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ABSTRACT
Lung cancer is the most deadly cancer in the United States. Radiation therapy
uses ionizing radiation with high energy to destroy lung tumor cells by damaging their
genetic material, preventing those cells from reproducing. The most challenging aspect of
modern radiation therapy for lung cancer is the motion of lung tumors caused by patient
breathing during treatment. Most gating based radiotherapy derives the tumor motion
from external surrogates and generates a respiratory signal to trigger the beam. We
propose a method that monitors internal diaphragm motion, which can provide a
respiratory signal that is more highly correlated to lung tumor motion compared to the
external surrogates. We also investigate direct tracking of the tumor in fluoroscopic video
imagery. We tracked fixed tumor contours in fluoroscopic videos for 5 patients. The
predominant tumor displacements are well tracked based on optical flow. Some tumors or
nearby anatomy features exhibit severe nonrigid deformation, especially in the
supradiaphragmatic region. By combining Active Shape Models and the respiratory
signal, the deformed contours are tracked within a range defined in the training period.
All the tracking results are validated by a human expert and the proposed methods are
promising for applications in radiotherapy. Another important aspect of lung patient
treatment is patient setup verification, which is needed to reduce inter- and intra-fractions
geometry uncertainties and ensure precise dose delivery. Currently, there is no
universally accepted method for lung patient verification. We propose to register 4DCT
and 2D x-ray images taken before treatment to derive the couch shifts necessary for
precise radiotherapy. The proposed technique leads to improved patient care.
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INTRODUCTION

Lung cancer is the most deadly cancer in the United States. It is reported that the
mortality rate for lung cancer is 55.1 per 100,000 persons for all races in the United
States between years 2000 and 2003, which is the highest among all types of cancer (Ries
et al 2006). Over 160,000 people die every year from lung cancer, which is more than the
total number of people killed by breast, colon and prostate cancers (Cancer Facts and
Figures 2006 2006). Possible treatment modalities for patients may include surgery,
chemotherapy, and/or radiation therapy. For patients who are not eligible for surgery, a
combination of chemotherapy and radiation therapy may be given.
Radiation therapy uses ionizing radiation (x-rays, electrons, protons or gamma rays)
with high energy to destroy tumor cells within the cancer site by damaging their genetic
material, preventing those cells from reproducing. The most challenging aspect of
modern radiation therapy for lung cancer is the motion of lung tumors caused by patients
breathing during treatment. The focus of this dissertation is tracking lung tumor motion
and incorporating motion information into radiation therapy to improve the accuracy of
radiation dose delivery. A brief review of the problem and how modern radiation therapy
deals with lung tumor motion will be introduced in the rest of this Chapter.
Basic physics
Current external beam radiation therapy starts with a simulated Computed
Tomography (CT) scan of a patient. Since the first head CT scanner was introduced in
1972, CT has been developed in both software and hardware aspects to speed the
acquisition and reconstruction time, as well as improve image quality. The mathematial
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theory was developed by Radon in 1917 that an image of an object can be constructed if
an infinite number of projections of the object are known. During a CT scan, a beam of xrays that attenuates and passes through a patient is detected by radiation detectors on the
opposite side of the x-ray source. There are two types of beam geometries that have been
used in CT imaging, parallel and fan beam. In parallel beam geometry, all the rays from
sources are parallel to each other. A fan beam has all the rays diverging from the x-ray
source. The latter is incorporated in all modern CT scanners. For one ray of a fan beam,
the intensity of the x-ray measured at the detector can be derived as below,
It = I 0e

u t

,

(1)

where It is the measured intensity of the x-ray at the detector, I0 is the intensity of the xray at the source, u is the average attenuation coefficient along the ray, and t is the
thickness of the patient along the beam path. After taking the natural logarithm operation
at the both side of (1), u can be found,

u t = ln(

I0
)
It

(2)

For second generation CT scanners, one fan beam includes approximately 600 rays.
The x-ray source and the detectors rotate around the patient and the projected fan beams
are measured at about 540 different rotation angles for a single axial CT image. Thus,
about 324,000 rays are measured and their corresponding average attenuation coefficients
are obtained. Modern clinical CT scanners may use multiple x-ray detector arrays to
increase the imaging resolution and shorten acquisition time.
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After data acquisition, the slice of CT image needs to be reconstructed by one of
numerous CT reconstruction algorithms proposed. In clinical CT machines, the so called
filter back projection algorithm is most widely used. The reconstruction process is the
inverse of the data acquisition. For the average attenuation coefficients measured from
about 800,000 rays, the reconstruction algorithm smears the u of each ray back to the
patient space along the same path as the measured rays. Once all the u values are backprojected to the patient space, a slice of the CT image is reconstructed. The image shows
values of the attenuation coefficients, u, for different organs and structures inside the
patient. After one axial slice of CT image acquisition, the patient is moved slightly in the
cranial-caudal direction for the next image slice until the whole 3D patient body is
covered.
The reconstructed u values representing all pixels inside the 3D CT image are
usually in floating point format which is not convenient to display. Therefore, those u
values are converted into integer numbers as follows,

CT ( x, y, z ) = int

1000

u ( x, y, z ) u water
u water

(3)

where u(x,y,z) is the attenuation coefficient in floating point format before conversion,
uwater is the attenuation coefficient of water and CT(x,y,z) is the integer CT number in
Hounsfield units. The attenuation coefficient of water uwater is typically about 0.195 for a
clinical CT scanner.
Before treatment, the patient normally lies on his/her back on the couch and has a CT
scan. If the tumor can be visually determined from the CT image, it is manually
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contoured by a radiation oncologist, who also prescribes a dose and simulates the real
treatment. Since the patient will not be treated by a linear accelerator in the same CT
room, it is essential to reproduce the same patient geometry position in the treatment
room, and hence, the dose can be delivered to the tumor precisely. Thus, the CT system
used for radiation therapy is different from diagnostic CT and called “CT simulator”.
The system consists of a CT scanner equipped with a flat couch top, external patient
positioning systems and simulator software that is not common for diagnostic CT. Before
the patient is scanned, three lasers provided by the positioning systems move under
control and determine the reference center for treatment planning according to the shifts
from the tattoo marks on patient skin. In the treatment room, an equivalent laser system is
used and the reference center can be precisely determined. The couch top of the CT
simulator is different from the couch of the diagnostic CT; however it is identical to that
used for the treatment machine. The simulator software facilitates radiation therapy in
terms of treatment planning, tumor contouring, setup verification, etc. Other imaging
modalities such as Magnetic Resonance Imaging (MRI) or Positron Emission
Tomography (PET) may also assist tumor visualization and dose prescription. The CT
simulator may also have a gantry bore with increased diameter compared to the
diagnostic CT, so that larger patients can be fit and scanned.
Typically lung cancer patients may receive a dose of 1.8 to 2 Gy1 per day for 30-35
days. It is common that a small margin of healthy tissue is added to the beam target area
to ensure the dose coverage of the lung tumor, given motion of the tumor and setup
1

Gy is the unit of the absorbed dose defined by the average energy imparted to material of mass. 1 Gy=1
J/kg.
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uncertainty. The main reason that the prescribed dose is apportioned over (fractioned) 3035 days is to allow time for healthy tissue to recover. Radiation destroys cancer cells by
breaking their DNA chains and preventing them from reproducing. Since cancer cells
generally are undifferentiated and stem cell-like, they lack the ability to reproduce and
recover slowly from sub-lethal damage compared to healthy differentiated cells. Thus,
healthy cells can be repaired between fractions.
When a patient is treated in a treatment room, high energy x-rays from the linear
accelerator operated by a radiation therapist delivers the prescribed dose to the tumor site.
Normally, the treatment is delivered several days after the CT simulation and both the
treatment and simulation are done in different rooms. Since there are uncertainties due to
patient movement, internal organ motion, etc., setup verification is necessary to ensure
precise dose delivery according to the treatment planning from CT simulation. Current
standard procedure is to align the patient using skin markers and lasers. Also, either keV
or MV x-ray images are always taken before treatment and compared with a Digitally
Reconstructed Radiograph (DRR) from simulation CT. The DRR “traces rays from a
hypothetical x-ray source through a 3-dimensional model of the patient made up of
voxels determined from CT scans” (Sherouse et al 1990). For the purpose of DRR
calculation, the assumption is made that an x-ray source and a detector plane are
artificially located at the same position around the simulation CT when the x-ray image is
taken. The ray tracing algorithm starts from the artificial x-ray source and cumulatively
sums the CT numbers of pixels when it passes through the simulation CT until it reaches
the detector plane. In conventional setup verification, the DRR is compared visually by

15

the physician to the x-ray image taken before treatment, and the corresponding couch
adjustments are made by his/her judgment. A more advanced method automatically
registers 3D simulation CT to x-ray images by iteratively generating DRRs from CT and
comparing those to the x-ray image until a best match is found. The couch shift is made
according to the registration result to ensure that patient is irradiated at the intended
position.
Tumor motion during treatment

The radiation therapy described above assumes that the tumor is static relative to the
radiation beam. However, tumors may move 1-3 cm in the lung, liver and kidney during
quiet breathing (Ohara et al 1989, Ross et al 1990, Davies et al 1994, Ekberg et al 1998,
Hanley et al 1999, Shimizu et al 1999, Aruga et al 2000, Shimizu et al 2000b, Shirato et
al 2004). In conventional radiotherapy, a large margin is added to account for tumor
motion, which creates a large planning target volume (PTV) and increases the volume of
normal tissue irradiated.
Also, conventional simulator CT does not account for tumor motion, resulting in
severe motion artifacts (Balter et al 1996, McCollough et al 2000, Shimizu et al 2000a,
Chen et al 2004, Rietzel et al 2005). The main cause of these motion artifacts is the
dynamic interaction between the transaxial CT slice acquisition with the asynchronous
tumor motion (Rietzel et al 2005). One approach to study the tumor motion during
breathing is time-resolved 3D CT imaging, which is known as 4D Computed
Tomography (4DCT) with three spatial dimensions plus one extra dimension in time
(Ford et al 2003, Low et al 2003, Vedam et al 2003, Pan et al 2004, Keall et al 2004a).
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Essentially, 4DCT is generated through oversampled CT data acquisitions at each slice
and resorting of data from all slices according to a patient respiratory signal. A schematic
depiction of 4DCT acquisition is shown in Figure 1 (Low et al 2003). The patient lies on
his/her back on the CT couch during data acquisition. The conventional CT unit is
operated in cine mode so that the patient is scanned slice by slice in axial planar and
cross-sectional images are reconstructed along the couch axis as the couch position is
advanced. Meanwhile, the patient breathes through a mouth piece and the tidal volume is
measured simultaneously during the data acquisition. For one particular couch position,
about 15 scans acquired over three breathing cycles generate 15 2D images. In the upper
right of Figure 1, the synchronously recorded tidal volumes representing the patient
breathing phases such as, for example, end of inhale, end of exhale, and middle of inhale,
etc., are shown. This is called the respiratory signal. Thus, each of these 15 scanned
images for this couch position corresponds to different tidal volumes, and has a tag as an
individual breathing phase. Once all 15 scans are acquired, the couch moves forward a
small distance depending on the size of detector so that the slice adjacent to the previous
one can be scanned in the same manner until all the slices covering the entire length of
interest are scanned. For each couch position, 15 oversampled 2D CT images are
acquired and each image is tagged with the breathing phase (tidal volume). Thus, a
sorting program can reconstruct a 3D volumetric image for each breathing phase. As
shown in Figure 1, all the 2D scans for one particular phase (tidal volume around 100 ml)
are sorted together for all the couch positions.
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With the assistance of 4DCT, radiation treatment can now be planned and delivered
for a selected breathing phase so that the tumor may be assumed to be static during
treatment (Shirato et al 2000, Keall et al 2004b, Alasti et al 2006, Engelsman et al 2006,
Rietzel et al 2006). For gated treatment, a respiratory signal is generated from the same
method used in 4DCT acquisition. The radiation beam will turn on or off synchronously
according to the respiratory signal only when the tumor moves within the planning phase.
For this gated 4DCT treatment, the shape of the beam stays constant during the entire
treatment.
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Figure 1. Schematic depiction of 4DCT acquisition. (Image is reproduced with permission of
Medical Physics.)

Another treatment method has been developed to shape the radiation beam to
synchronously follow tumor motion using a dynamic multi-leaf collimator (DMLC) (Loi
et al 1998, Ma et al 1998, Keall et al 2001, Liu et al 2001, Agazaryana and Solberg 2003,
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Neicu et al 2003, Suh et al 2003, Jiang et al 2004, Kamath et al 2004, D'Souza et al 2005,
Papiez and Rangaraj 2005, Vedam et al 2005, Webb 2005). Jiang et al (2004) introduced
Synchronized Moving Aperture Radiaton Therapy (SMART) that incorporates motion
information into a multi-leaf collimator (MLC) so that a desired dose distribution can be
delivered to the moving tumor. During 4DCT acquisition and treatment, the patient
breathes under audio instruction and video feedback. A patient’s breathing pattern
normally stays constant and regular for coached breathing. Dose distribution maps for
each of the 4DCT phases can be obtained and delivered according to the respiratory
gating signal by synchronous modification of the MLC.
A large research effort has been made to deliver dose to lung tumors by real-time
tracking in fluoroscopy video, instead of relying on the respiratory signal from external
surrogates (Schweikard et al 2000, Shirato et al 2000b). One or more seeds are inserted
into the lung tumor before CT simulation and treatment. The treatment is planned in a
conventional method based on a helical CT scan obtained while the patient holds their
breath. The real-time tracking system incorporated with a linear accelerator consists of
two or more fluoroscopic units to detect the seeds in the video images during treatment.
Once the coordinates of the seeds are obtained and within a predefined region, the
radiation beam turns on.
Also, a lung cancer patient may be treated using Active Breathing Control (ABC)
where the patient holds his breath at a predefined air volume for temporary
immobilization of respiratory motion (Wong et al 1999, Cheung et al 2003,
Remouchamps et al 2003a, Remouchamps et al 2003b, Koshani et al 2006). If the same
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ABC condition is maintained for different breathing cycles, the tumor is assumed to be at
the same position. Thus, the radiation beam has a constant shape during treatment and the
dose delivered to healthy tissue around the tumor is also reduced compared to
conventional treatment without 4DCT.
So far, we reviewed conventional and newly developed therapy methods for lung
cancer patients. The new treatment methods can significantly reduce the volume of
normal tissue around the tumor that is irradiated and escalate the tumor dose compared to
conventional methods. However, these new proposed methods are still in their early
development stage and many questions may arise in clinical practice.
For example, how can a respiratory signal be derived with 4DCT that is highly
correlated to true tumor motion? For the real-time tracking approach, is there a noninvasive alternative to inserting seeds into the lung tumor? For the DMLC method, can
the shape and location of lung tumors be tracked in real-time during treatment? How can
patient setup be verified independently for gated treatments with 4DCT? Tackling these
problems, which are highly related in terms of including lung motion into treatment, is
the focus of this dissertation work. A literature review of these critical problems and
contributions is summarized below.

Respiratory gating system

Most gating systems monitor the motion of external markers on the body surface and
correlate it to lung motion. The most popular commercially available respiratory gating
system, Real-Time Position Management (RPM), (Varian Medical Systems), tracks two
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infrared reflective markers embedded in a plastic block with a camera. Usually, the block
is placed on top of the abdomen. The reflective markers are illuminated by infrared
emitting diodes and the light reflected back to the camera produces a video stream of the
markers that is captured and analyzed by a software package. The markers can be easily
segmented from the image and the upper marker affords respiratory motion, while the
bottom one is used for system calibration. Before simulation or treatment, the system
records the highest and lowest positions of the upper marker for the first few breathing
cycles. If these two positions are stable for a period of time, the breathing of the patient is
judged as regular and treatment starts. The breathing wave generated from the marker is
displayed, and the operator defines high and low threshold values that are displayed on
the breathing wave as two horizontal lines. The beam will turn on only when the wave
(marker position) is between these two horizontal lines. A periodicity filter algorithm is
also applied simultaneously to check if the breathing is regular and the wave is periodic.
The beam will be disabled immediately if irregular breathing patterns appear due to
patient movement or coughing. This method is non-invasive and easy to implement, but
the respiratory signal derived from external markers may not represent true tumor motion.
Under fluoroscopic examination, Chen et al (2001) observed that the external markers
are not perfectly correlated to lung tumor motion and a phase shift or delay is observed
for some patients. The tumor motion is derived from diaphragm movement, an internal
breathing landmark, in this study. Before examination, several radio-opaque skin markers
are attached on patient’s chest for the purpose of comparison. The fluoroscopic videos are
analyzed off-line by temporal Fourier analysis, and periodic diaphragm motion appears as
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a harmonic peak in the temporal frequency spectrum. A candidate region in the first
frame is labeled if pixels inside the region have the same or similar harmonic peaks in the
spectrum. The average intensity of the region in the first video frame is calculated and a
breathing curve is generated from the average intensities of the same region for all the
frames. For 10 patients, the detected range and average of motion phase discrepancy
between the diaphragm and the external marker was about

2
3

and

1
4

, respectively,

where a respiratory cycle is defined as 2 . Also, a drifting of skin markers was observed
which is of concern if the internal tumor motion is determined by the external markers.
Another study using fluorosocopic video found time delays of up to 0.7 second between
diaphragm and external motion for two patients with impaired lung function (Mageras et
al 2001).
Moreover, fluoroscopically tracking of diaphragm motion adds extra doses to patients.
In the case studied by Chen et al (2001), the extra skin doses for all 20 patients varied
from 1.25 cGy2 to 9.82 cGy for a 1 minute fluoroscopic examination. This may cause
concern for multi-fraction treatments. Also, temporal Fourier analysis requires collecting
all the video frames before generating the respiratory signal, thus it can only be done offline and is not suitable for real-time tracking.
Another respiratory gating system uses a spirometer to measure lung air volume and
correlates it with tumor motion (Zhang et al 2003). During the examination, a
mouthpiece with a pressure sensor is inserted into the patient’s mouth and the sensor
converts air pressure difference into digital signals. The air flow and volume can be
2

