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Respiratory motion causes an added uncertainty in the radiation treatment of thoracic 

malignancies due to an increase in the normal tissue irradiated and an uncertainty in the radiation 

coverage of the tumor. This results in a potential increase in complications from treatment and 

may be insufficient to ensure coverage of the tumor.  Reduction of the volume of normal tissue 

irradiation while maintaining tumor coverage is used to accomplish this goal. The application of 

4D CT imaging to radiotherapy treatment planning is an active area of research with the goal to 

reduce the required normal tissue irradiation and improve the tumor coverage. Deformable image 

registration holds the key to link the information of two images at various phases. The major 

purpose of this study is to develop and validate the optical flow method (OFM), a method of 

deformable image registration by which the image content properties are utilized to generate a 

displacement vector between each voxel in the reference image to the target image for 

registration. With OFM, we were able to develop and validate an automated method for 

intrathoracic motion estimation from breath-hold and 4-D computed tomography imaging; 
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demonstrate the path integration of a four-dimensional dose distribution onto the 3-D anatomy;  

develop an automated target delineation technique; and to develop and implement a method to 

quantify tumor response and normal tissue damage by comparison of pre- and post-treatment and 

18F-FDG-PET scans, all of which constitute meaningful applications and represent substantial 

progress in radiation treatment. 
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1. Introduction 

 

 

1.1  Overview 

The goals of advances in radiation therapy techniques include reduced 

normal-tissue toxicity and increased tumor control. Improvements in radiation 

delivery techniques enable clinicians to achieve these goals. According to the The 

International Commission on Radiation Units (ICRU) and measurements Report 50 

(ICRU 1993) and the Supplement Report 62 (ICRU 1999) describe the current 

recommendation for incorporation of tumour motion into radiation therapy planning. 

Briefly, the gross tumour volume (GTV) is tumor that is visually apparent on imaging 

studies; the clinical tumour volume (CTV) is the GTV plus a margin for local 

microscopic spread of malignant cells; and the internal target volume (ITV) is the 

CTV plus a margin for intraorgan motion, such as respiratory motion. Incorporating 

thoracic tumor motion into the planning process requires acquisition and tumor 

delineation on multiple image volumes. 

    Measuring intrathoracic tumor motion for ITV determination via imaging 

techniques has become a new focus of study [1-8]. Four-dimensional (4D) computed 

tomography (CT) imaging, which is still in development, will generate eight or more 

CT image volumes to represent the tumor throughout the respiratory cycle [9]. 

Manual delineation of each of these CT image volumes is laborious and presents a 

risk of error. Significant inter-observer and intra-observer variations in tumor CT 

segmentation have been observed [10, 11] when manual segmentation is applied 

repeatedly to the same subject CT image set. Finally, tumor-surface delineation does 

not provide a point-to-point correspondence between tumor volume elements at 
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expiration and at inspiration. Instead, only an approximation of the boundary of the 

tumour is obtained with manual delineation techniques. The bounding box provides a 

minimal description of surface shape changes and does not track the actual tumour 

surface or volume elements. 

    Radiological imaging is used in almost every step of radiation treatment, 

including pre-treatment staging, radiotherapy treatment planning, and post-treatment 

restaging or follow-up evaluations. Each image depicts unique spatial or functional 

information including malignancy position, treatment volume, radiation dose 

distribution, residual tumor resulting following treatment, and spatial distribution of 

radiological-evident complications, which are all meaningful references for 

physicians. However, no reliable quantitative means of linking such information 

between imaging sessions and between imaging modalities are available. Accessing 

the correlative spatial and biological information contained in the staging imaging 

study is valuable for tumor localization during treatment planning. An accurate 

automated registration process is needed that will reduce variability in patient setup, 

scanners, and image acquisition parameters. 

The goal of deformable image registration is to find a point-to-point voxel 

correspondence between two given images. This desired correspondence should 

describe the location of each voxel in the first image relative to the second image. The 

optical flow method (OFM) [12] finds such a correspondence by computing a 

displacement field describing the apparent motion depicted in the two images. In its 

presented study, 3D OFM registers the full-resolution CT image volumes allowing 

anatomic structures to be mapped between CT volumes. 

 A new computed tomography (CT) imaging technology is emerging that 

acquires a CT movie sequence of the chest to capture respiratory motion. This process 

is referred to as 4D CT. This new CT imaging results in a 3D movie loop representing 
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the motion of one inhale/exhale breath cycle. 4D CT imaging may produce 8 or 16 

image volumes. Physicians are required to manually delineate the tumor and normal 

structures (such as the heart and spinal cord) on each of the separate image volumes, 

greatly increasing the clinician workload and risk of error. Utilization of the 4D CT 

image set for radiotherapy treatment planning requires calculation of the radiation 

dose for each of the 8 to 16 image volumes. However, there is currently no reliable 

means of mapping the significant contours delineated by the physician to another 

image volume and of adding the individual doses into a single tissue dose estimate.  

One advantage of OFM is that the image content properties are used to generate 

a displacement vector between each voxel in the reference image to the target image. 

The displacement vector map obtained for each voxel in a CT image volume is used 

to map delineated tumors or organs from one CT image volume to the next on a 

point-by-point basis. The boundary of the mapped tumor or organ volumes represents 

the new tumor or organ contour on the target CT images. Alternatively, the surface 

points of tumor or organs can be mapped. This paradigm can be applied to pairs of 

breath-hold (BH) CT image volumes or potentially to a complete 4D CT image set 

equally well. With OFM methodology, the tumor or organ target is manually 

delineated on a reference CT image volume, and both the surface and contained 

volume are mapped to the additional CT volumes. The collection of displacement 

vectors for the surface or volume represents the motion of the tumor or organs. 

In addition, an automated deformable image registration method is needed that 

will register each of the multiple image volumes without user intervention. In the 

present study, the integration of imaging studies that cancer patients currently receive 

coupled with deformable image registration techniques allows for the extraction of 

new information relevant to the individual patient and to our understanding of cancer 

treatment. One advantage is that patient information can be retrieved retroactively 
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from existing imaging databases and this method can be applied and new questions 

addressed. These same techniques, once developed, can be applied to the development 

of 4D radiation treatment planning.  

This study seeks to develop a new method not only to estimate the inside body motion 

in CT image during the respiration, but also to assess tumor response to therapy by 

looking inside the tumor to identify those regions that appear to shrink less and may 

represent the sites of local failure. Deformable image registration holds the key for the 

use of multiple CT image volumes acquired across time, to represent breathing or a 

series of pre- and post-treatment imaging. Integration of the many imaging studies 

that lung cancer patients receive before, during, and after cancer treatment with 

deformable image registration will improve tumor targeting while minimizing 

clinically significant damage to normal tissues. We seek to develop the techniques, 

methodology, and software to use 4D radiological imaging data effectively in lung 

cancer treatment and follow-up. 

 

1.2 Objectives 

    The goal of the research presented in this dissertation is to investigate the use of 

three dimension deformable image registration as a basis for radiation treatment. We 

implement the 3D deformable image registration tool based on optical flow method 

(OFM). The optical flow method can be used to study the elastic image mapping, 

radiation dose mapping across the CT image, image registration and image 

segmentation which will potentially provide a substantial contribution to improve 

radiation treatment today. We hypothesize that 3D OFM will provide the reliable 

quantitative means of linking such information between imaging sessions and 

between imaging modalities. We believe that that this deformable image registration 

method will provide a powerful tool for use in registration studies in medical image 
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research, especially for respiratory motion. Lung tumor control in radiation treatment 

can be improved and treatment complications can be reduced by fixing precise tumor 

position and integrating obtainable information from different imaging modalities 

with deformable image registration. In the first part of this study, we will develop the 

3D deformable image registration tool based on OFM. Then we will test the 

hypothesis by using NURBS-based cardiac-torso (NCAT) digital phantom, physical 

measurements and other deformable image models. The following specific objectives 

for this work were established: 

Aim 1: To implement and demonstrate 3D deformable image registration, 3D 

optical flow algorithm. This provides an accurate image registration tool which is 

able to connect images acquired at different time (phases), (e.g., 4D CT). For 

validation purposes, the 3D OFM performance was applied to phantom and computer 

generated cases (digital phantom) where the exact tumor motion was known for 

comparison. 

