructed image with ground truth image in the contour region.

Above tests select high contrast regions as the region of interest (ROI), and the

following case shows the results for the low contrast regions. In Fig. 6.3, the re-

constructed image shows the results for the low contrast regions with the same pa-

rameters and coefficients. Red arrows in Fig. 6.3(a) represents simulated motion

vector for the dots on the sides from original image Fig. 6.3(a) to ground truth im-

age Fig. 6.3(b). Total similarity for reconstructed image from scanning ground truth

image Fig. 6.3(b) in coronal 20 degree is 43%, by comparing with ground truth im-

age. It is clear that the algorithm works more efficiently for high contrast regions.

By carefully adjusting the B-spline resolution, the optimum image similarity can be

locally achieved for both high and low contrast regions in images.

In the restored image, we find the phantom boundary is affected by the neigh-

boring deformation fields. For more delicate restoration method, ROI window needs

set to make the deformation area localized. ROI window are shifted to show the re-

stored image. The code can be made into 3D Slicer as a user-friendly plugin to show

the restored image in the local display window ROI with the movement of mouse.

Deformation window is shifted to constrain the deformation in local regions with
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FIGURE 6.2: Results of image reconstruction from different target images in differ-
ent angle sets. (a) Conventional Shepp-Logan phantom used as prior CBCT image.
(b) Restored Image (DTS) from scanning ground truth image with coronal angle
range [−100 ∼ +100] used as target image. (c) Ground truth image in which high
contrast structures (lungs) are shrank in red dashed curve for comparison and eval-
uation. (d) Restored Image using prior CBCT and target DTS with coronal angle
range [−100 ∼ +100] as input. (e) Restored Image with 1/5 full-angle-scan in
under-sampled projections as input.

increased B-spline resolution, shown in Fig. 6.4.

6.4 Application of Restoration Algorithm in 4D CBCT Phantom

6.4.1 Introduction: 4D Cone Beam CT

4D-CBCT is a clinical tool used to evaluate 3D motion during simulation. For

4D-CBCT imaging, each phase of images stands for a data set of semi-static 3D-

CBCT with fewer views (Fig. 6.5), which is sorted from a defined respiratory phase

86



FIGURE 6.3: (a) Original Shepp-Logan phantom used as prior information. (b)
Ground truth image. The red arrow is motion vetor which represents the deformation
from original image to ground truth image. (c) Reconstructed image using prior
image, and scanning phantom (b) with coronal angle range from −100 to +100 as
input.

FIGURE 6.4: (a) Ground Truth Image with the contoured deformation ROI. (b)
Restored Image in the local deformation Window.

window and can be used to plan gated treatments. Due to the sparsely sampled

phase images, the reconstructed image has poor image quality, thus utilizing prior

information from other phases becomes a must.

4DCT images are acquired in the cine-mode on a GE four-detector CT scanner

(Lightspeed Plus 4, GE Healthcare, Waukesha, WI) along with the RPM (Real-

time Position Management) system (Varian Medical System, Palo Alta, CA) and
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Advantage4D software (GE Healthcare, Milwaukee, WI). The following imaging

parameters were used: 120 kV, 290 mA, 2.5-mm slice thickness, gantry rotation of

0.5 s, matrix resolution of 512 × 512. Cine duration (image acquisition time per

couch position) is set to the patient’s breathing period plus one second. Cine time

(image acquisition time per phase) was set to one tenth of the patient’s breathing

period. RPM signal is usually synchronized with CT image acquisition and was

used to determine respiratory phases for 4DCT retrospective sorting and image re-

construction.

Pre-sorted 4DCT images were used to extracting breathing signals using the

BA surrogate. Firstly, each CT image was processed by applying a threshold of -

350 Hounsfield units to determine the body contour. Morphological operations were

then performed to exclude extraneous pixels in the image that were above the thresh-

old due to noise. BA was defined as the number of pixels within the body contour.

Secondly, an individual breathing curve was generated for each slice location by

plotting the BA as a function of image acquisition time. The mean of the BA values

was set to zero. Since our CT scanner images four slices simultaneously, the breath-

ing curve for a couch position was the average of the four breathing curves for the

four slices. Finally, the complete breathing curve was generated by putting together

all individual breathing curves according to the image acquisition time. Since image

acquisition stops during couch movements (approximately 2.3 seconds), there exist

gaps between the individual breathing curves. The complete breathing curve was

used for respiratory phase determination.