1 cGy=0.01 Gy
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derived according to the air pressure difference. A respiratory signal is obtained based on
the lung air volume. It shows that the uncertainties during the procedure of flow
measurement usually cause respiratory signal drifting due to the nonlinear sensor
pressure response and error in the zero-flow adjustment. Due to the signal drifting, flow
sensitivity calibration, flow and volume baseline adjustment, and zero-flow noise
suppression are required, making it less reliable for respiratory gating. However, it is
suitable for breath holding.
In Appendix A, we describe a method to generate a respiratory gating signal by
monitoring diaphragm motion using an ultrasound unit (Xu and Hamilton 2007).
Diagnostic ultrasound is an imaging modality that detects the acoustic properties of
moving or static organs by analyzing the interactions between high frequency sound
waves and organs. Since it does not use ionizing radiation, no extra dose is added to
patients. The respiratory signal generated by our method may be highly correlated to lung
tumors compared to the RPM system. The method analyzes the video frame by frame and
does not require collecting all the video before generating the respiratory signal.
Real-time tumor tracking

Most gating systems correlate external surrogates or diaphragm motion to tumor
motion. However, neither may be able to represent the true tumor motion. It was shown
that the upper lobe tumors move less than lower lobe tumors (Ross et al 1990,
Seppenwoolde et al 2002). Therefore, diaphragm motion which is near the lower lobe
may correlate less to the tumor motion in the upper lobe.
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A more aggressive approach is tracking lung tumors directly by fluoroscopic imaging.
Shirato et al (2000b) proposed a method to track lung tumors in real-time by monitoring
seeds inserted into or near tumors. Before CT simulation, one or more 2.0 mm metallic
seeds were inserted into or near a lung tumor so that they could be delineated on the
planning CT. Helical CT scans were made while the patient held their breath in different
phases and one phase was chosen as the treatment phase. A real-time tracking system was
incorporated with the control circuit of a linear accelerator consisting of four fluoroscopy
units (Figure 2). Only two units were used in the treatments to avoid occlusion of the xrays by the gantry. A fluoroscopy unit generated sequential projection x-ray images and
afforded real-time video at a frame rate of 30 frame/second. The beam axes of all four
fluoroscopic units intersected with the isocenter of the linear accelerator. When the
patient was on the treatment couch, fluoroscopic videos from two projection angles were
acquired and sent to the central process unit (CPU) for analysis. Once the seeds were
segmented from the video frames, their three-dimensional space coordinates could be
derived since the seeds were imaged at two view angles. When the moving seeds were
within the same 3D volume as chosen for planning, the radiation beam turned on
synchronously.
A real-time tracking system based on internal tumor position or proximal anatomy
provides more precise tumor location during patient breathing than gated radiotherapy
depending on RPM or diaphragm motion. However, seed insertion causes pneumothorax
(air in the area surrounding the lung) in approximately 8% to 38% of patients (Murray
and Nadel 2000, Laurent et al 2000a, Laurent et al 2000b, Arslan et al 2002, Marx 2002,
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Geraghty et al 2003, Topal and Ediz 2003). Pneumothorax may cause chest trauma,
excessive pressure on the lungs, or an underlying lung disease such asthma, and could
result in death, especially in patients with compromised lung function. For this reason,
physicians are reluctant to implant seeds in or near lung tumors. Additionally, since
patients are normally treated several days or longer after the initial seed implantation, the
seeds may migrate from their initial positions.

Figure 2. Fluoroscopic real-time tracking system with a linear accelerator. Only three of the
fluoroscopic tracking systems are shown here. (Image is used with permission of International
Journal of Radiation Oncology, Biology, Physics)

Berbeco et al (2005) proposed a non-invasive method to track lung tumor position in
fluoroscopy video without implanting seeds. First, an “average” frame containing
background and static objects is obtained through calculating the mean of all the video
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frames. All the frames are motion enhanced by subtracting this “average” frame so that
tracking results are more sensitive to variations in tumor position. For the gating phase
chosen at the end of exhale, frames at this phase for all the respiratory cycles are
averaged to get the reference frame. A rectangular Region of Interest (ROI) covering the
range of tumor movement is chosen as the reference region. The correlation coefficients
(CCs) between this reference region and the same regions in all incoming frames are
calculated to obtain the respiratory gating signal. When the incoming frame is near the
end of exhale, the CC is larger. If the CC is larger than a predefined threshold value, the
beam will turn on accordingly. This method can afford a respiratory gating signal from
the tumor motion. However, the physical location of the tumor is not provided. It uses CC
values to estimate the relative distance between the incoming and reference frame. Also,
it selects the ROI covering the tumor moving range. For one incoming frame, the margin
area around the tumor in the rectangular ROI may add tracking errors, especially when
part of heart is included.
In Appendix B, we describe a method that tracks a contoured tumor and provides the
tumor physical location frame by frame using optical flow (Xu et al 2006b). The tumor is
contoured manually in the reference frame and labeled as the object to be tracked. Optical
flow provides a rough estimation of the tumor location for the incoming frame and the
tumor position is finely tuned by a template matching algorithm with a small search range.
Five patient data sets were analyzed and the results were validated by comparison with
position as determined by a physician. Compared to the gating system proposed in
Appendix A, this method tracks the lung tumor directly and provides its physical location
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during treatment, instead of generating a respiratory signal and correlating it to the lung
tumor motion.
Deformable tumor tracking

The tumor tracking method we proposed using optical flow makes the assumption
that the tumor is rigid and does not change shape during treatment. However, this
assumption may not be met for all patients due to the complexity of human breathing.
Although the diaphragm is the main muscle in breathing, lung motion may also be
affected by heart motion, the rib cage, lung function, patient thickness and other factors.
Using the same fluoroscopic real-time tracking system (Shirato et al 2000b),
Seppenwoolde et al (2002) recorded three-dimensional trajectories of implanted seeds for
twenty patients with different tumor sites in the lung. The fluoroscopic video had a frame
rate of 30 frames per second and the length of video for one fraction was about 300
seconds. The three-dimensional coordinates of the seeds from one patient for one fraction,
and the average and projections of these coordinates are shown in Figure 3. Inconsistent
readings (about 1% of the total readings) were manually removed by a physician
depending on the marker visibility in the fluoroscopic video. The gray dots indicate that
the seeds move along different paths for exhale and inhale. This phenomenon is more
significant for inhale than exhale judging from the shape of the averaged coordinates.
Even for the same patient in different fractions, the averaged motion trajectories of seeds
are different (Figure 4). Similar results are observed for 10 out of 20 patients indicating
that lung tumor motion is not perfectly reproducible for both intra- and inter-fraction
treatments. One reason may be the complexity of human breathing, especially when the
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motions of diaphragm and chest are not synchronous. Cardiac motion may also contribute
to the complexity of tumor motion (Berbeco et al 2005). Since the cardiac frequency is
much higher than breathing frequency and the range of cardiac motion is smaller, it adds
noise or fluctuation to tumor motion. Another cause of errors is the elasticity of lung
tissue - the lung tissue does not move synchronously to the motion of the diaphragm
and/or the chest wall. Delay may appear between the elastic lung motion and chest wall
(or diaphragm) motion. Thus, external markers or diaphragm motion may not fully
correlate to true lung motion. For some patients in our fluoroscopic studies, significant
elastic deformations during breathing are observed for tumors near the diaphragm (Figure
5).

Figure 3. Three dimensional tumor trajectories for one patient during one fraction (left) and the
average of the trajectories (right). (Image is used with permission of International Journal of
Radiation Oncology, Biology, Physics)
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Figure 4. Averaged tumor trajectories from the same patient for different fractions. (Image is
cited with permission of International Journal of Radiation Oncology, Biology, Physics)

Figure 5. Elastic tumor deformation at the end of exhale (left) and the end of inhale (right).

Most proposed DMLC techniques use 4DCT to generate radiation dose maps (or
beam shapes) for different breathing phases and deliver different dose maps by modifying
beam shapes according to the respiratory signal for 4DCT (Jiang et al 2004, Keall et al
2005). The reproducibility of the respiratory pattern (or tumor position) is expected to
ensure precise dose delivery to lung tumors for different phases. However, the
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reproducibility of lung tumor position needs to be further investigated. Also, due to the
elasticity of lung tissue, a phase delay may exist between the tumor motion and
diaphragm motion (or chest wall). The respiratory signal having a 1D sinusoidal shape
for 4DCT may not be able to represent the 3D tumor motion. Thus, tracking the elastic
tumor shape in fluoroscopic video is necessary and can be used for dose delivery
techniques such as DMLC or gated treatment.
In Appendix C, we propose a method that automatically tracks the tumor shape based
on the respiratory signal using the Active Shape Model (ASM) (Xu et al 2006a). The
ASM is proposed to track the moving object contour by searching the new contour within
a predefined range from an object training set which represents the most typical object
variation (Cootes et al 1995). For lung tumors with large deformations, only one motion
model proposed by Cootes et al (1995) may not be sufficient. Thus, different motion
models for different breathing phases are used to represent tumor shape variations within
one breathing cycle. Each model is tagged with the corresponding breathing phase
derived from the diaphragm position. For an incoming frame, its respiratory phase is first
determined and then the corresponding model is found. The tumor contour in this frame
is then tracked within a predefined range of the shape model. The tracking results are
validated by comparison with the ground-truth tumor contours as determined by a
physician.
4DCT setup verification

Tumor tracking for gated, DMLC or real-time treatment is necessary for precise dose
delivery to a lung tumor. One other important aspect is setup verification. An
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independent mechanism is needed to ensure that the patient is setup in the treatment room
coordinate system exactly as in the simulation CT coordinate system. The overall aim is
reduction of irradiation of healthy tissue around the lung tumor and thereby enabling dose
escalation. For conventional setup verification, a portal film image is taken using high
energy treatment radiation (6 MV) and compared to a reference image (usually a DRR
from simulation CT or x-ray simulation films). The setup error has been found to have
standard deviations of 5-6 mm for each of three couch translations and 2-3 degrees for
two measured rotations (Schewe et al 1996). Over the last decade, the Electronic Portal
Imaging Device (EPID) has become widely used for setup verification due to its superior
image quality compared to conventional portal films (Boyer et al 1992). Numerous
research studies have been made on using EPID to measure setup errors before treatment
and a complete review can be found (Hurkmans et al 2001).
For conventional lung cancer treatment, Samson et al (1999) tried to use the organs
near the lungs to estimate setup variations. For intrafractional setup variations, 6 to 12
sequential images were taken using an EPID and one of them was chosen to be the
reference image. Visible structures such as the trachea, carina, the upper chest wall, aortic
arch, clavicle, and paraspinal line were manually contoured in both the reference and the
floating images. Using these contoured anatomical landmarks, the intrafractional shifts
were determined by maximizing the correlations between the reference and the floating
images. The relative shifts were the differences calculated between these intrafractional
shifts and the mean of these shifts. The standard deviation of the shifts was reduced if
two structures were used for setup verification. Since this method uses features near lung
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for setup verification, feature choice influences the error. Steene et al (1998) registered
an EPID image taken during the first fraction to the simulation film image by adjusting
the treatment couch. For the remaining fractions, an EPID image was taken before
treatment and registered to the EPID image from the first fraction. If the displacements
were too large, table correction was performed using a remote couch control. Essapen et
al (2002) analyzed the setup error by taking a simulation film before treatment, using the
same technical settings as used for planning, and comparing it to the original simulation
film image. By aligning visible vertebral bodies on both films, the displacements from
the centers of the films were measured directly to obtain the setup error. Setup
verification for conventional radiotherapy for lung cancer focuses on intra- and/or interfraction error analysis (Schewe et al 1996, Yan et al 1997, Idzes et al 1998, Steene et al
1998, Vijlbrief et al 1998, Halperin et al 1999, Samson et al 1999, Essapen et al 2002). It
provides guidance to determine the size of the margin to be added to lung tumors so that
the moving tumor can be covered by the radiation beam during treatment.
Gated radiation therapy is usually planned based on a simulation breath-hold CT or a
pre-determined phase of 4DCT from a patient. Prior to treatment, both spatial and
temporal verification of the patient setup are crucial for success. In reality, there is
currently no universally accepted method for this verification. Tang et al (2006)
generated DRRs from one 4DCT phase at the end of exhale in both the AP and lateral
directions. Before treatment, x-ray images in AP and lateral directions were taken. The
region of interest around the tumor from both DRRs and x-ray images were automatically
registered and manually adjusted to obtain the couch shifts. However, this method can
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only provide the setup verification for breathing phases at the end of exhale or inhale
since the x-ray images are not gated and the patients are asked to hold the breath at those
phases. Furthermore, it is not fully automated, and the registration process involves only
two 2D images by ignoring diverging angle effects when generating DRRs from CT
image. Finally, tumors are not easily detected from x-ray images for the purpose of
registration.
In Appendix D, we propose a fully automated registration scheme between 2D x-ray
images and 4DCT, providing both temporal and spatial setup verification (Xu et al
2006c). When the patient is on the treatment couch, keV x-ray images from both AP and
lateral directions are taken. Since the x-ray images may have a random phase, they are
registered to a 4DCT that contains ten 3D CT with different breathing phases. The
corresponding 4DCT phase and spatial shifts are found after the registration process.
Since an intensity-based registration algorithm is applied, no segmentation of features are
needed in either the x-ray images or the 4DCT. The robustness of the algorithm is proven
by taking multiple x-ray shots and registering these x-ray images to the 4DCT set.
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PRESENT STUDY
The research results for this dissertation are presented as four appended manuscripts.
The most important findings from each of the manuscripts are summarized below.
A NOVEL RESPIRATORY DETECTION METHOD BASED ON AUTOMATED
ANALYSIS OF ULTRASONIC DIAPHRAGM VIDEO (APPENDIX A)
This paper proposes a novel respiratory detection method based on diaphragm motion
measurements using a 2D ultrasonic unit. Compared to external surrogates, the
respiratory signal derived from diaphragm motion may offer higher correlations with
lung tumors. It is noninvasive and no extra dose is added to the patients.
Ultrasound studies of diaphragm breathing motion were performed on two volunteers.
The ultrasonic video stream was captured and transferred to a personal computer and
decomposed into individual image frames. After straightforward image analysis, region
of interest selection and filtering, the Mutual Information (MI) and CC between a
selected reference frame and all other frames were computed. The resulting MI and CC
values were discovered to produce a signal corresponding to the respiratory cycle in both
phase and magnitude.
We also studied the diaphragm motion of two volunteers during repeated deep
inspiration or expiration breath holds (DIBH) and found a slight relaxation motion of the
diaphragm during the DIBH, suggesting that the residual motion may be important for
treatments delivered at this breathing phase. Applying the proposed respiratory detection
method to these ultrasound studies, we found that the MI and CC values demonstrate the
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residual motion behavior, indicating that our method may be used to determine the
radiation triggering time for a DIBH technique.
This work was submitted to Medical Physics as:
Xu Q and Hamilton R J A novel respiratory detection based on automated analysis of
ultrasound diaphragm video.

LUNG TUMOR TRACKING IN FLUOROSCOPIC VIDEO BASED ON OPTICAL
FLOW (APPENDIX B)
Respiratory gating and tumor tracking for dynamic multi-leaf collimator delivery
require accurate and real-time localization of the lung tumor position during treatment.
Deriving the tumor position from external surrogates such as abdominal surface motion
may have large uncertainties due to the intra- and inter-fraction variations of the
correlation between external surrogates and internal tumor motion. Implanted fiducial
markers can be used to track tumors fluoroscopically in real time with sufficient accuracy.
However, it may not be a practical procedure due to the risk of pneumothorax when
implanting markers inside the lung. Previously, efforts have been made to directly track
the lung tumor mass in fluoroscopic images without implanted fiducial markers and then
to generate gating signals using template matching (Berbeco et al 2005).
In this work, we present a tracking method based on image analysis that does not
require implanted seeds. An optical flow algorithm is used that provides an expedited
tumor searching process compared to template matching alone. A contoured tumor in the
reference frame is tracked in the sequential image frames, and a respiratory signal from
the intensity variations of the tracked tumor is generated. The tracking starts with a
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segmented tumor projection in an initial image frame. Then the optical flow between this
and all incoming frames acquired during treatment delivery are computed using a
multiresolution scheme as initial estimations of tumor centroid displacements. The tumor
contour in the initial frame is then transferred to the incoming frames based on the
average of the motion vectors. Its position in the incoming frames is determined by finely
tuning the contour positions using a template matching algorithm with a small search
range. The tracking results were validated by comparing with clinician determined
contours on each frame. The position difference in 95% of the frames was found to be
less than 1.4 pixels in the best case and 2.7 pixels in the worst case for the 5 patients
studied.
This work was submitted to Physics in Medicine and Biology as:
Xu Q, Hamilton R J, Schowengerdt R A, Alexander B and Jiang S B Lung tumor
tracking in fluoroscopic video based on optical flow.

A DEFORMABLE LUNG TUMOR TRACKING METHOD IN FLUOROSCOPIC
VIDEO USING ACTIVE SHAPE MODEL (APPENDIX C)
Most current gated radiotherapy methods use external surrogates to derive patient
lung tumor location and deliver dose only when the tumor moves to the same location as
planned. The requirement of this method that the motion of the external surrogates and
the internal tumor should be fully correlated cannot always be met, i.e. the external
surrogates may not always provide the true tumor location. Tumors in the
supradiaphragmatic region exhibit more mobility, especially in the craniocaudal direction
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(Koste et al 2003). Thus, due to the elasticity of lung tissue, severe nonrigid deformation
may occur for tumors in this region during breathing. In this case, the external surrogates
can at best estimate the tumor location, but cannot account for the tumor shape variation.
A hysteresis effect is also reported so that for half the patients, moving tumors have 1-5
mm path differences between inhalation and exhalation (Seppenwoolde et al 2002).
External surrogate systems that only afford a one-dimensional respiratory signal cannot
compensate for the directional phase differences that cause the hysteresis effect. Thus, a
real-time tracking system is preferred for precise dose delivery to lung tumors. It is
possible to track the seeds implanted in or near lung tumors fluoroscopically and trigger
the beam according to the seed location during treatment (Shirato et al 2000b). However,
this method is invasive to the patients and may cause pneumothorax.