Aim 2: To develop an automated target delineation technique (for tumor or 

organs). This technique will provide an excellent tool for drawing and mapping the 

contour automatically for physician and dosimetrist. It will help physician and 

dosimetrist minimize error and reduce clinical work loads.  

Aim 3: To develop a novel technique to estimate tumor and organ motion. We 

provide a means to measure intrathoracic tumor motion from inspiration/expiration 

breath-hold (BH) CT image sets, mapping the physician-drawn tumor contours from 

inhalation to the exhalation CT image set, automated target delineation technique. 

Aim 4: To develop a method for quantifying tumor response and normal tissue 

damage by comparison of pre- and post-treatment and 18F-FDG-PET scans. We 

will employ deformable image registration to correlate the radiotherapy treatment 

planning dose distribution with the post-treatment PET/CT image volume, which will 
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facilitate investigations of treatment complications, disease persistence, and disease 

recurrence. 

Aim 5: To develop a technique for radiation dose mapping and estimation. This 

provides a way to estimate the dose distribution in different phases by registering the 

4D CT imaging. The way to calculate 4D dose accumulation will be accomplished 

through image registration by OFM. 

 

1.3  Organization 

The work completed toward accomplishing each of the specific aims in this 

dissertation is presented as follows. Chapter 2 begins by describing the primary 

method – optical flow method (OFM) -- and several simulation tools that we use to 

validate OFM in this dissertation such as NURBS-based cardiac-torso (NCAT) digital 

phantom, thin-plate spline (TPS) image wrapping method and Radiological Physics 

Center (RPC) thoracic phantom. Chapter 2 also describes the cost functions, including 

mutual information (MI), correlation coefficient and root mean square (RMS) error 

used for validation purposes.  

In chapter 3, we demonstrate the path integration of a four-dimensional (4-D) 

dose distribution onto the 3-D anatomy. Materials and Methods: A 

computer-generated 4-D thoracic phantom with a lung tumor was constructed. Eight 

respiratory phases were generated. A radiotherapy treatment plan was applied to all 

phases resulting in a 4-D dose distribution. An elastic image registration algorithm 

was used to determine the vector displacement between all of the image elements and 

the end expiration phase. The path-integrated tissue dose distribution and each 

component dose distribution were compared with the planned dose distribution. 

Results: Numerical path integration was performed to calculate the tissue dose 

distribution. Loss of tumor coverage was the predominant effect observed with tumor 
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motion in this study. The loss was asymmetric and dependent on the tumor trajectory. 

Conclusion: The elastic image registration allowed an accurate path integration 

through a 4-D data set to produce an accurate 3-D tissue dose estimate. 

Chapter 4 will focus on demonstration through measurements that optical flow 

method (OFM) is accurate and practical in 4D dose calculations. Dose deliveries to 

phantoms that were in motion were compared with OF calculations. The dose 

distribution in a thoracic phantom recorded by film reasonably agreed with the 3D OF 

calculation. Agreement was also achieved between the point-dose measurements by 

an ion-chamber and OF calculations. 

In chapter 5, we demonstrate proof-of-concept for the use of deformable image 

registration to align the radiotherapy treatment-planning dose distribution with the 

post-treatment PET/CT image volume. Three cases in which the patients had thoracic 

malignancies are presented. Each patient had CT-based treatment planning for 

radiotherapy and restaging fluro-deoxy glucose (FDG)-PET/CT imaging 4 to 6 weeks 

after completion of treatment. The treatment planning or radiation therapy (XRT) CT 

was registered with the CT images from the PET/CT resulting in a deformation matrix 

to link the planned radiotherapy dose with the restaging CT and PET images. The 

dose distribution from the treatment plan was mapped onto the restaging PET/CT 

using the deformation map. Areas of pneumonitis and recurrence were identified 

radiographically on both the FDG PET and the CT restaging images. Local dose and 

standard uptake values for pneumonitis and recurrence were studied. 

Chapter 6 describes the use of semi-automated segmentation of CT images. A 

few high curvature points were manually drawn on a CT slice. Fourier interpolation 

was then used to complete the contour. Consequently, OF -- a deformable image 

registration method -- was used to map the original contour to the other slices. This 

technique was applied successfully to contour anatomical structures and tumors. 
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Chapters 7 and 8 include organ and tumor contours mapping for real patient CT 

data sets, and for a thoracic phantom in which the displacement for each voxel is 

known. In addition, an automated method for intrathoracic tumor motion estimation 

from breath-hold (BH) CT imaging using 3D OFM is proposed.  
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2.  Methods and Validations 

 

 

2.1  Optical Flow Theory 

Optical flow [12], the vector field, arises from the relative motion between 

observer and object in the surrounding space. Being demonstrated, optical flow 

virtually can provide useful information about motion structure of the objects and 

spatial arrangement. Actually, optical flow algorithms effectively estimate the motion 

fields. Optical flow is one of the methods used in deformable image registration. This 

method registers images based on the image content properties and provides outputs 

of voxel-to-voxel displacement vectors, or velocity matrix.   

The optical flow algorithm differs from other methods of image deformable 

registration by its ease of use and precision in mapping structures of interest. There is 

no user intervention required to select matching control points and the entire image 

volume is mapped in one step. 

Many different optical flow algorithms have been described in other studies, 

including intensity gradient based methods, frequency based methods, correlation 

based methods, etc.  

The classical intensity gradient based methods calculate image deformation from 

the spatial derivatives of image intensities. It requires that the image domain be 

continuous in space and time (differentiable). Usually, a smoothness constraint is 

needed to compute optical flow over large regions.  

The frequency based methods calculate optical flow in the Fourier domain.  

One advantage of these methods is that they can calculate motions in images that are 

difficult for intensity gradient based methods to calculate, such as the motion of 
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random dot patterns. Typically, frequency based optical flow methods do not have the 

ability to provide intervals to the calculated velocities. They can only determine 

whether a velocity is found at a specific location. 

The correlation based methods use feature matching to calculate optical flow.  

These methods may work fine with images of poor signal-to-noise ratio while 

gradient or frequency based methods may have problems. These methods usually 

require matching features in images to perform the optical flow calculations. But most 

features in images are usually easy to mismatch. Thus the accuracy of these methods 

is usually poorer than the accuracy of gradient and frequency based methods. 

For spatiotemporal energy-based methods, translation of the motion in the 

space-time plane to the frequency plane is completed; and analysis of the location of 

the maximum energy in frequency planes is then applied to compute the optical flow. 

Besides the fundamental methods described above, some optical flow programs 

use additional techniques to overcome specific problems. For example, all three 

fundamental methods have problems with occlusion and transparency. Binary line 

processes have been implemented to model intensity discontinuities, which are 

classified as multiple motion methods. To improve the accuracy of optical flow 

calculations, temporal refinement methods have been developed in which the optical 

flow calculation is performed not only on one pair of images but on the integration 

over time basis. 

 

2.1.1  Optical Flow Computation 

Consistent with most motion estimation algorithms based on image intensities, 

the basic assumption in this 3D optical flow algorithm is that the intensity of any 

infinitesimal volume changes little with time, indicating that the material is 

incompressible. This is expressed mathematically as [12],   
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( ) ( ), , , , , ,f x dx y dy z dz t dt f x y z t+ + + + =                      (2.1) 

where f(x,y,z,t) denotes the image intensity at a point (x,y,z) at time t.  

Expanding the left hand side in a Taylor series 

( )
( )
( ) ( ) ( )

( )

, , ,

, , ,

, , , , , , , , ,

, , ,
higher  order  terms

f x dx y dy z dz t dt
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           (2.2) 

and substituting equation(2.1) into (2.2) yields the optical flow equation: 

( ) ( ) ( ) ( ), , , , , , , , , , , ,
0x y z

f x y z t f x y z t f x y z t f x y z t
v v v

x y z t
∂ ∂ ∂ ∂

+ + + =
∂ ∂ ∂ ∂

 (2.3) 

where Vx = dx/dt, Vy = dy/dt, Vz = dz/dt, are originally defined as the three 

components of the velocity that describe the spatial change rate of the voxel with 

respect to time. They are actually the three components of the spatial displacement of 

the voxel between the two image sets involved in an optical flow calculation. The 

optical flow calculation determines these three components for each voxel. 