Similar with acquisition of DTS images, 4D DTS requires obtaining projection

sets over a specific angle arc at predicted phases. Depending on the motion profile

shown on RPM system for the respiratory cycles, projections are acquired over 16 to

24 gantry rotations in which multiple CBCT scans are executed consecutively. Pro-

jections images are sorted into bin phases afterwards based on the spatial amplitude

88



FIGURE 6.5: 4D-CBCT using simulated phantom: thorax model. During each res-
piratory cycle, motion phantom will be taken 10 image projections in equal sampling
rate. Projections are reconstructed to acquire the image volumes for each time win-
dow phase. For neighboring phases the images have slight differences, and there are
no anatomical changes for the phantom moving.

of motion profile. For real 4D patient case, irregular breathing will lead to missing

projections.

6.4.2 Results Using Restoration Algorithm

As discussed in Chapter 2, the pixel based SNR increases when applying the pro-

posed algorithm with the increased range and angles, which in fact present a de-

noising effect to improve the image quality. Here we show the mechanism of this

phenomena by applying the algorithm to only one set of image. In the algorithm,

the similarity between target image and reconstructed image is tuned by the regu-

larization factor, and the total variation term determines how much additional in-

formation is needed to build the new image volume and has both de-noising and

edge-preserving effects. By setting the deformation field to be zero in the recon-

struction process, the smoothing image Fig. 6.6(b) is generated from real 3D patient
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data (Fig. 6.6(a)). The empirical adjustment of µ is carefully tuned to generate the

highest SNR after comparing images with different values for µ in processing real

CBCT images [Jia et al. (2011)].

FIGURE 6.6: Reconstructed CBCT image (right) with no deformation field from
original image (left). When deformation field D(φ) is set to zero, f = f0, and only
regularization factor µ controls the image quality of reconstructed image. By em-
pirically adjusting µ in the calculation and comparing SNR in images with different
µ, we find the optimum µ is between 0.01 to 0.1 in processing current real CBCT
images.

Fig. 6.7 uses a 4D-DTS phantom to show the primary results of image restora-

tion, in which the complete CBCT acquisition contains data from respiratory cycles

in different phases in one full gantry scan [Singh et al. (2008)]. Current data are

acquired from the on-board imager mounted on a Varian 21EX Clinac (Duke Hos-

pital). Projection images are sorted by bin compiling according to phase, so the

image volume for each phase can be reconstructed. Here a dynamic thorax phantom

(CIRS model 008) is used for imaging, in which one rod is inserted into a motion

cylinder. If ten phase windows are built in one respiratory cycle, only one tenth of

whole projection images in each phase can be used to reconstruct images. Thus,
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high radiation exposure is demanded in 4D-DTS in order to maintain the image

quality in each phase [Chen et al. (2009); Ahmad et al. (2011)]. In the conventional

on-board localization treatments, projection images within 200 can be acquired in

less than 5 s, which is only the tenth of the total dose compared with CBCT.

6.4.3 Discussion: Restoration Algorithm for 4D-DTS

Our algorithm provides a candidate technique to help reduce the total radiation

dose to the patients in 4D-DTS. First, CBCT with full-angle-scan is acquired as

prior information as shown in Fig. 6.7(a). Then the limited-angle-scan is performed

and sorted to ten phases as target image (single phase: Fig. 6.7(b); average phase:

Fig. 6.7(c)), which enables reduced amount of radiation dose to the patient. Using

the prior image and target image of one phase as input, the reconstructed image pro-

vides detailed information about location and structures, as shown in Fig. 6.7(d). It

also shows the effect of artifact reduction caused by motion.

Deformation field can be controlled in local space by carefully adjusting B-

spline resolution in the gridding process. When B-spline resolution decreases, the

deformation will become more flexible while losing some accuracy of registration.

Through comparing quantitative results of IS for different B-spline resolutions, the

optimum B-spline parameters can be determined. According to our empirical tests,

voxel number is set to 30 per region to obtain the highest image similarity, as shown

in Fig. 6.8. In Fig. 6.8, two set of single phases are used as reference image and

ground truth image, which can be viewed as no anatomical change and only motion

effect exists. It is a also a good case for evaluating the restoration algorithm.