The purpose of this paper is to propose a method to track deformed lung tumors
during treatment without implantation of seeds. We first focus on a patient having a lung
tumor at the lower lobe near the diaphragm where both the displacement and deformation
of lung tumors are significant. Combining the information from the respiratory signal
derived from the diaphragm and Point Distribution Models (PDM) built during a training
period, the contour of the deformed lung tumor is well tracked throughout the breathing
course, providing both the shape and location variations (Cootes et al 1995). The tracking
algorithm was tested on three tumor sites and the results were validated by the subjective
judgment of a human expert. The validation result shows this method affords precise lung
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tumor shape and location tracking and may be suitable for lung patient radiotherapy using
either gating, real-time tracking, or the Dynamic Multileaf Collimator (DMLC) technique.
This work was submitted to Physics in Medicine and Biology for publication as:
Xu Q, Hamilton R J, Schowengerdt R A and Jiang S B A deformable lung tumor tracking
method in fluoroscopic video using Active Shape Model.

REGISTRATION OF ON-BOARD X-RAY IMAGES WITH 4DCT: A FEASIBILITY
STUDY FOR PHASE AND SETUP VERIFICATION OF GATED RADIOTHERAPY
(APPENDIX D)
Current gated radiation therapy starts with a simulation breath-hold CT or 4DCT
images of a patient. In the latter case, one phase of the 4DCT is chosen for planning.
When the patient is on the treatment couch, on-board projection x-ray images are taken in
the anterior-posterior (AP) and lateral (LAT) directions and an intensity-based rigid
registration algorithm is applied to register the AP/LAT images with the simulation
DRRs. To ensure correct patient setup in phase-based gating, a pre-requisite of the above
process is that the phase of the simulation DRRs must coincide with that of the planning
CT.
Currently, there is no universally accepted method for this verification, and methods
used in 3D radiation therapy, such as the comparison of orthogonal portal images with
DRRs, are employed. In this work, we investigate the correlation between the verification
of AP/LAT images and the DRRs of different 4DCT phases and develop a method of
temporal and geometric registration of the DRRs and AP/LAT projection images. For this
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purpose, a DRR was computed for each of the ten phases of the 4DCT of a patient and
shifts were also considered in DRR production. The optimal correlation coefficient (CC)
between the projection x-ray image and each DRR was then calculated. The 4DCT phase
having the highest correlation was identified and compared with the intended gating
phase. Thus, the method may be used to confirm the correspondence between gating
phase at the times of 4DCT simulation and radiotherapy delivery. When the intended and
actual gating phases are consistent, the registration of the DRR and the projection images
yields the values of patient shifts for treatment setup. This method is the 4D analog of the
conventional setup film as it provides both verification of the specific phase at the time of
treatment and isocenter positioning shifts for treatment delivery.
This work was submitted to Physics in Medicine and Biology for publication as:
Xu Q, He Z, Hamilton R J and Xing L Registration of on-board x-ray images with 4DCT:
a feasibility study for phase and setup verification of gated radiotherapy Model.
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SUMMARY
To ensure precise dose delivery to lung tumors and reduce the uncertainties caused by
lung motion during radiotherapy, we have proposed and developed methods to detect and
track respiratory motion and to improve setup verification for lung cancer patients using
images or videos from different imaging modalities. The contributions and advancement
of the dissertation work are summarized below.
To improve measurement of respiratory motion, a novel respiratory gating method is
proposed in Appendix A by analyzing the ultrasonic diaphragm motion and correlating it
to lung tumor motion. It is noninvasive to patients and may provide a respiratory signal
highly correlated to lung tumor motion compared to the RPM system. Since the lung
tumor or nearby anatomy features may be seen under fluoroscopic imaging, it is possible
to detect the tumor motion directly, instead of correlating internal or external surrogates
to tumor motion. In Appendix B, we describe a method that tracks a fixed tumor contour
defined in a reference frame and provides the tumor’s physical position frame-by-frame
using optical flow algorithm. The tracking results are validated by comparing with
clinician-determined contour position on each frame. It is shown that the position
difference in 95% of the frames is found to be less than 1.4 pixels (~0.5 mm) in the best
case and 2.7 pixels (~1.0 mm) in the worst case for the 5 patients studied. For some
patients, elastic deformation is observed for tumors in the supradiaphragmatic region,
especially in the craniocaudal direction. Thus, both the shape and position of the tumor
needs to be tracked. In appendix C, we develop a tracking method by combining the
respiratory signal generated from the diaphragm and ASM algorithm proposed by Cootes
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et al (1995) without requiring insertion of seeds inside lung tumor. The contour of the
deformed lung tumor is well tracked throughout the breathing course, providing both
shape and position variation. The tracking results are also validated by the subjective
judgment of a human expert.
As an important aspect for lung patient treatment, setup verification is needed to
reduce inter- and intra-fractions geometry uncertainties and ensure precise dose delivery.
Currently, there is no universally accepted method for lung patient setup verification. In
appendix D, we propose to register 4DCT and 2D x-ray images by searching for the
maximum CC between the floating DRRs generated from each phase of 4DCT and the xray image. Once the 4DCT phase corresponding to the x-ray image is determined, the
required couch shifts can also be subsequently derived from the registration process.

42

REFERENCES
Agazaryana N and Solberg T D 2003 Segmental and dynamic intensity-modulated
radiotherapy delivery techniques for micro-multileaf collimator Medical Physics,
30 1758-67

Alasti H, Cho Y B, Vandermeer A D, A Abbas B Norrlinger, Shubbar S and Bezjak A
2006 A novel four-dimensional radiotherapy method for lung cancer: imaging,
treatment planning and delivery Phys. Med. Biol. 51 3251-67
Arslan S, A A Yilmaz, B B Bayramgurler, Uzman O, Nver E and Akkaya E 2002 CTguided transthoracic fine needle aspiration of pulmonary lesions: accuracy and
complications in 294 patients Med Sci Monit. 8 CR493-97
Aruga T et al 2000 Target volume definition for upper abdominal irradiation using CT
scans obtained during inhale and exhale phases Int. J. Radiat. Oncol., Biol., Phys.
48 465-69

Balter J M, Haken R K Ten, Lawrence T S, Lam K L and Robertson J M 1996
Uncertainties in CT-based radiation therapy treatment planning associated with
patient breathing Int. J. Radiat. Oncol., Biol., Phys. 36 167-74
Berbeco R I, Mostafavi H, Sharp G C and Jiang S B 2005 Towards fluoroscopic
respiratory gating for lung tumours without radiopaque markers Phys. Med. Biol.
50 4481-90

Boyer A L, Antonuk L, Fenster A, Herk M Van, Meertens H, P P Munro, Reinstein L E
and Wong J 1992 A review of electronic portal imaging devices (EPIDs) Med.
Phys. 19 1-16

43

Cancer Facts and Figures 2006 2006 American Cancer Society Report ed (Atlanta)

Chen G. T., Kung J H and Beaudette K P 2004 Artifacts in computed tomography
scanning of moving objects Geriatr. Nephrol. Urol. 14 19-26
Cheung P C F, Sixel K E, Tirona R and Ung Y C 2003 Reproducibility of lung tumor
position and reduction of lung mass within the planning target volume using
active breathing control (ABC) Int. J. Radiat. Oncol., Biol., Phys. 57 1437-42
Cootes T F, Cooper D, Taylor C J and Graham J 1995 Active Shape Models - Their
Training and Application Comput. Vis. Image Und. 61 38-59
D'Souza W D, Naqvi S A and Yu C X 2005 Real-time intra-fraction-motion tracking
using the treatment couch:a feasibility study Phys. Med. Biol. 50 4021-33
Davies S C, Hill A L, Holmes R B, Halliwell M and Jackson P C 1994 Ultrasound
quantitation of respiratory organ motion in the upper abdomen Br. J. Radiol. 67
1096-102
Ekberg L, Holmberg O, Wittgren L, Bjelkengren G and Landberg T 1998 What margins
should be added to the clinical target volume in radiotherapy treatment planning
for lung cancer? Radiother. Oncol. 48 71-77
Engelsman M, Rietzel E and Kooy H M 2006 Four-dimensional proton treatment
planning for lung tumors Int. J. Radiat. Oncol., Biol., Phys. 64 1589-95
Essapen S, Knowles C, Norman A and Tait D 2002 Accuracy of set-up of thoracic
radiotherapy: prospective analysis of 24 patients treated with radiotherapy for
lung cancer Br. J. Radiol. 75 162-69

44

Ford E C, Mageras G S, Yorke E and Ling C C 2003 Respiration-correlated spiral CT: A
method of measuring respiratory-induced anatomic motion for radiation treatment
planning Med. Phys. 30 88-97
Geraghty P R, Kee S T, McFarlane G, Razavi M K, Sze D Y and Dake M D 2003 CTguided transthoracic needle aspiration biopsy of pulmonary nodules: needle size
and pneumothorax rate Radiology 229 475-81
Halperin R, Roa W, Field M, Hanson J and Murray B 1999 Setup reproducibility in
radiation therapy for lung cancer: a comparison between T-bar and expanded
foam immobilization devices Int. J. Radiat. Oncol., Biol., Phys. 43 211-16
Hanley J et al 1999 Deep inspiration breath-hold technique for lung tumors: the potential
value of target immobilization and reduced lung density in dose escalation Int. J.
Radiat. Oncol., Biol., Phys. 45 603-11

Hurkmans C W, Remeijer P, Lebesque J V and Mijnheer B J 2001 Set-up verification
using portal imaging: review of current clinical practice Radiother. Oncol. 58
105-20
Idzes M H, Holmberg O, Mijnheer B J and Huizenga H 1998 Effect of set-up
uncertainties on the dose distribution in the match region of supraclavicular and
tangential breast fields Radiother. Oncol. 46 91-98
Jiang S B, Bortfeld T, Trofimov A, Rietzel E, Sharp G, Choi N and Chen G T Y 2004
Synchronized moving aperture radiation therapy (SMART): treatment planning
using 4D CT data Proc. 14th Conf. on the Use of Computers in Radiation
Therapy (Seoul, South Korea) pp 429-32

45

Kamath S, Sahni S, Palta J and Ranka S 2004 Algorithms for optimal sequencing of
dynamic multileaf collimators
Phys. Med. Biol. 49 33-54

Keall P J, Joshi S, Vedam S S, Siebers J V, Kini V R and Mohan R 2005 Fourdimensional radiotherapy planning for DMLC-based respiratory motion tracking
Med. Phys. 32 942-51

Keall P J, Siebers J V, Joshi S and Mohan R 2004b Monte Carlo as a four-dimensional
radiotherapy treatment-planning tool to account for respiratory motion Phys. Med.
Biol. 49 3639-48

Keall P J et al 2004a Acquiring 4D thoracic CT scans using a multislice helical method
Phys. Med. Biol. 49 2053-67

Keall PJ, Kini V R, Vedam S S and Mohan R 2001 Motion adaptive x-ray therapy: a
feasibility study Phys. Med. Biol. 46 1-10
Koshani R, Balter J M, Hayman J A, Henning G T and Herk M van 2006 Short-term and
long-term reproducibility of lung tumor position using active breathing control
(ABC) Int. J. Radiat. Oncol., Biol., Phys. 65 1553-59
Koste J R van Sornsen de, Lagerwaard FJ, Nijssen-Visser M R, Graveland W J and
Senan S 2003 Tumor location cannot predict the mobility of lung tumors: a 3D
analysis of data generated from multiple CT scans Int. J. Radiat. Oncol., Biol.,
Phys. 56 348-54

46

Laurent F, Latrabe V, Vergier B and Michel P 2000a Percutaneous CT-guided biopsy of
the lung: comparison between aspiration and automated cutting needles using a
coaxial techniqu Cardiovasc. Intervent. Radiol. 23 266-72
Laurent F, Latrabe V, Vergier B, Montaudon M, Vernejoux J M and Dubrez J 2000b CTguided transthoracic needle biopsy of pulmonary nodules smaller than 20 mm:
results with an automated 20-gauge coaxial cutting needle Clin. Radiol. 55 28188
Liu H H, Verhaegen F and Dong L 2001 A method of simulating dynamic multileaf
collimators using Monte Carlo techniques for intensity-modulated radiation
therapy
Phys. Med. Biol. 46 2283-98

Loi G, Pignoli E, Scorsetti M, Cerreta V, Somigliana A, Marchesini R, Gramaglia A,
Cerchiari U and Ricci S B 1998 Design and characterization of a dynamic
multileaf collimator Phys. Med. Biol. 43 3149-55
Low D A et al 2003 A method for the reconstruction of four-dimensional synchronized
CT scans acquired during free breathing Med Phys. 30 1254-63
Ma L, Boyer A L, Xing L and Ma C-M 1998 An optimized leaf-setting algorithm for
beam intensity modulation using dynamic multileaf collimators
Phys. Med. Biol. 43 1629-43

Mageras G S, Yorke E, Rosenzweig K, Braban L, Keatley E, Ford E, Leibel S A and
Ling C C 2001 Fluoroscopic evaluation of diaphragmatic motion reduction with a
respiratory gated radiotherapy system J. Appl. Clin. Med. Phys. 2 191-200

47

Marx J 2002 Rosen's Emergency Medicine: Concepts and Clinical Practice (St. Louis,
Mo:Mosby)

McCollough C H, Bruesewitz M R, Daly T R and Zink F E 2000 Motion artifacts in
subsecond conventional CT and electron-beam CT: Pictorial demonstration of
temporal resolution Radiographics 20 1675-81
Murray J and Nadel J 2000 Textbook of Respiratory Medicine (Philadelphia, Pa:WB
Saunders)

Neicu T, Shirato H, Seppenwoolde Y and Jiang S B 2003 Synchronized moving aperture
radiation therapy (SMART): average tumour trajectory for lung patients Phys.
Med. Biol. 48 587-98

Ohara K, Okumura T, Akisada M, Inada T, Mori T, Yokota H and Calaguas M J 1989
Irradiation synchronized with respiration gate Int. J. Radiat. Oncol., Biol., Phys.
17 853-7

Pan T, Lee T Y, Rietzel E and Chen G T 2004 4D-CT imaging of a volume influenced by
respiratory motion on multi-slice CT Med. Phys. 31 333-40
Papiez L and Rangaraj D 2005 DMLC leaf-pair optimal control for mobile, deforming
target Med. Phys. 32 275-85
Remouchamps V M, Letts N, Vicini F A, Sharpe M B, Kestin L L, Chen P Y, Martinez A
A and Wong J W 2003a Initial clinical experience with moderate deep-inspiration
breath hold using an active breathing control device in the treatment of patients
with left-sided breast cancer using external beam radiation therapy Int. J. Radiat.
Oncol., Biol., Phys. 56 704-15

48

Remouchamps V M et al 2003b Three-dimensional evaluation of intra- and interfraction
immobilization of lung and chest wall using active breathing control: a
reproducibility study with breast cancer patients Int. J. Radiat. Oncol., Biol.,
Phys. 15 968-78

Ries L A G et al 2006 SEER Cancer Statistics Review, 1975-2003 National Cancer
Institute Report ed B. K. Edwards (Bethesda, MD)

Rietzel E, Liu A K, Doppke K P, Wolfgang J A, Chen A B, Chen G T Y and Choi N C
2006 Design of 4D treatment planning target volumes Int. J. Radiat. Oncol., Biol.,
Phys. 66 287-95

Rietzel E, Pan T and Chen G T Y 2005 Four-dimensional computed tomography: Image
formation and clinical protocol Med. Phys. 32 874-89
Ross C S, Hussey D H, Pennington E C, Stanford W and Doornbos J F 1990 Analysis of
movement of intrathoracic neoplasms using ultrafast computed tomography Int. J.
Radiat. Oncol., Biol., Phys. 18 671-7

Samson M J, Koste J R van SImageornsen de, Boer H C J de, Tankink H, Verstraate M,
Essers M, Visser A G and Senan S 1999 An analysis of anatomic landmark
mobility and setup deviations in radiotherapy for lung cancer Int. J. Radiat.
Oncol., Biol., Phys. 43 827-32

Schewe J E, Balter J M, Lam K L and RK R K ten Haken 1996 Measurement of patient
setup errors using port films and a computer-aided graphical alignment tool Med
Dosim. 21 97-104

49

Schweikard A, Glosser G, Bodduluri M, Murphy M and Adler J R 2000 Robotic motion
compensation for respiratory movement during radiosurgery Comput. Aided Surg.
5 263 - 77

Seppenwoolde Y, Shirato H, Kitamura K, Shimizu S, Herk M van, Lebesque J V and
Miyasaka K 2002 Precise and real-time measurement of 3D tumor motion in lung
due to breathing and heartbeat, measured during radiotherapy Int. J. Radiat.
Oncol., Biol., Phys. 53 822-34

Sherouse G W, Novins K and Chaney E L 1990 Computation of digitally reconstructed
radiographs for use in radiotherapy treatment design Int. J. Radiat. Oncol., Biol.,
Phys. 18 651-58

Shimizu S, Shirato H, Aoyama H, Hashimoto S, Nishioka T, Yamazaki A, Kagei K and
Miyasaka K 2000b High-speed magnetic resonance imaging for four-dimensional
treatment planning of conformal radiotherapy of moving body tumors Int. J.
Radiat. Oncol., Biol., Phys. 48 471-74

Shimizu S et al 2000a Impact of respiratory movement on the computed tomographic
images of small lung tumors in three-dimensional (3D) radiotherapy Int. J.
Radiat. Oncol., Biol., Phys. 46 1127-33

Shimizu S, Shirato H, Xo B, Kagei K, Nishioka T, Hashimoto S, Tsuchiya K, Aoyama H
and Miyasaka K 1999 Three-dimensional movement of a liver tumor detected by
high-speed magnetic resonance imaging Radiother. Oncol. 50 367-70
Shirato H, Seppenwoolde Y, Kitamura K, Onimura R and Shimizu S 2004 Intrafractional
tumor motion: lung and liver Semin. Radiat. Oncol. 14 10-18

50

Shirato H et al 2000 Four-dimensional treatment planning and fluoroscopic real-time
tumor tracking radiotherapy for moving tumor Int. J. Radiat. Oncol., Biol., Phys.
48 435-42

Shirato H et al 2000b Physical aspects of a real-time tumor-tracking system for gated
radiotherapy Int. J. Radiat. Oncol., Biol., Phys. 48 1187-95
Steene J Van de, Heuvel F Van den, Bel A, Verellen D, Mey J De, Noppen M, Beukeleer
M De and Storme G 1998 Electronic portal imaging with on-line correction of
setup error in thoracic irradiation: clinical evaluation Physical aspects of a realtime tumor-tracking system for gated radiotherapy 40 967-76

Suh Y, Yi B, Ahn S, Lee S, Kim J, Shin S and Choi E 2003 Adaptive field shaping to
moving tumor with the compelled breath control: a feasibility study using moving
phantom Proc. World Congress in Medical Physics (Sydney, Australia)
CDROM and website only pp
Topal U and Ediz B 2003 Transthoracic needle biopsy: factors effecting risk of
pneumothorax Eur. J. Radiol. 48 263-67
Vedam S, Docef A, Fix M, Murphy M and Keall P 2005 Dosimetric impact of geometric
errors due to respiratory motion prediction on dynamic multileaf collimator-based
four-dimensional radiation delivery Med. Phys. 32 1607-20
Vedam S S, Keall P J, Kini V R, Mostafavi H, Shukla H P and Mohan R 2003 Acquiring
a four-dimensional computed tomography dataset using an external respiratory
signal Phys. Med. Biol. 48 45-62

51

Vijlbrief R, Belderbos J, Goede J de, Remeijer P, Herk M van and Lebesque J 1998
Development and evaluation of a verification procedure for setup corrections of
lung cancer patients Proceedings of the 5th international workshop on electronic
portal imaging Phoenix, AZ pp

Webb S 2005 The effect on IMRT conformality of elastic tissue movement and a
practical suggestion for movement compensation via the modified dynamic
multileaf collimator (dMLC) technique Phys. Med. Biol. 50 1163-90
Wong J W, Sharpe M B, Jaffray D A, Kini V R, Robertson J M, Stromberg J S and
Martinez A A 1999 The use of active breathing control (ABC) to reduce margin
for breathing motion Int. J. Radiat. Oncol., Biol., Phys. 911-19
Xu Q and Hamilton R J 2007 A novel respiratory detection based on automated analysis
of ultrasound diaphragm video Med. Phys.
Xu Q, Hamilton R J, Schowengerdt R A, Alexander B and Jiang S B 2006a A deformable
lung tumor tracking method in fluoroscopic vidoe using Active Shape Model
Phys. Med. Biol.