To solve equation (2.3) for the three components of the velocity, Horn & 

Schunck’s velocity smoothness constraint [12] is extended to 3D to minimize the 

Laplacians of the three components: 
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                (2.4) 

To allow some intensity variation between images, another non-zero term is 

introduced: 

( ) ( ) ( ) ( ), , , , , , , , , , , ,
zx y of

f x y z t f x y z t f x y z t f x y z t
v v v

x y z t
ε

∂ ∂ ∂ ∂
+ + + =

∂ ∂ ∂ ∂
     (2.5) 
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The weighted contribution of the errors, 2
ofε and 2

sε , over the image volume, V, 

is the total error, ε , to be minimized. Thus, to obtain the velocity solution for each 

voxel, the quantity  

[ ]∫∫∫ +=
V

sof dzdydx222 εαεε                                (2.6) 

where α  is interpreted as a weighting factor, is minimized through variation. 

Applying variational calculus, the three velocity components are calculated using 

three Gauss-Seidel iterations, the equations for which are as follows: 
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               (2.7) 

An optical flow calculation requires input of a source image and a target image. 

The output from the calculation includes the 3D velocity matrix data file equal to each 

voxel’s displacement and an estimated image to assemble the target image. 
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Figure 2.1: The flowchart of basic 3D optical flow method 

 

2.1.2  Iterative-Amendment Feature 

The Horn and Schunck method calculates optical flow by iterating the equation 

in 2.7. However, this original method causes errors in registration if object motion is 

seriously. Optical flow equations depend on calculating the difference between 

images and finding the matched images in the next frames. If object movement is 

large, or if no features overlap between two consecutive images, the Horn and 

Schunck optical flow method may not produce a reliable velocity flow field. 

To correct for this problem, we revised the Horn and Schunck optical flow 

method with a deformed image, determined by the velocity field estimated from the 

source image. By this revised method, we could modify features to the covered 

pattern according to the correct patterns in the next frame. This process would correct 

some information for motion estimation and help to achieve a suitable velocity field. 
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Figure 2.2: The modified flowchart of the 3D optical flow process 

 

2.1.3  Multi-Resolution Feature 

Originally, the optical flow method could only handle very small displacements, 

less than one voxel difference, limiting its applications. This problem was solved by 

implementing a multi-resolution technique, with larger voxels at lower resolution.  

The registration starts at a user given resolution level that is a 2 to the nth power 

multiple of the original resolution, and increases hierarchically until the finest 

resolution is achieved. Figure 2.3 shows the flow chart of the multi-resolution feature. 
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With the multi-resolution feature, optical flow is more suitable to radiotherapy image 

registration applications where relatively large image changes may often occur. 

 

Figure 2.3:  Multi-resolution flow chart. In the figure, restart optical flow means starting the 

registration with the velocity matrix resulted from previous resolution level 

 

2.2  Thin Plate Spline Function 

The thin-plate spline (TPS) mapping function can be used to determine a 

deformation function according to two sets of corresponding control points on the 

relative images. To apply this function, the matching information of the image spatial 

distribution can be integrated effectively. In fact, the theorem of TPS is to map the 

pixel information obtained from image A to another corresponding image B. TPS 

always matches the corresponding coordinate information exactly, and keeps the 

entire image’s deforming energy to a minimum. 
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2.2.1  Shape Transformation 

A 3D thin-hyper-plate spine algorithm was developed based on our existing 2D 

version [13, 14] following the outline given by Bookstein [15]. The displacement of 

the solid volume from the hyper-plane is given by  

( , , ) ( )v x y z U r r= − =  (1) 

The function U is a fundamental solution to the tri-harmonic equation of shape 

for a thin hyper-plate displaced by v(x,y,z) above the (x,y,z)-hyper-plane. The 

functions U(r) satisfies the equation: 

22 2 2
2

2 2 2U U
x y z

⎛ ⎞∂ ∂ ∂
Δ = + +⎜ ⎟⎜ ⎟∂ ∂ ∂⎝ ⎠

 (2) 

Two sets of coordinates are related through the mapping transformation, where the 

coefficients are determined by the set of pairs, by the equations: 

 ( )( , , ) ( , , )1
1

n
f x y z a a x a y a z w U P x y zx y z i i

i
= + + + + −∑

=
       (3) 

where ( ), ,i i i iP x y z=  

 

2.3  NCAT Digital Phantom 

The dynamic non-uniform rational b-splines (NURBS)-based cardiac-torso 

(NCAT) phantom [16] was developed modeling the organ shapes with 

three-dimensional non-uniform rational b-splines (NURBS) surface using human 

image data as the basis for the formation of the surfaces. The utility of the NCAT 

phantom was demonstrated by using it in pilot simulation studies for two different 

medical imaging modalities, myocardial single photon emission computed 

tomography (SPECT) and x-ray computed tomography (CT). In fact, the NCAT 
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phantom can be used to study the development of image acquisition strategies, image 

processing and reconstruction algorithms and compensation methods. In addition, it 

can be used to research the effects of anatomical variations and patient motions, such 

as the beating heart and respiratory motions, on medical images. 

 

 

Figure 2.4:  NCAT Thoracic Phantom 

 

The 4D NCAT phantom is a computer generated phantom consisting of 

non-uniform rational b-splines (NURBS) representing a human thorax with realistic 

anatomy structures modeled from the Visible Human Project dataset. The NCAT 

software generates a series of simulated CT volume of the thorax at various points of 

respiration. A voxel-to-voxel map from R3 to R3 relates each of the image volumes to 

the initial reference position. The effects of cardiac and pulmonary motion on imaging 

and on radiotherapy treatment are readily evaluated with simulations using the NCAT 

phantom. Both male and female phantoms are available and with modification a 

tumor can be placed any where in the lungs. A detailed lung geometry with bronchial 

branching filling the entire lung field is developed. As radiotherapy moves into 4D, 

this realistic phantom geometry will provide a test frame for developing new 
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techniques and methods of analysis. 

In this study, we use the digital phantom generated from NCAT to calculate the 

accuracy of dynamic motion estimation by using optical flow method (OFM). As a 

result of two known velocity matrices from NCAT, we can compare the velocity 

matrixes estimated by OFM and generated by NCAT. 

 

2.4  Cost Functions 

Different cost functions are used to evaluate the quality of optical flow 

registration in this study. The equation defining the mutual information(MI) index 

used is given by:  

 

( , )MI U V ∑=
vu VU

UV
UV vpup

vupvup
, )().(

),(log),(                     

 

where u and v are a pair of features of two objects, of which their marginal 

probability distributions are )(up , )(vp  and joint probability distribution is ),( vup . 

 

The equation defining the correlation coefficient (CC) is:  
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where uS  is the standard deviation of object u, vS  is the standard deviation of 

object v, vuS ,  is the covariance of object u and v, and r is a correlation coefficient of 
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u and v with a value between -1 and 1.  The RMS error is determined by the 

following equation: 

 

( )2

1

n

i i
i

u v
RMS

n
=

−
=
∑

                                                         

 

The CC and RMS errors reflect the linear difference between two images, while 

mutual information (MI) also includes the non-linear difference in addition to the 

linear difference. These cost functions evaluate different aspects of registrations. 

 

2.5 Evaluations  

2.5.1  Improvements of Adding Iterative and Multi-Resolution Features 

In order to increase the accuracy of calculations, iterative solutions of OF were 

implemented and proven to be effective. A new feature, 3-dimensional 

multi-resolution registration over coarse-to-fine resolution levels, was implemented 

for more accurate and efficient OF calculation. In this section we quantitatively 

analyzed the improvement that the new feature brought to the software for further 

reference. Since the major barrier to using OF clinically is that OF, and other 

deformable image registration algorithms, is time consuming in calculation, the recent 

improvement to our OF software makes an important contribution to clinical practice. 

OF calculation, without the multi-resolution feature, usually registers images 

correctly if differences between the images are small. If the differences are large (> 2 

voxels in space), longer computations are required and the risk of errors increases 

substantially. The multi-resolution approach starts registrations at a coarse resolution 

level at which the differences are much smaller so that OF can calculate accurately 

and efficiently. The resulting displacement matrix is then expanded to match the size 



 20

of the finer resolution level at which OF continues the registration. The registrations 

are repeated until the registration for the final resolution level is completed. For CT 

images, since the slice thickness is usually larger than the slice pixel size, 

multi-resolution in that direction (z-axis) is usually considered less important. In some 

particular applications (i.e., treatment evaluation) variations in patient setup result in 

differences of CT images in the z direction: these values are often larger than those at 

the slice planes, for which multiple resolution on the z-axis plays a more important 

role. 
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Figure 2.5: 3D multi-resolution curve shows a much better quality. Mutual information was the cost 

function (left) and CC was used as the cost function (right) 

 

As expected, OF with the 3D multi-resolution feature was 10 times faster in 

converging accuracy than OF without 3D multi-resolution, and was approximately 2 

times faster than 2D multi-resolution. In addition to the temporal benefit, the 

registration quality was enhanced: 23% better than OF without 3D multi-resolution 

and 11% better than 2D multi-resolution. MI values were used in evaluating the 

registration quality. Figure 2.5 shows the comparisons. 