The quantitative results of image evaluation for coronal 2D stacks in ROI are

listed in Table 6.1, where the reconstructed images (Fig. 6.8(f)) are compared with

ground truth CBCT images (Fig. 6.8(b)). It can be seen that the scan angle from

coronal or lateral view will impose little influence on the reconstructed image, and
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FIGURE 6.7: Sagittal 4D-DTS phantom restored results. (a) CBCT images with
full-angle-scan as prior reference image. (b) Single Phase set of images with lateral
20 degree scan as DTS target image. (c) Single Phase set of images with full-angle-
scan. (d) Restored image result from image (a) and (b) as input.

with more images used in the target image, the reconstructed will have higher

image similarity with the ground truth. Cross correlation and mutual informa-

tion are measured by averaging the central stacks of coronal 2D slices in the im-

age volume. Compared with proposed algorithm, DTS from limited-angle-scan

(Fig. 6.8(c)) shows worse imaging quality.
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FIGURE 6.8: Coronal 4D-DTS phantom restored results with different B-spline
resolution. (a) Single phase image slice (zoomed out) as prior information. (b) A
different single phase image as the ground truth image slice. (c) DTS from scanning
ground truth in 30 degree as target image. (d)-(f) represent restored image slices
with B-spline partition resolution Bx(= By = Bz) set to 90, 60, 30. B-spline
resolution is adjusted to reflect the accurate motion vector in the local deformation
space.
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6.5 Primary Results for Lung Patient

In this section we show how the real 3D patient data sets are used to testify the

algorithm.

6.5.1 Introduction: Clinical Background and Motivation

Lung cancer ranks the second most diagnosed and treated cancer in the United States

for both men and women. It is now categorized to two main categories: small cell

cancer (20%) and non-small cell cancer (80%) [Navada et al. (2006)]. The clini-

cal management for both categories include radiation therapy and chemotherapy, in

which radiation therapy is prescribed in the rate of 40% among patients [Bradley

et al. (2004)].

6.5.2 Lung Patient Studies Using Restoration Algorithm

Fig. 6.9 shows a lung patient case with the proposed algorithm in the coronal view.

With CBCT of full-angle-scan used as prior information Fig. 6.9 (a)(b) and on-

board DTS with lateral 60 degree scan used as target image Fig. 6.9(b), the restored

images Fig. 6.9(g)(h) can be compared with ground truth image Fig. 6.9(c). Here

the shifting window is used to simulate the deformation process in the real-time

imaging. The deformation behavior vary with different size of selected ROI when

B-spline resolution keeps the same, so the shifting window can reflect the local

deformation effects. The restored images Fig. 6.9(g)(h) provide more anatomical

information and better image quality than DTS image Fig. 6.9(d), which can be

used for real-time clinical image reconstruction as the additional assistant.

User-friendly plugins can be made to the display software, e.g., 3D Slicer and

ImageView, to observe the deformation ROI in real-time. The real patient studies

conducted in this work are preliminary feasibility and algorithm characterization re-

search. More patient cases should be tested further in different views and directions,
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which depends on the clinical factors, such as tumor region and size, lung motion,

and breathing profile.

6.6 Conclusion

Image restoration platform using the integrated software and hardware was built

and implemented for incorporating prior information in 3D and 4D CBCT. The al-

gorithm proposed applies the total variation method and deformation field map with

B-spline technique to solve the problem of handling missing structure for image re-

construction with prior information. Simulated matlab phantom was used to evalu-

ate the image similarity and deformation effect for different regions. Results showed

increased SNR and total similarity by comparing the reconstructed image with the

target image. A 4D-DTS phantom was used to justify the feasibility of radiation re-

duction in each respiratory sorting phase using the proposed algorithm. Evaluation

results for different types of scans were calculated. Primary restoration results were

also shown for a lung case in 3D-DTS. By using the prior static image, the total

radiation dose for scanning one respiratory cycle can reduce in great amount with

improved image quality. Current hardware system for parallel computation enabled

us to enhance the computation power for calculations of forward and backward pro-

jection and B-spline coefficients for large-scale CT data, which is about 30 times

faster than using only CPU.

We focus on the development of GPU design and application suitable for medi-

cal use. The GPU-based ultra-fast visualization technique allows on-board imaging

process to be completed within minutes. The integrated software and hardware plat-

form provides us the necessary acceleration tools for the image post-processing of

large-scale CT data. It can also be implemented in clinical DTS, 4D-CT and PET/CT

system and future IGRT applications.
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FIGURE 6.9: Preliminary reconstruction results for real 3D-DTS lung case with
deformation shifting window. (a) Reference image volume with full-angle-scan as
prior CT information. (b) Magnified reference image in selected ROI. (c) Ground
truth of real-time reconstruction for on-board CT. (d)-(e) Coronal, axial and sagittal
view of on-board CT reconstruction with 60 degrees of lateral scan. (g)-(f) Restored
image volume using proposed method with shifting window.
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