Xu Q, Hamilton R J, Schowengerdt R A, Alexander B and Jiang S B 2006b Lung tumor
tracking in fluoroscopic video based on optical flow Phys. Med. Biol.
Xu Q, He Z, Hamilton R J and Xing L 2006c Registration of on-board x-ray images with
4DCT: a feasibility study for phase and setup verification of gated radiotherapy
Phys. Med. Biol.

52

Yan D, Wong J, Vicini F, Michalski J, Pan C, Frazier A, Horwitz E and Martinez A 1997
Adaptive modification of treatment planning to minimize the deleterious effects
of treatment setup errors Int. J. Radiat. Oncol., Biol., Phys. 38 197-206
Zhang T, Keller H, O'Brien M J, Mackie T R and Paliwal B 2003 Application of the
spirometer in respiratory gated radiotherapy Med. Phys. 30 3165-71

53

APPENDIX A: A NOVEL RESPIRATORY DETECTION METHOD BASED ON
AUTOMATED ANALYSIS OF ULTRASONIC DIAPHRAGM VIDEO

54

A novel respiratory detection method based on automated
analysis of ultrasonic diaphragm video

Qianyi Xu
Department of Electrical and Computer Engineering, University of Arizona, Tucson,
Arizona
Russell J. Hamilton
Department of Radiation Oncology, University of Arizona, Tucson Arizona

This paper proposes a novel respiratory detection method based on diaphragm motion
measurements using a 2D ultrasonic unit. The proposed method extracts a respiratory
signal from an automated analysis of the internal diaphragm motion during breathing.
The respiratory signal may be used for gating. Ultrasound studies of diaphragm breathing
motion were performed on two volunteers. The ultrasonic video stream was captured and
transferred to a personal computer and decomposed into individual image frames. After
straightforward image analysis, region of interest selection and filtering, the Mutual
Information (MI) and correlation coefficients (CC) between a selected reference frame
and all other frames were computed. The resulting MI and CC values were discovered to
produce a signal corresponding to the respiratory cycle in both phase and magnitude.

We also studied the diaphragm motion of the volunteers during repeated deep
inspiration breath holds (DIBH) and found a slight relaxation motion of the diaphragm
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during the DIBH, suggesting that the residual motion may be important for treatments
delivered at this breathing phase. Applying the proposed respiratory detection method to
these ultrasound studies, we found that the MI and CC values demonstrate the relaxation
behavior, indicating that our method may be used to determine the radiation triggering
time for a DIBH technique.

INTRODUCTION

For a static tumor, radiation dose can be accurately delivered based on the planning CT
with margins determined by well-known delivery and setup uncertainties.

A more

complex problem arises when the tumor moves, as is the situation for lung tumors. The
appropriate margin depends on the range of motion and the delivery technique. A
common method to conquer this problem is to determine the range of motion with
fluoroscopy and increase the planning target volume margin to account for it. Of course,
the volume of normal tissue around the tumor receiving dose is also increased. A better
way to solve the problem is to use a respiratory gating system (Ohara et al 1989, Kubo
and Hill 1996).

Most gating systems monitor the motion of external markers on the surface of the chest
or abdomen and correlate it to the lung motion. One commercially available respiratory
gating system, Real-Time Position Management (RPM) (Varian Medical Systems, Palo
Alto, CA), tracks two infrared reflective markers embedded in a plastic block with a

56

camera. Usually, the block is placed between the xiphoid tip and the umbilicus. The
reflective markers are illuminated by infrared emitting diodes and the light reflected back
to the camera produces a video image stream of the markers that is captured and analyzed
by a software package. The markers can be easily segmented from the whole image. Thus,
the motion of the markers is obtained by computing the difference between frames. The
external markers are not perfectly correlated to the lung tumor motion and a phase shift
or delay is observed for some patients (Chen et al 2001, Mageras et al 2001). Another
system measures the airflow using a spirometer and correlates it to lung motion (Wong et
al 1999, Dawson et al 2001, Zhang et al 2003). Airflow directly correlates to the motion
of the lung, but the respiratory signal from the spirometer usually drifts away from the
baseline significantly. Thus, a calibration algorithm is needed to reduce the signal drift.

Fluoroscopy has been used to observe diaphragm motion directly and may be used for
respiratory gating (Chen et al 2001, Mageras et al 2001). This imaging modality allows
real-time x-ray viewing of the patient. However, it contributes additional dose to the
patient that may be significant especially for multi-fraction treatments.

Our method obtains a respiratory signal directly from an ultrasonic video of the
diaphragm. This modality is non-ionizing and safe to patients. Since captured ultrasound
video has a frame rate of 5 frames per second, it is enough for real-time respiratory gating.
In this study, we also developed a fast algorithm for processing the video to reduce the
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time delay between actual lung motion and the respiratory signal obtained from
processing the video.

MATERIALS AND METHODS

A. Breathing Action

The act of human breathing is complex, making it difficult to predict lung tumor motion.
The breathing procedure includes two periodic stages: inspiration and expiration. Both
stages are stimulated from brain impulses and controlled by the central nervous system
(CNS). The diaphragm is the main muscle controlling human breathing. During
inspiration, the CNS signals the diaphragm to make a downward contraction and the rib
cage is lifted and expanded. Meanwhile, the lung tissue also expands in three dimensions
and the abdomen passively moves outward. Expiration occurs through passive
contraction of the diaphragm. The upward passive diaphragm contraction squeezes the rib
cage inwards and the lung air volume is reduced. Lung motion may also be affected by
heart motion, the rib cage, and other factors, however these influences are minor
compared to that of the diaphragm.

B. Free breathing

Two volunteers were examined in a supine position and their right diaphragms were
imaged with B-mode ultrasonography using a standard unit (Siemens Sonaline Prima)
while breathing quietly. The transducer was placed inferior to the rib cage with the fan
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direction aligned approximately parallel to the lowest rib. The analog video signal from
the ultrasound unit was sent to a personal computer (Dell 4600) and captured at 5 frames
per second by a standard video card (RADEON 9600XT, ATI Technologies Inc.). The
video signal was displayed on the pc screen for monitoring during data acquisition.

The video signal was decomposed into individual frames for further analysis. One frame,
shown in Fig. 1, is 480 x 640 pixels. In the video clip, the predominant motion is the twodimensional profile of the diaphragm which follows the breathing cycle of the volunteer.
We defined a small region in the video frame only encompassing the moving diaphragm
profile and for this volunteer it contained 174 x 252 pixels. Image processing only
includes this region, thus the computation time necessary to process the frame sequences
is reduced.
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FIG. 1. One frame from an ultrasound video clip. A small region of interest around the
diaphragm is segmented for further processing.

The signal noise in the segmented frames was suppressed by applying a simple threshold
technique using an empirical threshold value obtained by calculating the histogram of the
frames. A typical subsampled diaphragm image and its histogram are shown in Fig. 2.
Since the diaphragm is the brightest feature in the image and is a small fraction of the
whole image, selecting the DN threshold after peak will segment the diaphragm. Using a
DN larger than the second peak for thresholding provides good results. In the subsampled
image, we also extracted two small regions, one only containing background noise and
the other one consisting of part of the diaphragm. The DN mean was 31 for the noise
region and 85 for the diaphragm. We tentatively chose several thresholds between these
two means to see if it significantly altered the segmentation results. Through visual
inspection, it did not.

Thus, a threshold DN of 65 was used for segmenting the

diaphragm.

(a)

(b)

60

(c)

(e)

(d)

(f)

FIG. 2. Segmented diaphragm for different threshold values. (a) Segmented diaphragm
from the whole frame. (b) Histogram of image (a) (c) Noise suppressed diaphragm using
thresholding DN 50 (d) DN 60 (e) DN 70 (f) DN 85

The next step was to detect the diaphragm motion in this segmented region. Many
sophisticated motion detection algorithms have been developed and some are readily
available in video processing software packages. The purpose of this work is to extract a
one-dimensional respiratory gating signal, such as that obtained using the RPM system.
Thus, two or three dimensional motion detection algorithms such as template matching or
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optical flow are not necessary. Furthermore, they are not optimized for speed. For our
application, video was captured at 5 frames per second, so that processing must be
completed less than 0.2 seconds to obtain a real-time respiratory signal. Also, the
radiation therapy machine also needs time to response and trigger beam according to the
respiratory signal. Thus, a simple frame discrepancy algorithm was used.

We used Mutual Information (MI) and Correlation Coefficient (CC) methods to extract
diaphragm motion information from the series of frames. MI is a widely used technique
in medical image registration (Maes et al 1997, Pluim et al 2003). It measures the
statistical dependence of two images and is defined by

MI ( A, B) = H ( A) + H ( B) H ( A, B) =

p(a, b) log
ab

p ( a, b)
p (a) p(b)

(1)

Here A, B are the regions of interest from two image frames, H(A), H(B) and H(A,B) are
the entropy of A, B and their joint entropy, respectively. p(a,b), p(a) and p(b) are the joint
probability distribution of a and b and their own probability distributions, where a and b
are the pixel values in A and B.

The CC is defined by
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N

CC ( A, B) =

p =1

( DN pA

N

( DN pA
p =1

Where

DN pA

and

µ A )( DN pB
µ A )2

N

( DN pB

µB )
µB )2

p =1

DN pB

(2)

are the pixels of images A and B. µ A and µ B are the mean

pixel values of images A and B, respectively. N is the total number of pixels in images A
and B.

An image segmented from a video signal frame at the end of inspiration was designated
as the reference image. The MI and CC between this and all other segmented image
frames were computed. When two images are statistically dependant the MI (and CC)
value is large, which in our case occurs when the image frame under consideration is near
the respiratory phase of the reference, thus at the end of inspiration. When the statistical
dependence of two images is less, the MI (and CC) value is smaller. Therefore, the MI
(and CC) values decrease for image frames that are farther away from the reference frame
and reach a minimum at the end of expiration.
C. Breath holding

In this study, we also analyzed the respiratory signal during breath holding. Two
volunteers were asked to breathe freely and then to hold their breath at the end of
inspiration. The length of breath holding depended on their comfortableness and was
typically between 10 and 20 seconds. The same techniques used for analyzing the free
breathing motion were applied here.
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RESULTS AND DISCUSSIONS

We observed 2 volunteers during free breathing. Fig. 3 shows the diaphragm profile at
the various breathing phases for a typical cycle. The observed period of the free breathing
cycle was approximately 3-4 seconds, which corresponds to 15-20 frames in the video
file. For a particular breathing cycle the segmented video frames are designated 1, 4, 8,
13, and 18, correspond to the quarter phases of the respiratory cycle. The diaphragm in
frame 1 is at its inferior most position corresponding to the end of inspiration. It is also
used as the reference frame. Since frame 1 is at the end of inspiration, expiration begins
immediately after. Due to the upward diaphragm contraction during expiration, the
diaphragm profile in the ultrasound video moves upward and passes through frame 4
until it reaches the end of expiration as shown in frame 8. This is the farthest position that
diaphragm can move away from the reference frame 1. After expiration ends and
inspiration begins, the diaphragm moves downward due to its contraction. After passing
through the median position at frame 13, it returns to the original respiratory phase
position. This is one complete breathing cycle and it repeats again and again. The only
difference between this cycle and the others is that the diaphragm position in the other
cycles may not come back to the exact the same positions at the various phases. This does
not prevent accurate detection of the respiratory signal using our method as discussed
below.
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(a) frame 1

(b) frame 4

(d) frame 13

(c) frame 8

(e) frame 18

FIG. 3. Segmented diaphragm frames for one respiratory period.
The computed CC for this respiratory cycle is shown in Fig. 4. The CC reaches a
maximum at frame 1 because it is also the reference frame. As expiration starts, the
diaphragm moves upward and further away from the reference position, thus CC gets
smaller and smaller until it obtains the minimum value at frame 8 which is the end of
expiration. Upon initiation of inspiration, the diaphragm moves downward and the CC
increases until it reaches the maximum at the end of inspiration which corresponds to
frame 18. The respiratory signal obtained from this method is clearly evident in Fig. 4.
There are about 20 frames for this respiratory cycle, thus 20 CC values are calculated and
the temporal resolution is 0.2 second.
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FIG. 4. Respiratory signal from MI method and corresponding frames. Frames 1 and 18
are at the end of inspiration. Frame 8 is at the end of expiration.

A typical result for several breathing periods obtained with the MI and CC methods is
shown in Fig. 5. The periodic signal can be easily seen from the plot. Since we are only
interested in a one-dimensional signal, the coefficients are normalized so that the largest
value for any frame is unity. The phases of the MI and CC plots are the same, while the
magnitudes at peaks and valleys are slightly different. The CC curve is smoother during
the end of exhale, indicating that the MI may be more sensitive to the noise. In terms of
the computation efficiency, MI requires a 2D histogram and a logarithmic calculation.
Hence it is much less efficient than the CC calculation. Clearly, if speed is the main
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concern, then the CC method should be used. However, since the processed image is
only a part of the full image, the MI method may be used to verify the CC method as
described here.

FIG. 5. Respiratory signal comparison for MI and CC methods from volunteer A. The MI
signal is more sensitive to noise during the end of exhale and has a smaller magnitude.

The diaphragm position at the end of the first inspiration cycle, which is the reference
frame in our case, may not represent the lowest diaphragm position during the whole
monitoring course. For those breathing cycles where the diaphragm moves lower than the
reference position, MI and CC will not reach a maximum precisely at the end of
inspiration, but may exhibit local maxima near this point in the respiratory cycle. This is
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evident in Fig. 5 as fluctuations at sodme of the peaks in the MI and the CC curve. For
those cycles that the diaphragm does not reach the reference position, the peak MI and
CC values are lower. Clearly the MI and CC curves do not decrease monotonically at all
the frames, particularly near the ends of inspiration and expiration. This is because of the
complexity of lung and diaphragm motion. Another respiratory signal from volunteer B
with free breathing is shown in Fig. 6. The result is noisy especially during the end of
inhale comparing to volunteer A. This phenomenon may be caused by transducer angle
variations, volunteer breathing pattern and uncertainties at the end of inhale. Similarly, it
shows that MI is more sensitive to noisy comparing to CC. However, the phases of the
respiratory signals from both methods match well.

FIG. 6. Respiratory signal from volunteer B. The reference frame is chosen at the end of
exhale.
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The method is not sensitive to the selection of a particular reference frame, but it is
sensitive to the breathing phase that the reference frame is selected from. The reference
frame must be taken at the end of inspiration or expiration. If not, then the MI (and CC)
curves will exhibit two distinct peaks (and troughs) per respiratory cycle. Furthermore,
neither the magnitudes nor durations will be symmetric. This is also shown in Fig. 7
using the US from the same volunteer as in Fig 5. The curves were computed using the
reference frame taken between the end of inspiration and expiration. For the curve in Fig.
5, the MI (and CC) reaches a maximum at the end of inspiration for each breathing cycle.
In Fig 7, CC reaches maximum between the end of inspiration and expiration and this
occurs twice per breathing cycle. Thus, the period is only half of the true breathing period.
Furthermore, one cannot determine if a given maximum or minimum corresponds to the
end of inspiration or expiration. Thus, we recommend using a frame from either the end
of expiration or inspiration as the reference.
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FIG. 7. Respiratory signals choosing different reference frames for volunteer A.

A respiratory signal is obtained using either the phase or magnitude. A commonly used
method for triggering the beam selects a threshold at a particular value of the magnitude
of respiratory signal. Although a different value for the threshold may be selected for MI
or CC, it is possible to find a suitable value using either method. Thus, the differences in
magnitudes between them can be ignored for this application.