 

2.5.2  Phantom CT Displacement and Validation 

A CT image volume of the Radiological Physics Center (RPC) thoracic phantom 



 21

[17] was used for validation of the 3D OFM algorithm with known displacements, as 

shown in figure 2.6. The phantom was displaced 1.2 and 2.4 cm along the z-axis 

producing two target CT volumes. In figure 2.6, the CT image volumes at the origin 

and at a 2.4 cm displacement are superimposed in coronal and sagittal sections 

through the tumor. The superior border of the tumor location is indicated by an arrow. 

The CT voxel sizes were 1 mm × 1 mm × 3 mm. The 3D OFM was applied for both 

displacements, producing two displacement vector sets. The tumor was outlined, and 

the displacement of the tumor volume was calculated and compared with the known 

displacements. The full-width at tenth maximum (FWTM) of the displacement 

histogram, maximum displacement errors of the 3D OFM calculation and RMS errors 

were calculated and reported. 

 

 
Figure 2.6: (A) Sagittal image of the RPC thoracic phantom shown with double exposure image with 

the second image displaced 2.4 cm superiorly. Arrow identifies top of simulated tumor on each. (B) 

Coronal image of the same RPC thoracic phantom shown with double exposure as in (A). 

 

Known displacements of 1.2 and 2.4 cm were applied to the RPC thoracic 

phantom CT image data. Figure 2.6 shows the 2.4 cm displaced phantom 

super-imposed over the undisplaced phantom sagittal and coronal sections through the 

tumor. The superior margins of the tumors are marked by an arrow on the images of 

both the displaced and undisplaced tumors. The 3D OFM was applied between the 
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image volumes, and the displacement of each pixel contained in the tumor volume 

was obtained. A histogram of the displacements is shown in Figure 2.7. The area 

under each of the two curves equals the tumor volume and is the same for both the 1.2 

and 2.4cm displacements. The FWTM of the 1.2 and 2.4cm displacements was 0.008 

and 0.006cm, respectively. The maximum error of any single voxel’s displacement 

estimate is 0.11cm or approximately one-third of the z-dimension voxel size. 

 

 

Figure 2.7: Distribution of voxel displacements for simulated tumour with 12 mm and 24 mm 

superior–inferior displacements. 

 

2.5.3  3D TPS Validation 

A previously described thin-plate spline (TPS) algorithm was utilized to generate 

[13, 15] a fictitious inspiration CT image volume of an entire thorax with a known 

displacement field from a 3D CT data set. The displacement was modeled from the 

selection of corresponding points on the measured expiration and inspiration CT 

image volumes. The expiration CT image set was mapped to the fictitious inspiration 

image set using 3D OFM. The resulting 3D OFM displacement field was compared 
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with the known displacement matrix, and the RMS error was calculated. This 

procedure was performed for one patient with esophageal tumor and for one patient 

with lung tumor with a displacement of 1.5cm between image sets. 

 

 
Table 2.1. The displacement vectors were calculated using 3D OFM between measured expiration CT 

and TPS generated inspiration CT for an esophagus tumor case and a lung tumor case. The table shows 

the RMS error of the 3D OFM displacement with respect to the TPS displacement. 

 

A known distortion was applied to the exhalation CT images from one 

esophageal cancer patient and one lung cancer patient using a 3D TPS algorithm. The 

process is illustrated in Figure 2.8, where the expiration CT image volume (Figure 

2.8A) is deformed following the TPS derived grid (Figure 2.8B) to form the 3D TPS 

simulated inspiration volume (2.8C). The purpose for the calculation is to produce a 

pair of image volumes with a known displacement between them. The displacement 

was modeled from the selection of corresponding points on the exhalation and 

inhalation CT image volumes. The 3D OFM algorithm was utilized to calculate the 

displacement between the exhalation scan and the 3D TPS-generated images. The 

esophagus and lung tumor volumes were manually delineated on the exhalation CT 

image volume. The resulting displacement of the tumor volume from the exhalation 

CT to the 3D TPS-generated inhalation CT was found. The displacement was 

compared with the known displacement between the image volumes. The RMS error 

for each of the component displacements was calculated from the known 3D TPS 

displacement field and the 3D OFM derived displacements.  
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          (A)                       (B)                     (C) 

Figure 2.8: (A) Sagittal expiration CT image of the esophageal tumor with the physician-contoured 

tumor outline. (B) Same sagittal slice now with the TPS algorithm-calculated deformation grid 

simulating inspiration CT superimposed. (C) Simulated inspiration CT calculated from the sagittal 

image in (A) using the deformation grid in (B). 

 

 

           (A)                       (B)                     (C) 

Figure 2.9: Diaphragm motion (a), tumor distortion and 3D motion (b), and chest wall motion (c).  

 

 
Figure 2.10:  The left image shows a coronal view of the expiration CT image volume with the 

physician drawn tumor contour.  The right image is a coronal view of the 3D TPS derived inspiration 

image volume along with the mapped contour. 
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The resulting rms errors are shown in Table 2.1 for each component of the 

displacement and each of the two tumor types evaluated. In all components, the rms 

error was less than 0.25 mm or one-fourth of the voxel dimension in the transaxial 

dimensions. The error was largest in the z-dimension, where the voxel size was 3 mm. 

 

2.5.4  NCAT Digital Phantom Simulation 

An important tool used in this study is the 4D NCAT, a computer generated 

phantom that simulates a thorax with both respiratory and cardiac motion [16].  

However, optical flow has limitation in regions with no local gradients, which is an 

issue about aperture. The aperture problem [18, 19] is a potential difficulty when 

utilizing OFM to perform tracking of a uniform tumor model in the simulations. The 

aperture problem results from one (OFM property) which limits estimation to the 

component of displacement in the direction of the image intensity gradient. Structures 

within a volume help to reduce such errors. A uniform tumor with constant pixel 

intensity would represent a potential difficulty. In this study we will overcome the 

limitation in accuracy that the aperture problem presents through the introduction of a 

small modulation of the tumor intensity. 

 

      

Figure 2.11:  NCAT digital Phantom (left) versus reality (right) 
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The NCAT phantom is modified to generate a simulated lung tumor within a set 

of simulated 4D CT images with known displacement from reference. A 3D OFM 

algorithm is applied to estimate the tumor displacement. A series of phantom sets with 

varying complexity of modulation is generated. The error between the known 

phantom displacement and the 3D OFM estimation is calculated. The modified 4D 

NCAT phantom with small amplitude modulation was utilized in this study. 

 

 

Figure 2.12: Implement flow chart 

 

2.5.4.1  The 4D NCAT Phantom  

In this study the NCAT phantom was modified to allow the insertion of tumors 

within the phantom that move with the surrounding tissue and contain a variable 

modulation of voxel CT value within the tumor. A series of eight 3D simulated thorax 
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CT image sets with respiratory motion corresponding to a tidal volume of 900 cc with 

a 5 cm spherical tumor at the level of the diaphragm were created. Sample output of 

the NCAT phantom is shown in Figure 2.11. Tumor voxel intensity modulation was 

varied and the orientation of the modulation is given in Table 2.2. The peak-to-peak 

intensity modulation was 4 percent.  

 

 

Figure 2.13: These images show the NCAT phantom with tumor present. The transverse, coronal, 

and sagittal views are shown through the tumor center. 

 

The NCAT phantom image resolution was set to 1 mm in the transverse (x,y) 

dimensions and 3 mm in the superior-inferior (z) dimension. The lung tumor in the 

phantoms was placed immediately above the diaphragm to allow maximal movement.  

The tumor moved with the surrounding tissue; the displacement of tissue elements 

between the exhalation and inhalation 3D image sets were provided by NCAT for 

comparison as illustrated in Figure 2.13. 