The volunteers were asked to hold their breath at the end of inhale or exhale for 10 to 20
seconds. The respiratory signal from volunteer A is shown in Fig. 8. Again, the phases
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match well for both methods whereas the magnitudes are different. The average signal
magnitudes in the peaks are slightly different, indicating different amounts of residual air
in the lung at the end of inspiration for different cycles. This is mainly because we
required the volunteers to do free breathing without any aide from respiratory coaching
equipment. The ripples in the peaks show that the lung may not be perfectly still during
breathing hold and residual motion of the lung exists.

FIG. 8. Respiratory signals during breath holding.

In this study, we developed a respiratory gating system based on analyzing ultrasonic
diaphragm motion of healthy volunteers. A previous study using fluoroscopy to evaluate
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the diaphragm motion concluded that in most cases, the respiratory signal from
fluoroscopic diaphragm motion matches that from external markers, such as the RPM
system (Mageras et al 2001). This conclusion depends on the assumption that the
abdominal contents are incompressible (Troyer 1997). But human breathing is a very
complex process, and it may also be influenced by the rib cage, cardiac motion, and
fitness.

For healthy men and women in the supine position with quiet breathing,

abdominal breathing is predominant so that differences between the motion of external
markers and the diaphragm should be small (Verschakelen and Demedts 1995). In
patients having impaired lung function, a 0.7 second respiratory signal phase difference
between diaphragm motion and external markers was found with fluoroscopy (Mageras
et al 2001). A comparison of the respiratory signal from external markers with that of the
ultrasonic diaphragm on patients with compromised lung function is necessary in the
future to determine if similar phase differences occur in this situation.

The ultimate goal is real time tracking of the tumor in three dimensions. Most research
has focused on real time tracking of a one-dimensional respiratory signal and using this
signal as a surrogate for the three-dimensional tumor motion. Obviously, the lung does
not expand and shrink evenly in 3D. It is possible to use a fluoroscopic method, to obtain
a two-dimensional projection of the respiratory signal. Using two view angles for
fluoroscopy, the determination of diaphragm motion in three-dimensions is possible. An
extension of our method is to use a 3D power Doppler sonograph. Then, a threedimensional respiratory signal could be obtained. In this case, it would be possible to
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select the only a portion of diaphragm which is nearest to the tumor, instead of the whole
diaphragm dome for analysis. This respiratory signal could be highly correlated to the
tumor motion. Since ultrasonic imaging requires the acoustic wave to reflect back to the
source, this type of hardware phase delay between the real tumor motion and respiratory
signal needs to be investigated.

CONCLUSIONS

A novel respiratory gating system is proposed for lung cancer therapy based on
ultrasound imaging. The method is noninvasive, nonionizing, and specific, thus has the
potential to be a useful respiratory gating system.
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Respiratory gating and tumor tracking for dynamic multi-leaf collimator delivery require
accurate and real-time localization of the lung tumor position during treatment. Deriving
tumor position from external surrogates such as abdominal surface motion may have
large uncertainties due to the intra- and inter-fraction variations of the correlation
between the external surrogates and internal tumor motion. Implanted fiducial markers
can be used to track tumors fluoroscopically in real time with sufficient accuracy.
However, it may not be a practical procedure due to the risk of pneumothorax when
implanting markers inside the lung. Previously, efforts have been made to directly track
the lung tumor mass in fluoroscopic images without implanted fiducial markers and then
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to generate gating signals using template matching (Berbeco et al, Phys. Med. Biol.
50(19): 4481-90, 2005, and Cui et al, Phys Med Biol 52(3): 741-55, 2007). In this work,
we present a tracking method based on an optical flow algorithm. The algorithm
generates the centroid position of the tumor mass or relevant anatomic features projected
in the image frame and ignores shape changes of the tumor mass shadow. The tracking
starts with a segmented tumor projection in an initial image frame. Then the optical flow
between this and all incoming frames acquired during treatment delivery are computed as
initial estimations of tumor centroid displacements. The tumor contour in the initial frame
is transferred to the incoming frames based on the average of the motion vectors and its
positions in the incoming frames are determined by fine-tuning the contour positions
using a template matching algorithm with a small search range. The tracking results were
validated by comparing with clinician determined contours on each frame. The position
difference in 95% of the frames was found to be less than 1.4 pixels (~0.7 mm) in the
best case and 2.7 pixels (~1.4 mm) in the worst case for the 5 patients studied.
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INTRODUCTION

Respiratory motion in the thorax and abdomen makes precise radiation delivery difficult.
Tumor motion of 1-3 cm during quiet breathing in the lung, liver and kidney has been
reported (Ohara et al 1989, Ross et al 1990, Davies et al 1994, Ekberg et al 1998, Hanley
et al 1999, Shimizu et al 1999, Aruga et al 2000, Shimizu et al 2000b, Shirato et al 2004).
Conventionally, a large margin is added to account for tumor motion, creating large
planning target volumes (PTV), and increasing the volume of normal tissue irradiated.

Respiratory gating has the potential to improve treatment outcome by irradiating only
during a portion of the respiratory cycle, thereby permitting reduction of the safety
margin (Ohara et al 1989, Kubo and Hill 1996, Wong et al 1999, Minohara et al 2000,
Schweikard et al 2000, Shirato et al 2000, Keall et al 2001, Mageras et al 2001, Vedam
et al 2001, Vedam et al 2003, Zhang et al 2003, Berbeco et al 2004, Mageras and Yorke
2004, Jiang 2006, Xu and Hamilton 2006). Another research effort has been made to
shape the radiation beam to synchronously follow the tumor motion using a dynamic
multi-leaf collimator (DMLC) (Loi et al 1998, Ma et al 1998, Keall et al 2001, Liu et al
2001, Agazaryana and Solberg 2003, Neicu et al 2003, Webb et al 2003, Jiang et al 2004,
Kamath et al 2004, Suh et al 2004, D'Souza et al 2005, Papiez and Rangaraj 2005, Papiez
et al 2005, Rangaraj and Papiez 2005, Vedam et al 2005, Webb 2005, Neicu et al 2006,
Webb 2006). Implementation of this method also requires accurate real-time localization
of the tumor position during the treatment.
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Kubo and Hill (1996) proposed a method to estimate the tumor position through
monitoring an external surface marker. This method assumes that the correlation between
motion of the external surface marker and the internal tumor is stable throughout the
treatment, which may not be true. Mageras et al (2001) observed a 0.7 second respiratory
phase delay between diaphragm motion and external markers for patients having
impaired lung function. Vedam et al (2003) found that the abdominal surface or
diaphragm motion may or may not fully correlate to the lung tumor motion, and Ahn et al
(2004) reported that the correlation may depend on the location and the direction of the
lung tumor movement. Thus, deriving the internal tumor motion from external markers
for respiratory gating may not be reliable. Shirato et al (2000) developed a method to
fluoroscopically monitor internal implanted markers that are inserted near the lung tumor.
This provides accurate tumor location during treatment delivery. However it requires an
invasive procedure to implant the markers which could cause pneumothorax.

Previously, Berbeco et al (2005) derived a respiratory signal from the averaged intensity
variation of a rectangular Region of Interest (ROI) containing the lung tumor in
fluoroscopic video. Motion enhancement was applied to all the video frames and a
template was generated by averaging all the ROIs of the frames at the end of exhale
(EOE). The correlation coefficient (CC) of the same ROI of an incoming frame and the
template was calculated to determine if the beam should be enabled or not. Cui et al
(2007) further developed two methods to generate templates as the references and
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compared to the template chosen by Berbeco et al (2005). The respiratory signals
generated by all three methods were evaluated against the reference gating signal as
manually determined by a radiation oncologist. The clustering method demonstrated the
best performance in terms of accuracy and computational efficiency. These reports focus
more on determining the phase of a moving tumor and generating the respiratory gating
signal for beam on or off, instead of tracking the physical position of the lung tumor.

In this paper, we present an algorithm that can track the geometric location of a lung
tumor or relevant anatomic features in fluoroscopic video. The algorithm combines
optical flow and template matching to track a tumor (or a feature) frame by frame and
affords the determination of its position in each frame. We demonstrate the accuracy of
this algorithm by comparing its results with those manually determined by a clinician.

MATERIALS AND METHODS
A. Optical flow analysis

Optical flow is a two-dimensional velocity vector field that quantifies the apparent
motion of independent objects moving in sequential video frames (Horn and Schunck
1981). A particular frame, the reference frame, is selected and a clearly identifiable object
of interest, which in our case is the tumor or a feature near the tumor in the lung, is
delineated. The optical flow is computed from changes in the pixel values (intensity)
between the frames. Calculating the optical flow between the reference and any other

80

frame provides the “optical velocity” of the object so that its position in the new frame
can be derived.

We assume that the intensity of the object in the image does not change between frames,
so that
I ( x, y, t ) = I ( x + dx, y + dy, t + dt ) ,

(1)

where I ( x, y, t ) is the intensity of the object at pixel (x,y) at time t and
I ( x + dx, y + dy, t + dt ) is the intensity of the same object now at pixel (x+dx, y+dy) in

the new frame at time t+dt. Thus, it can be expanded as a Taylor series when dx, dy and
dt are small:
I ( x + dx, y + dy, t + dt ) = I ( x, y, t ) + I x dx + I y dy + I t dt + O(

2

) ,

where Ix, Iy , It denote the partial derivatives of I with respect to x, y and t， O(

(2)

2

) are

the high order terms of the Taylor series . By ignoring the high order terms in Eq. (2),
and combining Eqs. (1) and (2), we obtain:
Ix

dx
dy
+ Iy
+ I t = I xu + I y v + I t = 0 ,
dt
dt

(3)

where u and v are the velocities in the x and y directions, respectively. Eq. (3) is known
as the gradient constraint equation with two unknown variables, u(x,y,t) and v(x,y,t). For a
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rigid object, u and v are spatially constant for all pixels within the object, but may vary
with time.

A variety of algorithms have been developed to derive the motion velocities, u and v
(Horn and Schunck 1981, Lucas and Kanade 1981, Lucas 1984, Anandan 1987, Nagel
1987, Heeger 1988, Uras et al 1988, Waxman et al 1988, Anandan 1989, Fleet and
Jepson 1990, Singh 1990, Singh 1992, Black and Anandan 1993). A complete review and
comparisons of these algorithms are available in the literature (Barron et al 1994, Galvin
et al 1998). Overall, the algorithm developed by Lucas and Kanade was claimed by both

groups to have the best performance, and was therefore chosen for our rigid motion
tracking process. The algorithm divides the tracked image into small blocks and the
motion vectors for these blocks are calculated individually. For a small block containing
only two pixels, we assume that the motion vectors for these two pixels are the same.
Thus Eq. 4 is obtained according to Eq. 3:

I x ( x1 , y1 , t ) I y ( x1 , y1 , t )

u

I x ( x2 , y 2 , t ) I y ( x2 , y 2 , t ) v

+

I t ( x1 , y1 , t )
I t ( x2 , y2 , t )

=

0
0

,

(4)

where u ( x1 , y1 , t ) = u ( x 2 , y 2 , t ) = u, and similarly for v. The motion vectors, u and v, can

be found by solving Eq. 4.

In general, because of noise in the fluoroscopic imaging system, these equations will not
be strictly satisfied. Normally, a larger block R is considered for motion vector
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calculation and a 5×5 pixel block is selected in our application. From Eq. (3), now we
have

25

equations

u ( x1 , y1 , t ), u ( x 2 , y 2 , t ),...u ( x 25 , y 25 , t )

involving

and

v( x1 , y1 , t ), v( x 2 , y 2 , t ),...v( x 25 , y 25 , t ) . If we denote the central pixel by ( xc , y c ) and set all
velocities equal to u ( xc , y c , t ) and v( xc , y c , t ) , then we obtain a set of 25 equations
similar to those in Eq. (4). Clearly, these are a set of over-determined linear equations and
are not satisfied for any particular values of u ( xc , y c , t ) and v( xc , y c , t ) . The assumption
that motion vectors for the pixels in R vary smoothly is made and verified by visually
checking the tumor movement in the fluoroscopic video. Thus, a least-square technique is
applied to minimize the squared error and obtain the optical flow for this block. A
Gaussian filter, g ( x, y ) , is applied that is peaked at the central pixel and so gives more
weight to pixels nearer to the center to reduce the temporal aliasing caused by the video
camera system. The squared error can be expressed as an error function:
E (u c , vc ) =

g ( xc , y c )

[ I x ( x, y, t )u + I y ( x, y, t )v + I t ( x, y, t )]2 ,

(5)

R

where

is the 2D convolution operator. After differentiating the error function with

respect to (u,v) and setting it to zero, we obtain the optical flow

U = M 1b ,

u
where U =
, M =
v

(6)

g

I x2

R

g
R

g

(I x I y )

R

(I x I y )

g
R

I y2

, and b =

g

(I x It )

g

(I y It )

R

R

.
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Fig. 1 is the vector interpretation of optical flow between two frames for a small region in
the fluoroscopic video. The arrows indicate the pixel motion direction between two
frames and the arrow lengths correspond to the pixel “velocities”. The boundaries of the
objects from these frames are overlaid, indicating the motions tracked by the algorithm.
B. Tumor motion tracking

The flowchart of the tumor tracking algorithm is shown in Fig. 2. The tumor contour in
the initial reference frame is either manually drawn by a clinician or automatically
transferred from a digitally reconstructed radiograph (DRR) (Tang et al 2006).
Approximately twenty pixels evenly distributed around the tumor contour are chosen and
the boundary is determined by a cubic-spline interpolation of their geometric positions.
The contour in the initial image frame for patient A is shown in Fig. 3. Once the tumor
contour is determined, the pixels within the contour are labeled to identify the object to
be tracked.

Suppose now we are trying to track the tumor position in frame n. To expedite the search
process, a small rectangular area that fully includes the tumor and its range of motion is
defined as the ROI. The optical flow for all pixels in the ROI of frame n is calculated
with respect to the same ROI in the reference frame. The maximum tumor movements
typically ranged from 20~35 pixels in the fluoroscopic videos for the patients studied.
However, the optical flow calculation algorithm we selected, the Lucas and Kanade
algorithm, achieves high accuracy only for objects with small displacements (1~2
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pixels/frame) and fails for larger displacements (Lucas and Kanade 1981). Obviously,
most tumor shifts in the fluoroscopic video are much larger than 1~2 pixel. Thus, a
mutiresolution scheme was selected for the optical flow calculation (Anandan 1989,
Odobez and Bouthemy 1995). First, the ROI in the reference and frame n are
downsampled by 16 pixels to cover the maximum tumor movement. This is
accomplished by averaging a 16×16 pixel block in the original image to generate one
pixel in the new image. For the patient in Fig. 3, the size of the ROI is 160×160 pixels in
the original image and the downsampled ROI is therefore 10×10 pixels. The optical flow
between these two downsampled images is then calculated.

The shifts in x and y obtained in the downsampled image are rough estimates of optical
flow since the resolution of the downsampled ROI corresoponds to 16×16 pixels in the
original frame. Next, the ROI in the original reference frame and frame n are
downsampled by 8 pixels and the optical flow is calculated at this resolution. For each
pixel of the ROI in the 8×8 pixel resolution image, the ROI is shifted by (2uT, 2vT) pixels
in (x, y) before calculating the optical flow, where (u, v) is the optical flow calculated
from the previous level for this pixel. Multiplication by a factor of 2 is due to the
resolution difference between the two levels and this 4 pixel block shifts the same amount
in this image. Since the shifts from the lower resolution level have sub-pixel precision, a
bi-linear interpolation sheme is applied to obtain the shifted ROI. After calculating the
new optical flow, the rough pixel shifts for the original resolution image are estimated by
multiplying the vector field by 8. The multiresolution process is stopped here without
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going through all levels including resolutions of 4×4, 2×2 and 1×1 pixels. One reason is
to expedite the search process and the other reasons will be discussed later.

As we observed, the intensities of the pixels inside the labeled tumor area are not exactly
the same for different frames. Therefore, the assumption that the intensities of pixels
within the area change smoothly between frames must be made. Thus, small differential
motions will exist within the tumor even if it were to move entirely as a rigid body. Since
the motion vectors vary in both magnitude and direction for pixels in the tumor, to
improve the robustness of tracking, in this work we assume rigid tumor motion and thus
obtain the tumor displacement by averaging over the pixels inside the tumor. This
approach reduces the effect of uncertainties caused by the random noise during the
tracking process. Once the averaged global motion vectors are calculated, we obtain the
tumor position shift between two frames and estimate the tumor position based on its
reference position according to Eq. (7) and Eq. (8):
X n = X ref + u N
Yn = Yref + v N

,

(7 )
(8)

where X n and Yn are the estimated centroid coordinates of the tumor in frame n, X ref
and Yref are the centroid coordinates of the tumor in the reference frame, u N and v N
are the average pixel displacements in the x and y directions between the reference frame
and frame N.
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There are uncertainties in the calculation of the global motion vectors due to noise and
underestimation of optical flow in the uniform area. Uncertainties can also be caused by
ignoring higher order terms in Eq. (2) when calculating optical flow. The object position
estimated with optical flow can be fine-tuned by using a template matching process. With
template matching, an exhaustive search within a small region around the tumor position
is performed. The CC between the pixel values of the object in the reference frame and
the pixel values of the object in the new frame (n) is computed. The object position is
moved in the new frame over the entire search range. The final position is determined by
the location where the CC reaches a maximum value. A search range of ±5 pixels was
used to fine tune the tumor position (Duda and Hart 1973). This procedure was repeated
for all frames.

C. Validation

To validate the tracking results, the contour of the object from the reference frame was
first superimposed on all of the other video frames. A radiation oncologist then manually
moved the contour in each frame to the correct position in his judgment. The centroid of
the contour as placed by the clinician was then compared to that computed by the
tracking algorithm.
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D. Respiratory signal

The CC between the object pixels in the reference frame and those in the tracked frame
were computed to investigate if this would provide a respiratory signal. The values of the
CC were compared with the cranial-caudal shift of the object as a function of frame
(time).

RESULTS AND DISCUSSIONS

Fluoroscopic videos from five patients were analyzed. Three of these fluoroscopic videos
were from the Anterior-Posterior (AP) perspective and two from the Lateral (LAT). The
outlines of tracked objects (tumors or nearby anatomical features) were superimposed on
the fluoroscopic videos. The centroid position of the tracked object was calculated. For
the AP videos, this yields the displacements in the lateral (x) and cranial-caudal (y)
directions with respect to the reference position and for the LAT videos the
displacements in the anterior-posterior (x) and cranial-caudal (y) directions. Some of the
contoured objects are the features near the tumor sites. Tracking of these features may
still be useful since tumors may not be visible in fluoroscopic images for some patients,
yet their motion may be inferred by the nearby structures that they are in contact with.
Over all the patients, the maximum displacements in the cranial-caudal direction vary
from 17 pixels to 36 pixels, whereas in the lateral or anterior-posterior directions they are
much smaller and most of them are less than 10 pixels. The pixel size corresponds to
approximately 0.5 mm at the isocenter. The object displacements for Patient A are shown
in Fig.4. The predominant object motion was in the cranial-caudal direction and motion
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in the anterior-posterior or lateral direction was much noisier due to the high frequency
cardiac motion depending on fluoroscopic projection for all patients.

For all patients, the contours followed the general motion of the objects without drifting
away for the approximately 20-40 seconds (200-400 frames) and 10 respiratory cycles of
a typical video. Objects that did not significantly deform were well tracked, consistent
with our assumption of a rigid object. The boundaries of objects that deform were not
well described by the tracked outlines. However, the predominant motions of the objects
were well tracked.

The centroid positions in the cranial-caudal direction calculated by the tracking algorithm
and those determined by the clinician are overlaid in Fig. 5 for all five patients. The
difference between centroid positions in 95% of the frames was found to be less than 1.4
pixels for the best case and 2.7 pixels for the worst case of the five patients studied,
depending on the object sites and shapes.

Berbeco et al (2005) observed that the mean intensity of a region containing moving
objects in fluoroscopic video varies during breathing. They also computed the CC
between the reference template and the ROIs of all other frames to generate a gating
signal. We used this signal to improve the confidence of the object tracking results. For
Patient B, the plots of CC and displacements in the cranial-caudal are shown in Fig. 6,
where the reference frame was chosen to be a few frames after the end of expiration.
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When inspiration starts, the object expands and the image intensity increases (becomes
less dark). The CC between the object in the reference and other frames also decreases
when the displacement increases.

Tracking algorithm errors arise from several factors, including optical flow calculation,
irregular patient breathing, cardiac motion and fluoroscopic video noise. The error caused
by the optical flow calculation is partially compensated by the final template matching
with a small search range. The Lucas and Kanade algorithm has the advantage of
comparative robustness to noise and was used here since noise is quite common for
fluoroscopic imaging. It also has a relatively low computation requirement. As mentioned
in section 2.2, the Lucas and Kanade algorithm only considers the first order derivatives
of image intensity and ignores higher order terms in the Taylor series expansion (Eq. 2).
This method is suitable for an object with small displacement and has larger uncertainties
when the displacement is large. This weakness was addressed by calculating optical flow
using a multiresolution scheme.

For regular breathing, the tracking algorithm generates smooth object displacements.
However, if irregular breathing is induced, the generated displacements have more
uncertainty, especially near the end of inhale or exhale. Tumor or object motion may also
be influenced by cardiac motion, the rib cage, lung function, and patient thickness. In our
case, cardiac motion caused uncertainties in lateral or anterior-posterior displacements for
objects located near the heart.
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Our algorithm is efficient compared to exhaustive template searching. An object that has
a range of N+1 pixels requires a minimum search range of ±N/2 pixels if the reference
image is in the center of the motion. Thus, a minimum of (N+1)2 template positions must
be compared for each frame. For the set of patients examined in this study, a range of 36
pixels was found, and tracking with this method would therefore require 1369 different
template positions. For our method, only 121 matched templates are needed after the
optical flow calculation. Of course, the search range may be reduced significantly in the
exhaustive template searching method if the reference template is updated frame by
frame. However, in this scenario, the search error is cumulative so that the tracked object
may drift away from the search range and fail to be tracked.

Reference frame selection does not affect the tracking results if the object shape remains
the same for all frames. When using the rigid tracking algorithm on objects that deform,
the reference frame should be a frame that is most representative of the object shape over
the breathing cycle. We observed large elastic object deformation in only one of the five
patients in our study, Patient A. The centroid was tracked well, but the boundary was not.
Our future efforts will focus on the tracking of deformable tumor contours.

CONCLUSIONS

For accurate dose delivery to a moving lung tumor, it is critical to track its internal
motion in a non-invasive way. The tumor tracking method described here using
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fluoroscopic video could provide such tracking of the tumor centroid. This method is
suitable for gated delivery techniques where the beam is turned on and off based on the
tumor location while maintaining the same radiation fluence. For tumors without
significant shape changes in fluoroscopic images, this method can also be used for
DMLC based beam tracking.
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Fig. 1. Vector interpretation of optical flow between two frames. The position of the
object in the new frame (lower left) is obtained by displacing the original object position
(upper right) by the average optical velocity within it.
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Select reference frame

Contour tumor

n=n+1
Select incoming frame n

Compute optical flow between frame n and reference frame

Calculate average motion vector of reference tumor

Move reference tumor in frame n

Template match to adjust final tumor position

Fig. 2. Flowchart of the motion tracking algorithm.
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Fig. 3. Tumor contour in the initial reference frame for patient A.
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Fig. 4. Cranial-caudal (y) and lateral (x) displacements for Patient A. Vertical scale is
pixel.
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(a)
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(c)
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(e)
Fig. 5. Displacement validation of the tracked objects in y direction (positions in pixels).
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Fig. 6. Comparison between displacement and CC (shift in pixels).
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APPENDIX C: A DEFORMABLE LUNG TUMOR TRACKING METHOD IN
FLUOROSCOPIC VIDEO USING ACTIVE SHAPE MODEL
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A deformable lung tumor tracking method in fluoroscopic
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Most current gated or dynamic multi-leaf collimator (DMLC) based radiotherapy derives
lung tumor location during treatment from external or internal surrogates. However, the
displacement or breathing phase provided by the surrogates may not fully correlate to that
of the lung tumor. A hysteresis effect that causes tumor path differences (1-5 mm)
between inhalation and exhalation was observed for 10 of 20 patients when 3D
trajectories of seeds inserted in or near lung tumors were measured under a dual
fluoroscopic system (Seppenwoolde et al, Int. J. Radiat. Oncol., Biol., Phys. 53: 822-34).
We observed severe elastic deformations for projected tumors in the lower lobe near the
diaphragm. If high accuracy and a nearly 100% duty cycle are desired for dose delivery, a
real-time tracking method is necessary to shape the radiation beam according the lung
tumor motion. Precise motion tracking is the most important and challenging step to
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ensure the success of this method. In one approach, seeds implanted in or near lung tumor
are tracked fluoroscopically. However, it is invasive and a limited number of seeds may
not be able to fully describe the tumor shape. Previously, we tracked a fixed tumor
contour fluoroscopically by ignoring shape variations of the projected tumor and 2D
centroid positions of the tumor mass were obtained (Xu et al, Med. Phys. 33: 2025). The
focus of this paper is further tracking both deformed contours and physical displacements
of tumors in fluoroscopic video based on the Active Shape Models (ASM) (Cootes et al,
Comput. Vis. Image Und. 61: 38-59). The tracked contours are manually revised and
validated by an expert. The validation shows that this method affords precise tracking of
lung tumors, and may be applied in radiotherapy practice using real-time tracking or the
DMLC technique.
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INTRODUCTION

Intra- and inter-fractional lung tumor motion can occur during radiotherapy due to patient
breathing. It has been reported that the range of tumor motion varies from 1-3 cm in the
lung, liver and kidney (Ohara et al 1989, Ross et al 1990, Davies et al 1994, Ekberg et al
1998, Hanley et al 1999, Shimizu et al 1999, Aruga et al 2000, Shimizu et al 2000b,
Shirato et al 2004). Conventionally, a large margin is added to the planning target volume
(PTV) resulting in an increased volume of healthy tissue to be irradiated.

Most current gated radiotherapy derives lung tumor motion from external or internal
surrogates and delivers dose to lung tumor when its location or phase is known, allowing
for a reduction of healthy tissue irradiated. (Ohara et al 1989, Kubo and Hill 1996, Wong
et al 1999, Minohara et al 2000, Schweikard et al 2000, Shirato et al 2000, Keall et al
2001, Mageras et al 2001, Vedam et al 2001, Vedam et al 2003, Zhang et al 2003,
Berbeco et al 2004, Mageras and Yorke 2004, Jiang 2006, Xu and Hamilton 2006).
Another method has been proposed that uses DMLC to shape the radiation beam
following tumor motion during treatment (Loi et al 1998, Ma et al 1998, Keall et al 2001,
Liu et al 2001, Agazaryana and Solberg 2003, Neicu et al 2003, Webb et al 2003, Jiang
et al 2004, Kamath et al 2004, Suh et al 2004, D'Souza et al 2005, Papiez and Rangaraj
2005, Papiez et al 2005, Rangaraj and Papiez 2005, Vedam et al 2005, Webb 2005,
Neicu et al 2006, Webb 2006). Both methods need to derive tumor location or phase
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precisely from the external or internal surrogates during treatment. Both methods assume
that motion of the tumor and the surrogates should always be fully correlated. However
this may not be true due to the complexity of human breathing (Mageras et al 2001,
Vedam et al 2003, Ahn et al 2004).

Seppenwoolde et al (2002) measured 3D trajectories of implanted seeds at different lung
tumor sites using a dual real-time fluoroscopic system for 20 patients. 1 to 5 mm tumor
path differences between the inhalation and exhalation were found for half of the patients
due to the hysteresis effect, which is caused by breathing phase differences between
different directions. For one patient, different 3D tumor motion paths were observed for
different fractions. These observations indicate that lung tumor motion may not be
perfectly reproducible during intra- and inter-fraction treatment. For tumors located near
the heart or attached to the aortic arch, they also reported 1 to 4 mm tumor motion in the
lateral direction caused by heartbeat. This motion, however, is even harder to be
correlated or quantified by a surrogate due to the frequency difference between the
heartbeat and breathing. It is reported that there is no significant correlation linked
between the tumor motion and tumor anatomy location, size or pulmonary function
(Seppenwoolde et al 2002, Koste et al 2003). However, both groups observed that tumors
in the supradiaphragmatic region exhibit more mobility, especially in the craniocaudal
direction. For the patients we studied, severe nonrigid deformation occurs for tumors in
this region due to the significant tumor mobility and elasticity of lung tissue. In such a
case, the surrogates, which may provide tumor location, cannot account for the tumor
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contour variation. Thus, a real-time tracking method is prefered to derive the lung tumor
location and shape variations. The report of AAPM task group 76 also addressed this
issue and four steps were suggested for this method: (1) detect the tumor position in realtime; (2) predict the tumor motion to allow beam repositioning; (3) reposition beam; (4)
change the dosimetry to allow for the organ volume change (Keall et al 2006 ). The first
step is the most important and challenging task to ensure the success of precise dose
delivery. One effort has been made to track the seeds implanted in or near lung tumors
fluoroscopically and trigger the beam according to the seed locations during treatment
(Shirato et al 2000). However, this method is invasive to patients and may cause
pneumothorax due to the seed implantation. Also, a limited number of implanted seeds
may not be able to fully describe the tumor shape variation.

Previously, we proposed a method to track the tumor contour defined in a reference
frame by ignoring the tumor shape variation (Xu et al 2006). For an incoming frame, the
tumor position was first estimated using the average motion vector from the optical flow
between the reference and incoming frames and further fine-tuned by a template
matching algorithm with a small search range. The centroid of the tumor was well
tracked and validation showed that this method may be used for radiotherapy based on
gating method, or DMLC technique if the tumor shape does not change significantly in
fluoroscopic video frame.
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Here we propose a method that can accurately track the location and shape variation of
deformed lung tumors or nearby anatomy features in the fluoroscopic videos based on
ASM. It does not require seeds implantation and is noninvasive to patients. The tracked
contours are reviewed by a human expert for all the video frames and the errors are
quantified.

MATERIALS AND METHODS

A. Tracking protocol

A fluoroscopic video is acquired during simulation. The flow chart of the tracking
protocol is shown in Fig. 1. The first breathing period of the fluoroscopic video is chosen
as the training period (about 3.6 seconds and 36 frames). A total of 9 breathing phases are
defined and each phase contains 4 frames. For each breathing phase, the tumors are
manually contoured for 4 corresponding frames (Fig. 2). After these contours are aligned
through translation, rotation and scaling (Fig. 3), Point Distribution Models (PDM) are
built, which statistically describe typical tumor shape variations found in the training set
for each phase, as well as the average position of the landmarks (Cootes et al 1992).
When tracking starts, the breathing phase for an incoming frame is first determined by
the respiratory signal generated simultaneously from the intensity variation of a small
region containing part of the diaphragm (Berbeco et al 2005). Thus, the PDM tagged with
the same phase is selected to track the tumor contour for this frame. An initial estimate of
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the tumor contour is overlaid on the tracked image frame and a better location for each
landmark is found by searching nearby regions. Based on the shifts found for these
landmarks, the initial estimate is first deformed close to the typical contour variations
found in PDM and translated, rotated and scaled to match the shifts. The new generated
contour iteratively updates the previous estimate until no significant difference appears
for contours between two iterations or a user-defined number of iterations is reached.
Since the tumor contour can only be deformed within a range defined by its PDM, the
tracking algorithm is called the Active Shape Models (Cootes et al 1995).

B. Training period

The first step of ASM based deformable tracking algorithm is the training period, which
can be done off-line. The tumor contours are manually drawn on the 36 training image
frames (total 9 phases) and each shape or contour contains a fixed number of landmarks
(Fig. 2). Since the training period starts from the end of exhale, the first 4 frames are
tagged at phase 0. Each consecutive groups of 4 frames is assigned the next phase until
the last 4 frames are assigned to phase 8, which is at the end of exhale. The PDM
defining statistic searching range for each phase is built during this period. There are two
steps to build PDM: shape alignment and capturing statistics.

1. Shape alignment
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For each phase, there are 4 training image frames with the tumor contoured on each
frame. The shape or contour alignment for each phase is done independently and the
landmarks for one shape can be expressed as,
X i = ( xi 0 , y i 0 , xi1 , y i1 ,....xik , y ik ,...xin 1 , y in 1 ) T ,

(1)

where X i is a n × 1 vector representing n landmarks of the i th shape for each phase and
( xik , y ik ) is the coordinate of the k th landmark in the i th shape.

For the 4 training shapes having the same phase, one shape is chosen as the reference and
all the other shapes are aligned to the reference through translation, rotation and scaling.
The mathematic derivations are given in Appendix A (Cootes et al 1995). The alignment
is repeated for all 9 phases and the aligned shapes are shown in Fig. 3.

2. Capturing statistics of the aligned shapes

The mean of the aligned shapes for each phase is,
X=

1
4

4

Xi

(2)

i =1

where X i is the i th shape, X is the mean shape for this phase and there are total 4
shapes at one phase. During the training period, a respiratory signal can be generated
from the intensity variations of a small region containing the diaphragm for all the frames
(Berbeco et al 2005). The details of how the respiratory signal is generated will be
described in Section C. Thus, every shape has a tag (one dot) from the respiratory signal
and so does every mean shape, as shown in Fig. 4.
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Now we need to describe the shape variations for the contours at each phase. For
shape X i , the deviation of each landmark point from the mean shape is,
dX i = X i

X.

(3)

As we observed from Fig. 3, most landmark points of each phase are close to each other.
Thus, it is necessary to reduce the dimensionalities of the data to expedite the searching
process. This is done using Principal Component Analysis (PCA) (Appendix B). In PCA,
dX i is expressed as,
dX i = bi 0 p 0 + bi1 p1 + ... + bik p k + ...... + biu 1 p u 1 ,

(4)

where p k are the first u eigenvectors of the covariance matrix derived from dX
{ u << 2n }, 2n are the total number of eigenvectors, and bil are the scalars. By combing
Eq. 3 and 4, the shape X i can be rewritten as the sum of the mean shape and the first u
eigenvectors weighted by the scalar b ,
X i = X + Pb .

(5)

C. Phase identification

After the training period, 9 statistical shape models (PDMs) at different tumor phase are
built. For an incoming frame, we need to determine its phase first, so that the
corresponding model can be applied to track the tumor shape. The phase information of
the incoming frame is derived from the diaphragm motion in the fluoroscopic video,
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especially in cranial-caudal direction. One example is shown in Fig. 5 that includes
multiple frames (three frames apart) containing part of the diaphragm during inhalation.
From top left (the start of inhale) to bottom right (the end of inhale), the diaphragm
contracts downwards until it moves to the lowest position at the end of inhale. We choose
the frame at the start of inhale as the reference and use CC to describe how two images
are correlated in terms of pixel intensity variation. When inhalation starts the diaphragm
deviates from its reference position, and the CC between the ROI in the reference and the
incoming frame also decreases until it reaches a minimum value at the end of inhale. A
respiratory signal generated from CC variations for all the frames is shown in Fig. 6.

Since the tumor contour is tracked frame by frame, the phase of an incoming frame needs
to be determined before tracking starts. Thus, we cannot generate the respiratory signal
off-line and retrospectively determine phases for all the frames. For any incoming frame,
we can detect the peak (phase 0) or valley (phase 5) of the respiratory signal appearing
right before the incoming frame. After determining the temporal distance between the
incoming frame and the past peak or valley, its phase can be identified. Starting from the
end of exhale (the second peak in Fig. 6), every 4 incoming frames are accumulatively
tagged from phase 0 until a valley is detected. Once a valley is confirmed, every 4
incoming frames are accumulatively tagged from phase 5 until the next peak is detected.
This is similar to the phase identification in the training period (Fig. 4). The peaks and
valleys serve as references to determine the phase for all other frames. To determine the
peak or valley, the CC between the reference and any incoming frame is calculated, as
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well as the derivatives of CC near this frame. When the respiratory signal reaches a peak
or valley, the derivatives of CC for two adjacent frames always have reversed signs as
shown in the Fig. 7, so that the peak or valley can be determined. Some irregular
breathing patterns may occur near the end of inhale or exhale as shown in Fig. 6. If the
derivatives of CC change signs frequently within a limited number of frames, this
phenomenon can be detected and the same phase will be assigned to these frames.