 

2.5.4.2  Motion Estimation  

The 3D OFM was applied to calculate the displacement field for each of the 

series of phantoms created. The resulting displacement field was compared with the 

known displacements provided by the NCAT software and the resulting errors were 
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calculated. 

 

2.5.4.3  Results 

The orthogonal images through the NCAT phantom are shown in Figure 3.2.  

The tumor modulation for each of the phantom sets created is shown in Figure 3.3 and 

its modulation was kept to 4 percent on our initial series of calculations. The 

displacement errors for the 3D OFM calculated displacement are shown in Table 2.2 

and shown the RMS error for the entire tumor volume. 

 

 
Figure 2.14:  Intensity modulations in the sphere lung tumor created by NCAT: (a) radius + lateral; (b) 

radius +anterior-posterior + lateral; (c) anterior-posterior + lateral + superior-inferior. 

 

Table 2.2: Indicates the tumor modulation direction utilized in each phantom generated (Figure2.14). 

 Radial A-P Lateral Sup-Inf 

a +  +  

b + + +  

c  + + + 
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Table 2.3: The RMS Errors of optical flow estimation with tumor displacement versus intensity 

modulations (Figure 2.14) 

Modulation a b c 

X error (mm) 0. 16 ± 0.01 0.12 ± 0.02 0.16 ± 0.01 

Y error (mm) 0.10 ± 0.01 0.09 ± 0.02 0.11 ± 0.02 

Z error (mm) 0.11 ± 0.01 0.10 ± 0.01 0.11 ± 0.01 

 

 

Figure 2.15: (a) NCAT phantom with displacement vector shown in transverse view; 

 

(b) phantom with displacement vector shown in coronal view; 
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(c) phantom with displacement vector shown in saggital view. 

 

A modified NCAT phantom with small modulations can be utilized to test and 

develop 3D OFM for 4D dosimetry and tumor motion studies. Both 3D OFM and the 

modified NCAT phantom will provide good tools in developing clinical applications 

that use voxel-to-voxel mapping. 
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3.  Elastic Image Mapping for 4-D Dose Estimation 

Thoracic Radiotherapy 

 

 

3.1  Introduction 

Respiratory motion introduces uncertainty in the radiation treatment of thoracic 

malignancies and has the potential to significantly reduce the dose delivered to the 

tumor. Current treatment planning systems do not explicitly account for the 

respiratory motion in radiation dose calculations. The uncertainty due to respiratory 

motion requires an extra margin of normal tissue to be included in the radiation portal. 

The effect of respiratory motion on the delivered radiation dose is the subject of 

ongoing investigations [20-28]. Four-dimensional (4-D) computed tomography (CT) 

imaging allows respiratory motion measurements as an integral component of the 

radiation treatment planning session [29] and has been proposed for use in both dose 

calculation and inverse planning [30]. A 4-D CT thoracic data set consists of multiple 

full 3-D CT thoracic image volumes, perhaps eight or more, sampling the entire 

respiratory cycle. Using a 4-D CT data set, the radiation dose is calculated separately 

for a typical radiotherapy plan on each of the component 3-D image volumes. Various 

ways to integrate these data sets have been proposed. In this study, we introduce an 

elastic image mapping algorithm to allow path integration of the radiation dose across 

the respiratory cycle for each tissue element, providing an estimate of the radiation 

dose to each organ or tumor that includes the effect of respiratory motion. 

 

3.2  Materials and Methods 

3.2.1  4-D NCAT Phantoms 
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 The 4-D NCAT digital phantom software package [16] was modified to allow 

the insertion of tumors within the phantom that move with the surrounding tissue. A 

spherical tumor 3.5 cm in diameter was placed within the phantom with its motion 

characteristics made to follow those of the underlying normal tissue. The NCAT 

phantom software was also modified to provide a map of the displacement vector for 

every tissue element between the component 3-D image sets and the end expiratory 

3-D image set when generating the phantom 4-D image set. The respiratory motion 

was determined by setting the thoracic volume change equal to an average normal 

tidal volume.  

 

3.2.2  Radiotherapy treatment planning  

A 3-D conformal treatment plan was designed using the maximum expiratory 

image volume from the 4-D phantom with the Pinnacle version 6.2b treatment 

planning system (Pinnacle3; Phillips Radiation Oncology Systems, Milpitas, CA). 

Clinical target volumes (CTVs) [31, 32] were generated using 5 mm margins on the 

gross tumor volumes (GTVs) [4]. The treatment plan isocentre was placed at the 

tumor centre on the maximum expiratory image set. No margin was added in the 

superior–inferior direction (z axis) to aid with illustrating the effect of motion on the 

resulting radiation dose distributions. The collapsed cone convolution dose algorithm 

was used for all dose calculations [33]. The isodose distributions resulting from the 

treatment plans are shown in Figures 3.1 and 3.2. The prescription dose was designed 

to provide coverage for 95 percent of the CTV and was set to 60 Gy. 
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Figure 3.1: The simulated CT images from the 4-D NCAT phantom with a lung tumor 3.5 cm in 

diameter located in the right anterior lower lobe adjacent to the diaphragm are shown. The end 

expiration image volume is shown with the 3-D radiotherapy treatment plan isodose distribution 

superimposed in (A) a transaxial view through the tumor centre and (B) a sagittal view through the 

tumor centre. The 60, 55, 45, 30, and 15 Gy isodose lines are shown. 

 

 
Figure 3.2: A series of eight 3-D snapshot CT image volumes was created with equal time sampling 

across the respiratory cycle as a measure of respiratory motion. A sagittal view of the isodose 

distribution is shown for all eight phases of the lung tumor case. A significant challenge in 4-D 

dosimetry involves summation of the multiple component dose distributions to obtain an estimated 

tissue dose. 

 

The treatment plans from image volume 1, the maximum expiratory image set, 

were transposed onto the other 7 image volumes without modification for both the 
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lung and esophagus tumor cases. The resulting set of eight dose distributions, shown 

in Figure 3.2, represented a 4-D dose distribution that included the effect of 

respiratory motion on the original treatment plan (Figure 3.1).  

 

3.2.3  3-D optical flow method deformable registration 

The 3-D OFM is applied to each of the component images with reference to the 

end expiration image (Figure 3.3). The 3-D OFM yields a displacement vector map 

for every voxel, allowing the location of each tissue element in the maximum 

expiratory image volume to be traced through the entire respiratory cycle, represented 

by the eight image volumes making up the 4-D phantom data set. 

 

 
Figure 3.3: This figure demonstrates deformable image registration using the 3-D optical flow method 

(OFM) algorithm. (A) A transverse view of the end expiration CT volume; (B) the corresponding slice 

to the location of the slice in A at end inspiration; and (C) the difference between (A) and (B). The 3-D 

OFM algorithm is applied to register the image volume at end expiration (source) to the volume at end 

inspiration (target) is depicted in (D). A slice from the resulting registered image is shown in (E), and 

depicts the difference between the estimated image (D) and the target image (B). Finally, (F) depicts a 
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projection of the 3-D displacement vectors obtained from the 3-D OFM algorithm projected onto the 

image in (A). 

 

3.2.4  Numerical path integration 

The tissue dose distribution, Dtissue(x,y,z), which represents the dose that each 

tissue element will receive, is obtained from the path integration of each tissue 

element through the entire 4-D dose distribution, Dtissue(x, y, z, t), for each tissue 

element. 

( , )
( , , ) ( , , , )tissue v x t

D x y z x y z t dt= ∫  

, where t is taken over the entire respiratory cycle. 

 

This calculation was performed numerically using the displacement vector 

field, v , for each tissue element. The integrated dose distributions were reinserted into 

the Pinnacle treatment planning system for subsequent analysis. 

 

3.3 Results 

A simulated 4-D CT data set of a thorax with a lung tumor 3.5 cm in diameter 

located in the right anterior lower thorax above the diaphragm was generated with the 

4-D NCAT phantom software. Axial and sagittal views of the phantom at the 

maximum expiratory phase are shown in Figure 3.1. A sagittal view of the isodose 

distribution is shown (Figure 3.2) for all eight phases of this lung tumor case. The 

isodose lines drifted off the lung tumor target as a result of respiration induced tumor 

motion, as illustrated in Figure 3.2. As inspiration increased, the tumor moved 

inferiorly, and the inferior tumor segment received a lower dose. This effect was not 

symmetric, and the region of dose loss was determined by the tumor trajectory. The 

lung tumor moved 0.7 cm inferiorly and 0.7 cm anteriorly from maximum expiration 
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to maximum inspiration. The diaphragm and dome of the liver moved into the 

treatment field changing the radiological depth which distorted the isodose line shapes. 