D. ASM tracking

For the incoming frame, we now have its phase and corresponding PDM from the
training set. Starting from an initial estimate of the tumor landmark points, the ASM
algorithm searches the area near each landmark and finds a better location for each of
them. To better fit the new locations, the initial estimate is adjusted by the rotation,
scaling and translation of all the landmark points. Its shape is also deformed to fit the new
positions within the range determined by PDM. New landmark positions are generated
after revision, replacing the initial estimate. The process repeats until no significant
change occurs for the tracked contours between two consecutive iterations or a user
defined maximum number of iterations is reached. The flow chart of the ASM tracking
process is shown in Fig. 8.

1. Initial shape estimate
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The initial shape estimate can be expressed as the scaling, rotation and translation of a
mean shape X ,
X 0 = M (s0 ,
where M ( s 0 ,

0

0

[ ]

) X + t0

(6)

) contains the rotation ( 0 ) and scaling ( s 0 ) operations and

t 0 = (t x 0 , t y 0 ,..., t x 0 , t y 0 ) T is a 2n × 1 translation vector (see Appendix A). We start
with s 0 = 1 ,

0

= 0 , and t 0 = 0 , X 0 = X . The subscript 0 means the initial estimate or

iteration 0.

2. Find landmark shifts based on edge location

Fig. 9 shows the initial shape estimate X0 overlaid on an image frame. For landmark k of
X0 in Fig. 9, the movement dxk is determined by moving the landmark towards the
strongest edge in the direction normal to the contour of the initial estimated shape. Due to
noise in the fluoroscopic video, a more robust profile matching algorithm is applied to
determine the edge point and dxk as follows (Cootes et al 1994). For each landmark k in
the training period, the profile of its pixel values normal to the contour with a length of l
pixels is extracted for all 4 frames. Its derivative is calculated and averaged to get dPk ,
the mean derivative profile for landmark k. A similar derivative profile ( DPk ) is found
for the landmark k in the searched frame with a length of L pixels ( L > l ). The strongest
edge point is determined by moving dPk on DPk until the least-square error between
them is found. The movements for all the landmarks are combined to form a 2n × 1
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vector, dX1, and a new shape Xe1 = X0+dX1 is created. This new shape contains the low
level edge information near the initially estimated landmarks. Edge detection treats each
landmark independently, so that noise in the image may create unphysical contours. In
our method, the shape determined by these edge points provides the direction for contour
searching since most edge points are nearby the tumor contour.

The choice of the length L will affect searching performance and speed. To cover the
edge point within the search range, a larger length of L is preferred, which on the other
hand increases searching time and lowers searching performance. Furthermore, an edge
point from nearby anatomy features may be found and replace the truth edge point on the
tumor contour. This may lead to contour tracking failure. Thus, a multiresolution
approach was applied, which starts searching first on a downsampled, lower resolution
version of the frame to cover the search range for the original frame. Based on the
searching result from previous step, searching process is refined on a higher resolution
version of the frame with a small search range to expedite searching until it is recovered
to the original frame and a true movement is found.

3. Find shape parameter adjustment

The mean shape of the PDM, X0, is now translated, rotated, and scaled to best match the
shape determined by the edge detection estimate, Xe1, yielding t1 ,
Appendix A) and the shape X 1 = M ( s1 ,

1

1

and s1 (see

)[ X 0 ] + t1 . The subscript 1 indicates the first
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iteration. The shape X1 is rigidly related to X0. The detected edges are now used to deform
this shape. An exact match between Xe1 and X1 is found by performing an additional
displacement dX of the landmarks according to,
M ( s1 ,

1

)[ X 0 + dX ] + t1 = X e1 ,

(7)

where Xe1 = X0+dX1 and X0= X . dX is obtained by solving this equation,

(

dX = M ( s1 ,
1

1

){X

0

+ dX 1 t1 } X 0

(8)

If all displacements, dX, were permitted, then the deformed contour would exactly equal
to Xe1. This is not the desired result because Xe1 does not represent the true contour due to
image noise. Instead, the displacements dX are decomposed into a sum of the u
eigenvectors determined by the PCA for the training period (see Appendix B). Thus, X0 is
deformed accordingly to match X 0 + dX , where X 0 = X + Pb0 and P is the first u
eigenvectors in the PCA. db is added to satisfy,
X 0 + dX

X + P(b0 + db) , and

db = P 1 dX

(9)
(10)

The match is approximate since X0 is represented by the first u eigenvectors in the PCA.
Abu-Gharbieh et al (1998) used another method to solve Eq. (7) and the solution is the
same as Eq. (10).

4. Update shape parameters
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We improve the matching between the initial estimated shape and the true tumor contour
by using the shape adjustment found in the previous step. These parameters are updated
as,
t1

t 0 , s1

s0 ,

1

0

and b0 + db

b0 ,

Once these parameters are updated and applied on X0, a new contour is generated and will
replace X in Eq. (6). The searching process repeats until no significant difference
appears for contours between two consecutive iterations or a predefined maximum
number of iterations is reached.

RESULTS AND DISCUSSIONS

We applied the algorithm to three tumors. One tracked tumor we has severe elastic
deformation due to the rapid and larger cranial-caudal diaphragm motion (Fig. 2), another
is located at the upper lobe of lung, where motion with small displacement occurs in
cranial-caudal direction, as well as little deformation, and the third one does not move,
but periodically shrinks and expands during breathing (Fig. 10). The length of videos for
these objects varied from 30 to 50 seconds. Through visual inspection, the tracked
contours for these tumors or features match the deformations well. To validate the results,
a human expert manually revised all the contours by moving these landmarks using a
GUI tool according to his judgment. The revised contours were overlaid and compared to
the tracked contours frame by frame. The mean and standard deviation of shifts between
the tracked and revised landmarks for all three tumors are shown in Fig. 11. For 95% of
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the landmarks, the mean shifts are less than 1.5 mm and the standard deviations of all
shifts are less than 1.5 mm.

Errors in the tracking algorithm may arise from irregular patient breathing, cardiac
motion and fluoroscopic video noise. During the searching process, the contour is
deformed in a range that is defined by the training period. Normally, the training set does
not include frames having irregular breathing patterns. If the tumor shapes for irregular
breathing patterns are known a priori, they can be included in the training set. However,
it is hard to model since it appears at random. Cardiac motion may also cause errors due
to the frequency difference between human breathing and heartbeat. During the training
period, the tumor shape variation due heartbeat is included in the model. However, the
heartbeat at a particular time of the tracked frame may not be synchronous to the
heartbeat pace when the model was built. Since the range of heartbeat motion is small
and it is site dependant, this error is minor. The fluoroscopic video noise may also have
an effect on the tracking errors. The movement dX of all the landmarks is determined by
the strongest edge near the contour. The true edge location may deviate due to the salt
and pepper noise in the fluoroscopic video. It is compensated by applying a robust profile
matching method, instead of a simple edge detection algorithm.

The algorithm is not fully automated and needs user interventions before tracking. First,
an expert must draw the tumor contours for the frames during the training which is
tedious. The contouring should be as accurate as possible since the searching will be
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within a range based on the contours. An automatic contouring method would be useful
for future application. The number of shapes included in a model and the number of
models needs to be determined and depends on the complexity of the tracked object. If
the tumor or nearby features are severely deformed during breathing, a larger number of
models for one breathing period and smaller number of shapes for each model are
preferred to expedite the searching process and guarantee searching convergence,
provided that the phase of the tracked frame can be precisely determined from the
respiratory signal. However, under such a situation, the possibility that the tracked frame
is tagged with a wrong phase also increases since human breathing is not perfectly
periodic and does not always have the same breathing period. For example, suppose that
5 phases and 20 frames (4 frames for each phase) are defined between the peak and
valley in the training period. Then, for one particular breathing period, if only 16 frames
are detected between the peak and valley, phase 5 will be missed since we
accumulatively tag phases for every 4 frames from the reference (peak or valley). In most
cases, this error will not exceed one phase for the tagged frame and once a peak or valley
is detected, the phase tagging starts anew. Since the models between two nearby phases
are similar and ASM itself has a certain range of searching tolerance, this error is not
expected to cause significant deviations during tracking.

The method we proposed tracks lung tumors in 2D fluoroscopic video. With the
advancement of a dual fluoroscopic system, it will be possible in the future to derive 3D
tumor trajectories by combining the tracked tumor shapes in the fluoroscopic videos from
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two view angles. The time delay between image acquisition and contour tracking is
important for real-time clinical application of the technique. An analysis of this delay is
beyond the scope of the present paper. However, in the future, our algorithm will be
refined to minimize this delay.

CONCLUSIONS

It is of paramount importance to track the lung tumor motion and shape variations during
radiotherapy to ensure precise dose delivery. The method we proposed here tracked lung
tumor motion fluoroscopically based on ASM and the respiratory signal generated from
the diaphragm motion. The validation shows that the mean shifts between 95% of the
landmarks of the tracked contours and by an expert are less than 1.5 mm and their
standard deviations are less than 1.5 mm. This technique may be applied to radiotherapy
based on the DMLC method, to enable the duty cycle to approach 100% during dose
delivery.
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APPENDIX A: ALIGNMENT OF SHAPES

Two shape X i and X j need to be aligned to each other through rotation ( ) , scaling ( s )
and translation (t x , t y ) . X i and X j are the vectors that describe the coordinates of n
landmarks in the i th and j th shape as follows,
X i = ( xi 0 , y i 0 , xi1 , y i1 ,....x ik , y ik ,...xin 1 , y in 1 ) T ,

(A1)

X j = ( x j 0 , y j 0 , x j1 , y j1 ,....x jk , y jk ,...x jn 1 , y jn 1 ) T ,

(A2)

The rotation ( ) , scaling ( s ) and translation (t x , t y ) of shape X j can be represented as:

[ ]

M ( s, ) X j + t j ,

where
M (s j ,

j

)

x jk
y jk

=

( s j cos

j

) x jk

( s j sin

j

) y jk

( s j sin

j

) x jk + ( s j cos

j

) y jk

, and

t j = (t xj , t yj ,..., t xj , t yj ) T

(A3)

(A4)

We need to align X i to this shape by minimizing the weighted sum,
E j = (Xi

M (s j ,

j

)[ X j ] t j ) T W ( X i

M (s j ,

j

)[ X j ] t j )

(A5)

W is a diagonal weighting matrix inversely proportional to the variances of landmarks
between two shapes, and chosen to give more weights to those landmarks that are more
“stable” over two shapes. If we define
a x = s j cos

j

and a y = s j sin

j

,

(A6) and (A7)
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a least-square approach method can be applied to Eq. (A5) by differentiating E j with
respect to a x , a y , t x and t y . Four linear equations are obtained below,
X2
Y2
Z
0

Y2 W
X 0
2

X2

0

0

ax

W
Y2

ay

Y2 X 2

Z

tx
ty

X1
=

Y1
C1
C2

(A8)

where
Xi =

C1 =

W=

n 1

wk xik Yi =
k =0
,
n 1

n 1

Z=

wk y ik
k =0

,

wk ( x1k x 2 k + y1k y 2 k ) C 2 =
k =0
,

n 1
k =0

wk ( x 22k + y 22k )

,

n 1
k =0

wk ( y1k x 2 k

x1k y 2 k )

,

n 1

wk .
k =0

Since Eq. (A8) has four unknown variables, it can be solved to obtain sj, j, tx and ty.

APPENDIX B: PRINCIPAL COMPONENT ANALYSIS

From Eq. (3), we obtained the deviation of the landmark points from the mean shape,
dX i = X i

X

(B1)

The covariance matrix of dX i can be calculated as,
S=

1
N

N

dxi dxiT ,
i =1

(B2)
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where N is the number of shapes and the dimension of S is 2n × 2n . The diagonal
elements of S are the variances of the 2n landmark positions for N shapes. The
eigenvalue ! k can be found by solving,
S

!k I = 0 ,

(B3)

where I is a diagonal matrix with unit value and ! k " ! k +1 . The deviation of the
landmark points for each shape can be represented by a linear combination of the
eigenvectors of S ,
dX i = bi 0 p 0 + bi1 p1 + ... + bi 2 n 1 p 2 n 1 ,

(B4)

th
where bil is a scalar for eigenvector pl of the i shape.

The equation below is used to solve the normalized eigenvectors,
Sp k = ! k p k

(B5)

where pk is the eigenvector for landmark point k and k = 1,...,2n .
Because the eigenvectors are orthogonal to each other, we have,
%1 l = m (
plT p m = $
'
#0 l ) m& .

(B6)

Combining Eq. B5 and B6, those eigenvectors can be solved. The total sum of ! k is the
same as the sum of the variances of the 2n landmark positions for N shapes (the diagonal
elements of S), representing the variation of those landmark points. However, most
variances can be represented by the first t eigenvalues of all the ! k and ! k " ! k +1 due to
the redundancy of those landmark points. Thus, Eq. B4 can be revised as,
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dX i = bi 0 p 0 + bi1 p1 + ... + bit 1 p t 1 ,

(B7)

where t << 2n .

Build PDMs for all the phases

Determine phase and PDM for
an incoming frame

Generate
respiratory signal

ASM tracking process

No significant
Change for tracked
contour

no

yes
Result validation

Fig. 1. Flowchart of tracking protocol.
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Fig. 2. Labeled tumor for one frame (AP). Total 65 points are evenly distributed on the
contour of the tracked tumor.

phase 0

phase 1

phase 2

phase 3

phase 4

phase 5
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phase 6

phase 7

phase 8

Fig. 3. Aligned shapes for 9 phases in one complete breathing cycle and every phase has
4 images. All the shapes are in the same coordinate system. Starting from phase 0 (End of
Exhale) to phase 4 (End of Inhale), the tumor moves from top to bottom (near the
diaphragm), and move back to phase 8 (End of Exhale).
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Fig. 4. Mean shapes for all the phases and corresponding respiratory signal. Since each
phase has 4 shapes, the mean shape calculated from one phase corresponds to 4 dots in
the respiratory signal.

Fig. 5. Diaphragm motion observed during inhalation. The region chosen only contains
the diaphragm motion, so that corresponding respiratory signal can be found.
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Fig. 6. Respiratory signal generated from the diaphragm intensity variations. The ROI of
the diaphragm at the end of exhale is chosen as the reference. Small ripples are found at
the end of exhale for some respiratory periods as shown in the circles.
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Fig. 7. Detection of peak or valley in the respiratory signal. The lines indicate a positive
or negative slope.

Initial shape estimate

Replace initial
estimate

Find movement dXi for landmarks

Find pose and shape changing
parameters

Update parameters and generate
new shape

Significant change between
shapes?

Yes

No
Finish

Fig. 8. Flowchart of ASM based tumor tracking algorithm.
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dXk

Fig. 9. Initial shape estimate X0 is overlaid on the image frame. dXk is the desired
movement for one landmark.

Fig. 10 The other two tracked tumor in lung with different types of motion.
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Fig. 11. The mean shifts and standard deviation between revised and tracked landmarks
for all three tumors.
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APPENDIX D: REGISTRATION OF ON-BOARD X-RAY IMAGES WITH 4DCT: A
FEASIBILITY STUDY FOR PHASE AND SETUP VERIFICATION OF GATED
RADIOTHERAPY
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Registration of on-board x-ray images with 4DCT: a feasibility
study for phase and setup verification of gated radiotherapy
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Current gated radiation therapy starts with a simulation breath-hold CT or 4DCT images of a
patient. In the latter case, one phase of the 4DCT is chosen for planning. When the patient is on
the treatment couch, on-board projection x-ray images are taken in the anterior-posterior (AP) and
lateral directions and an intensity-based rigid registration algorithm is applied to register the
AP/LAT images with the simulation digitally reconstructed radiographs (DRRs). To ensure
correct patient setup in phase-based gating, a pre-requisition of the above process is that the phase
of the simulation DRRs must coincide with that of the planning CT. In this work we investigate
the correlation between the verification AfP/LAT images and the DRRs of different 4DCT phases
and develop a method of temporal and geometric registration of the DRRs and AP/LAT
projection images. For this purpose, a DRR was computed for each of the ten phases of the 4DCT
of a patient. The optimal correlation coefficient (CC) between the projection x-ray image and
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each DRR was then calculated. The 4DCT phase having the highest correlation was identified
and compared with the intended gating phase. Thus, the method may be used to confirm the
correspondence between gating phase at the times of 4DCT simulation and radiotherapy delivery.
When the intended and actual gating phases are consistent, the registration of DRR and the
projection images yields the values of patient shifts for treatment setup. This method is the 4D
analog of the conventional setup film as it provides both verification of the specific phase at the
time of treatment and isocenter positioning shifts for treatment delivery. The robustness of our
algorithm was demonstrated by a patient study.