The CTV coverages at 100 percent and 95 percent were obtained from the DVH of 

each of the component treatment plans and are listed in Table 3.1.  

 

 
Figure 3.4: (A) The dose volume histogram plots for the lung tumor with the treatment plan created 

using an expansion margin for the GTV-to-CTV expansion of 5 mm. The static plan is shown with a 

solid line; the end inspiration plan is shown in dotted lines; and the path integrated plan is shown in 

dashed lines. (B) The 100 percent and 95 percent coverage doses for the CTV vs. the respiratory cycle 

phase. In the figure, the numerical respiration phases on the horizontal axis correspond to the names of 

the respiration phases in Table 3.1. 

 

The coverage doses are shown graphically in Figure 3.4B. The eight individual dose 

distributions were then combined. The 3-D OFM algorithm was applied to each of the 

3-D snapshot CT image volumes to perform elastic (or deformable) image registration 

with the end expiratory 3-D CT image volume as the reference image. The tumor 

displacement between maximum inspiration and maximum expiration as determined 

by 3-D OFM was compared with the known 4-D NCAT displacement, as shown in 

Table 3.2. The error was less than the voxel dimension; the error for tumor 

displacement was 0.57 mm. A numerical path integral was performed, giving equal 
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fractional weighting of one-eighth to each of the component doses. The resulting 

tissue dose distribution, Dtissue(x, y, z), which includes the effect of tumor motion, is 

shown in Figure 3.5. A DVH plot of the lung tumor’s CTV is shown in Figure 3.4A 

for the static tumor, the path- integrated tumor and the end inspiration tumor. The end 

inspiration tumor DVH had the lowest CTV coverage doses of 40.0 Gy for 100 

percent coverage and 50.5 Gy for 95 percent coverage. In contrast, the path integrated 

tumor DVH provided 51.0 Gy for 100 percent coverage and 57.5 Gy for 95 percent 

coverage. 

 

 
Figure 3.5: The tissue isodose distribution is shown in axial and sagittal sections through the tumor 

center. Both views show asymmetric loss of dose to the inferior portions of the tumor. The isodose 

lines sag with a downward curved trajectory as they extend from the tumor to the anterior skin. The 

4-D dose distribution for the lung tumor case is shown, consisting of a 3-D distribution for each of the 

eight respiratory phases. A numerical path integration was performed using the 3-D OFM 

displacements to determine the path for each pixel volume. The resulting summed 3-D dose 

distribution is shown (A) in an axial section and (B) in a sagittal section. An arrow indicates an area of 

significant loss of the coverage dose. 
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Table 3.1: The 95 percent and 100 percent coverage doses for the clinical target volume formed from 

the gross tumor volume and a margin of 5 mm. 

 
 

Table 3.2: Tumor displacement comparison between the 4-D NCAT known displacement and the 3-D 

OFM calculated displacement. 

 

 

3.4 Discussions 

In this study, a deformable 3-D image registration algorithm, 3-D OFM, was 

used to map the trajectory of a potentially deformable moving target. The algorithm 

gave excellent results when compared with the known displacement of the 

computerized thoracic phantom. Path integration was performed for each tissue voxel 

from the reference image volume across the 4-D dose distribution data set. The 

resulting dose distribution was deformed in an asymmetric manner reflecting the 

motion trajectory. This finding is in contrast to the method proposed by Lujan et al 

[27]. Lujan proposed the performance of a convolution to account for the effect of 

respiratory motion on a static dose distribution, resulting in a blurred dose distribution. 

In this study the dose distribution was found to change as a result of patient motion 
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and the subsequent changing radiological paths. A loss of tumor coverage was the 

most significant effect for the lung tumors in the treatment plan studied. Finally, in 

this study, the 3-D OFM algorithm was used to determine the tumor trajectory from a 

4-D CT data set. The measured error associated with this algorithm has been 

described previously as less smaller than the voxel dimension. In this study, 

agreement was found with the previously described accuracy, and the tumor 

displacement estimate derived from the 3-D OFM was in agreement with the known 

4-D NCAT displacement. 

 

3.5  Conclusions 

The loss of complete (100 percent) CTV coverage was the predominant effect of 

respiratory motion observed in this study. Elastic image mapping made it possible to 

combine the component 3-D dose distributions generated from a 4-D CT data set into 

a single 3-D tissue dose estimate. The 3-D OFM method yielded an error smaller than 

the voxel dimensions in this study. 
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4.  Validation of 4D Dose Calculations with 4D Phantom 

Measurements 

 

 

4.1  Introduction 

In the treatment of thoracic tumors, respiratory motion may cause a discrepancy 

between the planned dose and the delivered dose [34]. A previous 4D dosimetry study 

using the 3D OF program showed that respiratory motion could also cause loss of 

coverage to the tumors. Currently, although tumor coverage is improved by using 

different techniques such as gating [35], active breath control [36], the use of 

immobilization devices [37], and expanded PTV or ITV in planning [31], such 

techniques present undesirable consequences. Patient comfort may be compromised 

and/or increased toxicity may occur, as the fractional doses to the moving target are 

still calculated and/or accumulated based on static plans, neglecting the matter of 

tumor motion in dosimetry.  

Motion and volume changes in respiration cycles are usually elastic, therefore, 

linear transformation is insufficient in 4D dose integration. To precisely estimate the 

delivered dose to an elastically moving and changing target, a point-to-point 

correspondence for the volume of interest among the 4D image set is needed to map 

the dose from each respiratory phase of multi-frames to a single frame, a process 

known as path integration.  

Many algorithms have been applied to map dose distributions, including finite 

element modeling [38, 39], viscous fluid registration [40], contour-driven thin-plate 

spline, and intensity gradient-based optical flow. For many of these algorithms, 

validation of image registration was either poor or was not pursued in previous studies. 
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By contrast, the contour-driven TPS and the intensity gradient-based OF were 

validated with known displacement image sets and demonstrated accuracy in image 

registration [41]. However, the dose mapping and accumulation was not included in 

the validation for all techniques. Although the accuracy of dose mapping is mostly 

determined by the accuracy of the image registration, this further step from image 

registration should be validated since it also involves 3D linear interpolation 

calculations when the dose grid size is different from the image voxel size.  

Measurement is always the gold standard in validation of dose calculations. In 

addition, dose calculation validation by measurement provides additional convincing 

validation for the image registration algorithm applied in the dose mapping. In the 

experiments discussed in this paper, dose distributions and point doses were 

calculated using the 3D OF program for different 4D setups with phantoms. The same 

4D setups were used in measurements using ion chambers and films. The calculated 

4D doses were compared with static plans and measurements.  

Compared to other geometry based deformable image registration algorithms, 

such as TPS [15], the intensity-gradient based 3D OF program confers several 

advantages (e.g., user-friendly, no control points needed for registration, accuracy). 

Because OF registration is automatic and does not require any control point selection, 

thus no human interference, OF registration quality is consistent. Table 4.1 compares 

OF and other deformable image registration algorithms. In the table, MI is the mutual 

information algorithm [43] that is widely used in non-deformable image registration, 

and BM (block match or feature match) is a feature matching deformable registration 

algorithm [44]. The BM algorithm usually registers high frequency points precisely, 

such as edges and corners, but gives relatively large errors to low frequency points 

(i.e., slow or non-changing volumes) which usually make up the majority of an image. 

At the initial stage of the study, a motion table built at The University of Texas 
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MD Anderson Cancer Center was used. This was later replaced by a motion table 

built with CT compatible materials for this 4D dosimetry study. A 4D dose path 

integration was performed on a moving thoracic phantom and a Capintec phantom 

using the 3D OF program.  

A 3D linear interpolation computer program was written in C programming 

language to transfer dose grid data into the CT image voxel frame so that the 

displacement matrixes from OF calculations could be used to map dose distributions 

from one image set to another. The OF calculated relative dose distributions and 

absolute point-doses were compared with measurements.  

 

4.2 Materials and Methods 

4.2.1  Optical Flow Method 

The optical flow method with iterative amendment and multi-resolution features 

were applied to image registration on different phases of phantom CT images. 

 

4.2.2  Motion Tables 

An easy way to simulate respiration motion with a phantom is to move the 

phantom reciprocally. A motion table that moves in one dimension is good enough to 

carry out the simulated motion (Figure 4.1). The platform of the table where the 

phantom set was built with all CT compatible materials. The table required 

pre-programming to generate command lines. These were sent to the motion 

controller via the hyper terminal, which is a built-in RS232 interface that exists on 

every personal computer (PC). A user-friendly computer interface program was 

developed for the motion table (Figure 4.2). A few parameters were required to be 

input to the interface, such as speed, acceleration / deceleration rates, motion range, 

etc. Since people tend to hold their breath for a little time at the end of expiration, the 
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control interface is programmed to reflect this behavior. Pre-programming was not 

needed when changing the motion profile. The Windows based computer program 

communicated with the motion controller via the RS232 interface. The motion range 

was 0-15 cm maximum; the range for respiratory motions was typically 0-2 cm. The 

first table had the advantage of being programmed for very complicated motion 

profiles, whereas the advantage conferred by the new table was overall ease of 

operation. 

 

 

 

Figure 4.1: 4D CT scanning for the RPC thoracic phantom. While being scanned, the phantom moved 

at 18 cycles per minute, 2 cm travel distance in the SI direction. The same setup was used in dose 

delivery with the same motion pattern.  

 

In this study, the frequency of the respiration motion was set at 18 cycles per 

minute, which is a typical human respiration frequency. The motion range was set at 

2cm. 
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Figure 4.2: Table and phantom setup for the 4D dose delivery. The table and phantom in this figure are 

different from those in Figure 1. This setup was used in point-dose verification. Treatment plans were 

delivered when the phantom was moving with the motion table in the superior-inferior direction with 

the same pattern when the 4D CT was taken. An ion-chamber and a Capintec phantom were used to 

measure the point-doses. 

 

4.2.3  Phantoms  

Different phantoms were used in the dose distribution and point dose 

measurements. The Radiological Physics Center’s (RPC) thoracic phantom [17] 

(Figure 4.3) was used in the dose distribution measurement. A Capintec phantom 

(Capintec, Inc., Ramsey, NJ) was used in the point-dose measurement (Figure 4.2).  

The RPC thoracic phantom has an ellipsoidal tumor insertion inside the left lung 

where TLD and film can be inserted for dose measurement. For the dose distribution 

measurement in this study, film was inserted in the tumor in all 3 orthogonal views.  

In the point-dose measurement, a Capintec phantom with a Wellhofer cc13 ion 

chamber (Scanditronix Wellhofer, Bartlett, TN) was utilized. This setup was often 

used in the IMRT QA point-dose measurements at Southwestern Medical Center. 
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Figure 4.3: The RPC thoracic phantom. The insertions include the lungs, heart, and spinal cord. In the 

left lung, there is an ellipsoidal tumor insertion where the films are located. The phantom is filled with 

water when scanned or treated. 

 

 
Figure 4.4: The sagittal view of the thoracic phantom with a reciprocal motion in the SI direction. The 

arrows indicate the displacement of the heart. No shape change was involved. The motion was single 

dimensional. 

 

A one-shot phantom was built using polystyrene, originally for IMRT QA. The 

composite point dose and dose distribution were measured using a Wellhofer cc13 ion 

chamber and EDR2 film pack in the same dose delivery. This phantom was used in 

4D dose measurements.  
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4.2.4  4D CT Data 

The RPC thoracic phantom was placed on a programmable motion table to 

simulate respiratory motion. 4D CT imaging was performed on a multi-slice CT 

scanner (Philips Medical Systems, Andover, MA). Figure 4.1 shows the 4D CT 

imaging setup. The reciprocal motion was in superior-inferior (SI) direction. In this 

study, no elastic volume change was involved. The whole phantom moved together 

rigidly. The CT data was binned into eight phases in equal time intervals. Figure 4.4 

shows the overlap sagittal views of the end inspiration and end expiration CT data.  

 

4.2.5  Treatment Planning 

The 4D CT images were sent to a Pinnacle workstation (version 6.2b, Phillips 

Medical Systems, Andover, MA) where a treatment plan was designed on the end 

expiration image set.  The treatment plan was transposed onto the other respiratory 

phases and a 4D dose data set was thus generated.  

For the RPC thoracic phantom dose distribution case, an AP, PA 2-field plan was 

generated on the phantom. For the Capintec phantom point-dose cases, a 7-field lung 

cancer IMRT plan and a single beam 3D plan were copied to the Capintec phantom. 

Point-doses to the tumor center (the center chamber slot on the Capintec phantom) 

and to a point close to the tumor edge (the chamber slot next to the center one) were 

calculated in the plans (Figure 4.5). The point dose to the center of the tumor was 

calculated in static and 4D. The dose distribution at the film plane was also calculated 

for each of the respiratory phases. 

 

4.2.6  Dose Delivery 

In the dose distribution measurement, the end expiration plan was delivered 

using a Varian 2100 linear accelerator (Varian Medical System, Palo Alto, CA) to the 
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RPC phantom while it was moving with the same motion pattern as it was scanned in 

the 4D CT imaging. The dose delivered to the RPC thoracic phantom was recorded 

using radiographic film.  

Similar to the IMRT QA procedure, in the point-dose measurements, the 

measurement system (a Capintec phantom with a Wellhofer ion chamber) was 

calibrated with right and left lateral beams of known dose to the center chamber 

position. The plans then were delivered, and the point-doses were measured using the 

calibration factor and the chamber readings. For the IMRT plan, the composite 

point-doses were recorded. This measurement was designed primarily for the edge 

point dose measurement, since a Capintec phantom had 25 options to select a point 

dose location of interest which allowed a typical edge point to be studied. A point 

dose at the tumor center was also studied for comparison. 

 

 
Figure 4.5: Transverse view of the composite dose distribution of the IMRT plan calculated by 

Pinnacle planning system. The circles represent the available chamber positions on the Capintec 

phantom. (A) The distribution of one end-position of the phantom where the tumor center overlapped 

with the beams’ isocenter. (B) The distribution of the other end-position where the tumor center was off 

the beams’ isocenter by 2 cm. The outer isodose line is the 70% line. The tumor center dose changed 

less than the edge point dose. The displacement matrixes calculated by OF were used to map the point 

doses from these distributions and summed with equal weight. 
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4.2.7  4D Dose Calculations 

Since the voxel size in CT data is usually different from the size of a dose grid 

unit, a 3D linear interpolation computer program was developed to interpolate the 

dose distribution from dose grid system over to the image voxels, and interpolate the 

summed total dose back from image voxels to dose grid cells for further analysis by 

the Pinnacle planning system. Because of the unit size difference between the two 

frames, one image voxel is likely covered by parts of more than one neighboring dose 

grid cells, and one dose grid cell is covered by parts of more than one image voxels. 

Linear interpolation was used to transfer the dose data between the two frames. Data 

were weighted by the volume sizes of the frame units overlapping with the frame unit 

of interest.  

The 3D OF was used to calculate the deformation fields between the CT data of 

the respiratory phases. The deformation fields were used to map the dose distributions 

of the multiple respiratory phases calculated by the Pinnacle planning system onto the 

end expiration phase. In calculating expanding volumes, occasionally one voxel in a 

phase became larger than a corresponding voxel in a subsequent phase. In this 

instance, the same dose was used for all of the expanded voxels. When calculating 

shrinking volumes, occasionally multiple voxels in one phase were represented as one 

voxel in a subsequent phase. In this instance, the dose for the resulting voxel was 

matched to the dose for the voxels in the former phase. 

Performing numerical path integration, the resulting dose distributions were 

summed with equal weighting since the respiratory phases were in equal time 

intervals. The path integrated dose distribution was compared with the measured dose 

distribution and the static plan. The deformation matrixes of the Capintec phantom 

were used to select point doses from dose distributions of all of the phases calculated 

by the Pinnacle planning system and summed in equal weighting. 
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4.3 Results and Discussion 

4.3.1  Dose Distribution 

Figure 4.6 illustrates the dose distributions of the RPC phantom measurement 

and the corresponding calculation. A coronal section through the static treatment plan 

is shown in figure 4.6A. The 3D OF algorithm was applied and numerical path 

integration performed on the 4D dose distribution data resulting in a single 3D dose 

distribution. The corresponding coronal section is shown in Figure 4.6B. A coronal 

section through the measured dose distribution, which was recorded on two separate 

films, is shown in Figure 4.6C. The comparison between the dose profiles is shown in 

Figure 4.7. The delivered dose distribution had a peak width at 90 percent maximum 

of 38.5mm. The corresponding value for the path integrated 4D plan and the end 

expiration static plan were 42.6mm and 47.0mm. The 50 percent isodose line was 

displaced 0.5mm when compared to the path integrated 4D plan, and was displaced 

8.6mm when compared to the end expiration static plan.  