INTRODUCTION

A major difficulty for 3D conformal radiotherapy of cancers in the thorax and upper
abdomen is the intra-fraction motion caused by respiration. A population based margin
has been used widely to take the motion into account. Respiratory gating affords an
improved way to deal with the problem because of its potential to individualize the
treatment margin (Ohara et al 1989, Kubo and Hill 1996). A gated radiation therapy
treatment is usually planned based on a simulation breath-hold CT or a pre-determined
phase of 4DCT images of the patient. Prior to treatment, both spatial and temporal
verification of the patient setup are crucial for the success of a gated radiation delivery
(Gilhuijs et al 1996, Pouliot and Lirette 1996, Litzenberg et al 2002, Clippe et al 2003,
Balter et al 2005, Boswell et al 2005, Yue et al 2006). In reality, there is currently no
universally accepted method for this verification, and methods used in 3D radiation
therapy, such as the comparison of orthogonal portal images with DRRs, are employed.
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Samson et al and Boer et al developed a technique to evaluate lung cancer patient
positioning by comparing portal images and digitally reconstructed radiographs. For
intrafractional motion, 6 to 12 sequential images were generated with an electronic portal
imaging device (EPID) and one of them was chosen to be the reference image. Visible
structures such as the trachea, carina, the upper chest wall, aortic arch, clavicle, and
paraspinal line were manually contoured in both reference and the floating images. Using
these contoured anatomic landmarks, the intrafractional setup shifts were determined by
maximizing the correlations between the reference and the floating images. This
technique relies on the localizations of certain thoracic structures visible on MeV EPID
and cannot account for soft tissue motion within the lung. Drawing contours and edges
takes time and this may be impractical for daily use. Alternatively, a real-time tumortracking radiotherapy (RTRT) system was designed to estimate setup shifts by tracking 2
mm gold fiducial markers placed into lung tumors (Harada et al 2002, Shirato et al 2003,
Imura et al 2005). The system consists of four fluoroscopic imagers, which offer views of
the patient to determine the 3D positions of the fiducial markers before treatment.
Through overlapping and comparing the positions of the fiducial markers in the RTRT
system and 3D treatment planning system, the patient position can be corrected to obtain
the best match. The RTRT system is able to accurately track the markers. The method is,
however, invasive, and not possible for all patients. Furthermore, radiotherapy usually
starts a week after the marker insertion, and dislocation of the markers may present a
practical problem.
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For accurate gated radiation delivery, a simple and robust solution to the tumor
localization problem is urgently needed to ensure that the planned dose distribution will
be delivered to the patient in a clinical setting. In this paper, we propose a noninvasive
method to verify the phase and shifts for gated radiotherapy based on the registration of
on-board x-ray and 4DCT images. Prior to each treatment fraction, the method registers
the on-board x-ray images with the planning 4DCT spatially and temporally. Thus, the
method may be used to examine the consistency between the gating radiotherapy
planning and delivery phases. Because the method is based on internal anatomy
information, no reliance on implanted markers or manual identification of structures is
required.

MATERIALS AND METHODS
A. Data acquisition

The respiratory signal was acquired from a commercially available respiratory gating
system, Real-Time Position Management (RPM) (Varian Medical Systems, Palo Alto,
CA). The respiratory gating system was interfaced with the CT scanner (Discovery-ST,
GE Medical System) operating in cine mode. For each couch position, the CT slices were
scanned over the whole patient respiratory cycle. For the eight-row multislice scanner
used, the couch increment was 20mm. After the data were recorded by the tracking
system, they were subsequently resorted into different phases according to the temporal
information from the respiratory signal. In 4DCT treatment planning, one of the phases is
chosen and the tumor is assumed to be static during the gated treatment (Shirato et al
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2000, Brock et al 2003, Vedam et al 2003, Keall et al 2005, Rietzel et al 2005, Rosu et al
2005).

B. DRR generation

In every registration iteration, a digitally reconstructed radiograph (DDR) is generated
from the 4DCT data using a ray casting algorithm using

E max

I (U , V ) =

* dEI

0

( E ) cos 3 exp(

0

* u ( x, y, z, r )dr ) ,

(1)

r (U ,V )

where (U,V) are the coordinates of the pixel at the x-ray detector plane, I (U , V ) is the
image intensity at (U,V), I 0 ( E ) is the x-ray source intensity with energy E. r(U,V) is the
ray pointing from the x-ray source to the pixel at the detector plane, and

is the angle

that r(U,V) diverges from the central axis. u(x,y,z,r) is the x-ray attenuation coefficient at
space position (x,y,z) (Fig. 1).

Since the x-ray source is polychromatic, the first integral in Eq. (1) integrates the incident
intensity over the x-ray energy spectrum. When a DRR is generated from 4DCT data, the
effective energy spectrum may be different from the x-ray. It is possible to compensate
for the energy difference using radiometric calibration (Khamene et al 2006). This
operation is more critical for MV x-ray imaging since the effective energy of CT is
within the kV range. For our on-board imager, the effective energies of both modality
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images are in the kV range, the energy difference is small, and Eq. (1) can be simplified
as:

I (U , V ) = I 0 cos 3 exp(

* u( x, y, z, r )dr )

.

(2)

r (U ,V )

Most x-ray imaging devices measure the logarithm of the x-ray intensity so that Eq. (2)
can be further simplified as the line integration of the x-ray attenuation coefficient along
the diverging beam from the x-ray source to the detector plane.

Before registration, the on-board x-ray image was down sampled to 512 × 384 pixels with
a pixel size 0.8 mm × 0.8 mm. The DRR image was generated with the same size and
resolution for better comparison between it and the x-ray image. The dimensions of CT
data in this work were 512 × 512 × 160 pixels in the x, y and z directions, respectively, and
the corresponding resolution was 1 mm × 1 mm × 2.5 mm.

Our ray casting algorithm starts at one pixel within the U, V plane and traces a ray back
to the source point. Once the ray encounters a slice in an x-z plane, the corresponding x
and z coordinates are calculated. The geometry of the x-ray imaging device is known,
thus, x and z can be derived from the similarity triangles in Fig. 1. Normally, the x and z
values are not integer, and bilinear interpolation is applied to obtain the x-ray attenuation
coefficient at x and z. The ray continues to move up towards the source point and the
same procedure is processed until all 512 slices are traversed by the ray. After summing
all 512 calculated x-ray attenuation coefficients, multiplied by the cosine of the beam
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divergence angle cubed, one pixel value in the (U, V) plane of the DRR is obtained. The
DRR is generated until all the 512 × 384 pixel values are obtained.

C. 2D/4D Registration

The scheme of 2D/4D registration is shown in Fig. 2. The 4DCT data contain ten 3DCT
scans corresponding to ten different breathing phases. No assumption is made about the
phase of the 4DCT data relative to that of the x-ray image. Thus, each 3DCT scan is
registered with the x-ray image.

The registration algorithm must find the patient shifts between the planned isocenter and
the daily setup. The planned isocenter is determined using the 4DCT data acquired during
simulation. An on-board x-ray image acquired with the patient on the linear accelerator
couch just before treatment provides the setup information. For a rigid transformation,
there are six transformation parameters: three translations (x,y,z) and three rotation
angles around the x, y and z axes. In this analysis, we assume rigid body motion and
ignore rotations as they are typically small and difficult to implement clinically.
Furthermore, the purpose of this work is to demonstrate our technique and this
assumption was used to reduce the parameter space to speed up the analysis.

For registration of the first 3DCT scan, we have no knowledge of the patient translations.
Thus, we begin the process with a large search step and range. Once the first 3DCT scan
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is registered with the on-board x-ray image, the next registration begins using the
transformation parameters found for the first registration.

The first DRR is generated using the planned isocenter position with the algorithm
described above. Next, the correlation coefficient (CC) between the DRR and the x-ray
image is calculated using

N

CC ( A, B ) =

p =1

( DN pA

N

( DN pA
p =1

µ A )( DN pB
µ A )2

µB )
,

N

( DN pB

(3)

µB )2

p =1

where A is the DRR image and B is the x-ray image. DN pA and DN pB are the pixel
values (or digital numbers) in images A and B, µ A and µ B are the means of DN pA and
DN pB , and N is the total number of pixels in images A and B, respectively.

A simulated annealing optimization procedure is used to register each of the 10 phases of
4DCT data with 2D x-ray images (Metropolis et al 1953, Kirkpatrick et al 1983, Barrett
and Myers 2004). For translations in three directions considered here, there are 106 states
if shifts in each direction are quantized by 100 steps, prohibiting an exhaustive search.
Simulated annealing is an effective optimization technique suitable for such an
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optimization problem, as we expect that the global minimum may be between several
local minima.

The cost (or energy) function is set equal to the negative of the CC defined in Eq. 3,

E(v) = -CC

(4)

and is a function of the translation vector, v = (x, y, z). At each step in the iterative
procedure, v is incremented by
v(k+1) = v(k) + +(k)

,

(5)

where v(k) is its value after k iterations. The cost function either increases or decreases. If
it decreases, then the new v(k+1) is accepted. If it increases, a random variable uniformly
distributed on (0, 1), t, is selected. If exp(-[E(v(k+1)) – E(v(k))] / , ) > t, then the change is
accepted, otherwise it is rejected and v(k+1) = v(k), where , is a “temperature” parameter. It
is reduced gradually with iteration number , = ,0(1 – k / K)-, where K is the maximum
number of iterations and - is a constant (Press et al 1995). To make the search procedure
converges evenly and smoothly, , is fixed for a specific number of iterations, m. The
values of K, -, and m were selected based on the convergence properties, K = 1000, - =
4, and m = 8 worked well.

The algorithm may be summarized with the following steps
•

Select an initial value of v(0) and quantize the translations into discrete values.
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•

At the kth iteration, the proposed change +(k) increases or decreases x, y, or z by
one unit.

•

Calculate the cost function for this changed state v(k+1) and accept (or reject) the
changed state using the probability criteria defined above.

•

If k is an integer multiple of m, change ,.

•

Repeat until the cost function is stable and constant which occurs when it is near
its global minimum. The value of v at this point yields the optimized
transformation parameters.

Once all ten 4DCT phases are registered with the x-ray image, the specific phase of the
4DCT data having the greatest CC determines the phase at which the x-ray image was
taken. The shift parameters obtained during the registration of this best phase matched
CT and x-ray image, provide the couch shift in the x, y, and z directions.

RESULTS AND DISCUSSIONS

It is difficult to predict lung tumor motion. 4DCT imaging provides a technique to
quantify the internal lung motion as a function of the respiratory cycle. For regular
breathing, Vedam et al divided the breathing cycle into 8 phases: peak exhalation, early,
mid, and late inhalation, peak inhalation, and early, mid, and late exhalation. In our case,
10 phases were defined. In both cases, it is implicitly assumed that the lung motion is
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periodic and reproducible, so that the 4DCT represents the average anatomy for each
phase point.

To verify this assumption, we selected one phase of the 4DCT as the reference and
computed the CC between all pixels in this reference volume and those of all other
phases (Fig. 3). Although the curve is not a perfect sinusoidal wave, the periodicity and
reproducibility of the breathing are evident here. Phase 0 corresponds to the end of
inspiration where lung volume is the largest. When expiration starts, the lung volume
decreases and the correlation between phase 0 and other phases decreases until it reaches
the end of expiration (phase 5 in Fig. 3). Similarly, when inspiration starts, the lung
volume increases and the correlation coefficients between the reference and the others
increase until returning to the end of inspiration, which has the maximum correlation with
the reference (phase 9). The correlation coefficients of phases 5 and 6 are nearly equal,
indicating that the CT data for these phases are similar although the lung volume is
slightly different. This similarity of results seen here for correlation with phase 0 CT also
appears in the registration results.

X-ray images in both the AP and lateral directions were taken with the on-board imager.
The 10 phase 4DCT data were registered with the x-ray images. The CC of the DRRs
from the 4DCT data and x-ray image after registration are shown in Figure 4. We found
that the CC is a maximum at phase 6 in both the AP and LAT directions. Since the results
from both directions indicate that phase 6 corresponds to the x-ray images and the CC
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curve is sinusoidal, we conclude that the x-ray images correspond to phase 6 of the 4DCT
data. Also note that the CCs of the x-ray images and phase 5 DRRs are also high and
close to phase 6 values. This may be due to the complexity of breathing, such that the
lung volume does not increase linearly near the end of inspiration, so that these phases
are similar. Another possibility is that the x-ray image was taken between phases 5 and 6.
In clinical practice, another x-ray may be taken to verify the result. Or, using
interpolation, a new CT phase could be computed (Schreibmann et al 2006).

The registered DRR and x-ray images with the corresponding translational shifts in AP
direction are shown in Fig. 5 and Table 1. The bright regions in the generated DRRs are
from contrast media ingested by the patient prior to CT acquisition, which is not present
in the x-ray image. The CT number range is larger because the energy range of the CT
scanner x-rays is greater than that of the on-board imager. Thus, the DRRs have more
detail but lower contrast, so that ribs are evident in the DRRs, not in the x-rays. These
small differences reduce the accuracy of the registration results.

The shifts in x, y and z directions, are consistent between the different phases and the
same for phases 5 and 6. The largest shifts are in AP direction corresponding to the table
height. This is because the geometrical relation of the treatment isocenter and the center
of the CT volume were not used to guide the registration and this direction had the largest
degree of freedom.
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For the LAT x-ray, the registered DRRs and shifts are shown in Fig. 6 and Table 2. The
CC between the lateral x-ray and registered DRR images is smaller than for the AP
direction. This most likely results from the energy range difference and the projection
path length. As discussed above, feature differences between DRR and x-ray images due
to the energy range differences were found in the AP images. In the LAT direction, the
DRR projection cone intersects more adipose tissue and has a greater effective path
length and is therefore more sensitive to differences in x-ray energy differences between
CT and the on-board imager. Thus, these differences are greater and the accuracy of
registration results is reduced.

To verify the robustness of our method, we analyzed five x-ray shots taken just prior
treatment at different breathing phases. The resulting registration with the 4DCT data are
shown in Fig. 7. X-ray image 1 was discussed above and corresponds to phase 6 of the
4DCT. The CC curve for x-ray image 2 is similar to x-ray image 1 except that the CC for
phase 5 is slightly higher than phase 6. Thus phase 5 matches the temporal position of xray image 2. This indicates that both x-ray images are taken close to the end of expiration.
The CC curve for x-ray 3 is much flatter than the previous two due to the imperfect
reproducibility and non-rigid lung motion. We still would assert that it corresponds to
phase 5 since it attains a maximum CC value there. X-ray 4, corresponds to the end of
inspiration since it is greatest at both ends of the curve. The CC at phase 0 is likely an
outlier in this case as it does not fit the curve well. This is consistent with the findings of
our previous paper (Xu and Hamilton 2006), that lung motion at either the end of
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inspiration or expiration is much more complicated than at other phases. Thus, either
phase 9 or phase 1 corresponds to x-ray image 4. X-ray 5 is the worst case as the CC
values are not smoothly varying. However, just as for x-ray 4, the curve obtains a
maximum value at phase 9 which is near the end of inspiration.

For the series of x-rays, the setup shifts were determined from the registration phase
having the highest CC value. The shifts found for each individual x-ray and the standard
deviations of these values for the five x-ray shots are listed in Table 3. In the lateral (xdirection), all of the determined shifts were 4 mm, except for image 4. This would
indicate that the true shift between the planning 4DCT and x-ray image isocenter is 4mm.
Similar conclusions may be drawn for the superior-inferior (z) and anterior-posterior (y)
directions. A planar x-ray image is insensitive to shifts along the projection direction.
Thus, the larger variation seen in the anterior-posterior direction arises from this reduced
sensitivity.

We see that our method works best for on-board x-ray images obtained near the end of
expiration and worst for those taken at the end of inspiration. As the intent of the current
work is to present a method to verify setup by determining the phase and shifts for gated
radiotherapy, further investigation will be necessary to confirm this observation as well
as to assess the accuracy of this method to determine setup error.
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Several other factors create registration errors (Low et al 2003, Pan et al 2004, Lu et al
2005, Rietzel et al 2005). The temporal resolution of the 4DCT is coarse compared with
the instantaneous x-ray images. Furthermore the 4DCT is constructed by combining data
taken over several breathing periods. Thus, variations in anatomy between breathing
cycles may lead to inaccurate identification of the phase. The motion of organs near the
lung volume also creates differences between the calculated DRRs and the actual x-ray
images, for example, swallowing during x-ray acquisition or 4DCT artifacts from cardiac
motion. Using techniques for reducing these artifacts will improve the registration
accuracy of our method (Lu et al 2005).

CONCLUSIONS

Developments of time-resolved imaging and radiation delivery techniques provide
effective means for us to understand the temporal dependence of the involved structures
and design better strategies for targeting moving tumors. Verification of a gated radiation
therapy treatment is of paramount importance to ensure that the planned dose
distributions will be realized in clinical settings. In this work we studied the correlation
between the 2D projection X-ray images acquired prior to a gated treatment and 4D
simulation CT images for gated treatment planning and proposed a noninvasive method
for setup verification for 4D radiation therapy. The technique allows us to verify the
specific breathing phase and obtain table shifts for accurate gated radiation therapy
treatment. With the increased popularity of IGRT in radiation oncology practice, the
proposed technique should find useful application and lead to improved patient care.
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TABLE 1. Translations for AP x-ray.

CT phase

0

1

2

3

4

5

6

7

8

9

SI Tz (mm)

1

2

-3

-2

-2

-4

-4

-2

0

1

AP Ty(mm)

324

332

328

340

326

340

340

344

326

322

4

4

4

4

4

4

4

4

4

LAT Tx(mm) 4

TABLE 2. Translations for Lateral x-ray.

CT phase

0

1

2

3

4

5

6

7

8

9

LAT Tx(mm) 180

188

184

204

180

176

176

184

184

192

AP Ty(mm)

4

6

0

0

-2

-2

-2

0

0

2

SI Tz(mm)

-52

-54

-54

-54

-58

-52

-52

-54

-54

-58

TABLE 3. The shifts determined from 5 on-board x-ray images.

Image 1

Image 2

Image 3

Image 4

Image 5

STD

LAT X(mm) 4

4

4

1

4

1.3416

AP Y(mm)

340

330

330

328

328

5.0200

SI Z(mm)

-4

-4

-1

-4

0

1.9494
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Fig. 1. DRR generation

163

Fig. 2. Flowchart of 2D/4D registration

164

Fig. 3. Correlation of volumetric CT data between the reference phase (0) and all other
phases.

165

Fig. 4. Correlation coefficients between registered x-ray and DRR images for 10 4DCT
phases.

166

Fig. 5. Registered DRR and x-ray images in AP direction, top (DRR phase 5), middle
(DRR phase 6), bottom (AP x-ray).

167

Fig. 6. Registered Lateral DRR (left) and x-ray (right) images.

168

Fig. 7. CC curves for multiple x-ray shots.
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