 
Figure 4.6: Coronal views of the dose distributions A) the static plan on the end expiration phase; B) 

the OF path integrated dose over the 4D image set; and C) the measured dose. It is expected that the 

dose distribution from the static plan covers a range shorter than the 4D dose in the SI direction. The 

path integrated dose is very close to the measurement in the coverage range in the SI direction. The 

measurement dose distribution was recorded by two separate films. The gap between the films is 

represented as a horizontal black line through Figure C. The thin vertical lines within the figure 

represent slices made to fit other films orthogonally in the tumor insertion. 
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Figure 4.7: The comparison of the dose profiles across the central line of the tumor insertion in the 

superior-inferior direction. The OF calculated and the measured dose profiles matched very well, only 

0.5mm off at 50% isodose line. As expected, the end expiration and end inspiration profiles are 

noticeably off the central line. The deep dip on the measured profile is introduced by the gap between 

the two pieces of films (see Figure 4.6C).  

 

Comparison of the dose distribution recorded by the saggital view film and the 

static and calculated 4D dose distributions yielded similar results. The relative dose 

distribution recorded by the film of the transverse view did not reflect a significant 

difference between the 4D estimation and the static plan (Figure 4.8), as that film was 

always inside the beams and was well covered when the dose was delivered. 
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Figure 4.8: Transverse views of the dose distributions of A) the static plan on the end expiration phase; 

B) the OF path integrated dose over the 4D image set; and C) the measured. The film was parallel to 

the direction of the beams and was inserted at the middle plane of the ellipsoidal tumor insertion, thus 

was well within the fields even with the motion of 2cm in range. The relative dose distributions were 

not significantly different. 

 

When a Capintec phantom was used, the calculated IMRT composite point-dose 

with motion was 6 percent lower than that of the static plan for the isocenter, while 

measurement showed it to be 4 percent lower. Calculated with motion, it was 8.6 

percent lower for the point closer to the tumor edge, while measurement showed it to 

be 12.5 percent lower. The discrepancies between calculations and measurements 

were most possibly due to setup errors and the fact that the IMRT doses were not 

equally distributed over all phases. The setup errors were obviously shown in the edge 

point dose measurement: both static plan and OF calculation gave a higher dose than 

that of the center point, while the measurement gave an opposite result due to the fact 

that the edge point was located at a relatively sharp dose gradient volume (Figure 4.5, 

Table 4.2). A few 3D plans of various field sizes were studied. For the worst case in 

3D plans, the agreement between measurements and calculations was within 1.5 

percent. Table 4.2 summarizes the point-dose comparison. 

The current study has only dealt with 1D motion so far. And the phantom itself 

C
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did not change in shape or volume, but moved rigidly with the motion table. The 

results from this 4D dosimetry validation study are promising. Further studies, 

especially the validation in cases of elastic volume change, which are closer to real 

respiration cycles, are in the future work plan. However, due to the nature of the OF 

algorithm it is fair to claim that the conclusions from this study can be extended to the 

elastic volume change cases. A deformable thoracic phantom with TLD insertion 

capability is planned to be built for the further studies.  

 

Table 4.1. Comparison between various image registration algorithms 

Algorithm Deformable Control 

points 

Content 

based 

Quality  

MI  No No Yes Good 

TPS Yes Yes No Good 

BM Yes No Yes Poor 

OF Yes No Yes Good 

 

Table 4.2. Comparison of point-doses between measurements and calculations 

Point 
Static 

plan 

OF 

calculated 
Measured

% diff. 

plan-msr.

% diff  

OF-msr 

% diff  

plan-OF

IMRT 

center 

193.9 

cGy 
183.0 cGy 186.7 cGy 3.86 -1.97 5.95 

IMRT 

edge 

199.1 

cGy 
183.3 cGy 176.9 cGy 12.5 3.63 8.59 

3D center 
258.5 

cGy 
251.4 cGy 247.7 cGy 4.40 1.49 2.86 
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4.4  Conclusions 

The 3D OF algorithm provides the displacement field necessary for numerical 

path integration to map a 4D dose distribution data set into a single 3D dose 

distribution accurately. The resulting dose distribution and point doses were found to 

more closely represent the delivered dose. Therefore, we conclude that the 3D OF 

algorithm confers a substantial advantage over the static plan for a moving phantom. 
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5.  Dose Mapping for Radiotherapy Follow-Up Evaluation 
 
 

5.1  Introduction  

Two methods of post-treatment evaluation are used to investigate thoracic 

radiotherapy treatment complications. The first method involves utilizing a global 

parameter (e.g., the diffusion length for carbon monoxide [DLCO]) to determine, 

through statistical means and correlation with the dose-volume histogram (DVH), the 

dose distribution pattern that corresponds with the measured impairment [44-47]. This 

method results in parameters derived from the DVH that are statistically linked to 

radiation injury. For example, Lee [44] states that postoperative pulmonary 

complications occur more frequently in patients who receive more than 10 Gy 

radiation to 40 percent or more of the lung tissue. Gopal et al [48] used a similar 

technique with pulmonary function testing (PFT) as the post-treatment assessment in 

lung cancer patients. That study coupled changes in PFT with an empirical 

mathematical model for lung injury. A limitation of this approach is that the link 

between radiation dose and radiographic complication effect is computed through 

statistical measures. The second method used radiographic evidence of local injury 

and attempts to correlate local injury with delivered dose. In this approach, the injury 

is identified through global studies, and the focus of these studies is finding the 

relationship between the radiation dose and the injury. Correlation of the radiation 

doses with the uptake volume imaging studies used to assess injury is an important 

method of determining injury from dose. 

In studies that relate post-radiation radiographic injury with the radiation dose, a 

few methods of data correlation are commonly used (Table 5.1). The first method is to 

manually choose regions of uniform dose on the treatment-planning or radiation 
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therapy (XRT) computed tomography (CT) images and corresponding regions on the 

post-radiation images [50, 51]. The radiation dose is obtained for the entire region of 

interest (ROI) and it is correlated with the radiographic findings for a similar region 

that is drawn on the post-treatment CT or single photon emission computer 

tomography (SPECT) imaging. The correlation or image registration is based on the 

investigator’s personal interpretation. Geara [51] examined the effect of radiation 

dose on the development of lung fibrosis one year after completion of radiotherapy. In 

that study, the XRT CT images were visually aligned with the CT images acquired 1 

year after completion of radiotherapy. The radiation dose was obtained from the 

treatment plan, and the degree of radiographic injury was obtained from the 

post-treatment CT images. In this manual selection method, the goodness of the image 

registration remains uncertain. Levinson et al [50] performed a similar study, 

correlating the degree of lung perfusion loss, as measured on SPECT imaging 

following radiation therapy with radiation dose. This technique is limited to 

radiation-dose distributions where there are homogeneous regions, which may limit 

its use with intensity-modulated radiotherapy (IMRT). In Levinson’s study, the 

manual method was found to produce results that agreed with an automated method 

described below; however, the absolute error remains uncertain.  

The automated method, performs a six degree-of-freedom rigid-body registration 

between the XRT CT image volume and the pre-treatment and post-treatment 

radiographic images using visual criteria [52]. In studies by Marks and colleagues 

[52-57], visual registration between pretreatment XRT CT imaging and post-treatment 

SPECT images was used. The registration of post-radiation SPECT imaging data with 

XRT CT based on visual criteria is subjective and has much potential for introducing 

uncertainties into the analysis. However, this technique was found to agree with the 

manual method previously mentioned [50].   
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The third method includes the combination of three methods: 1) utilizes 

externally placed fiducial markers to align pretreatment imaging studies; 2) the XRT 

CT imaging study, hence dose distribution; 3) post-treatment imaging studies. [53, 56]. 

Although the criteria for alignment of fiducials may be objective, the correlation 

between external fiducials and internal anatomy remains uncertain and may change 

over time. This uncertainty limits the accuracy of the correlation.  

The fourth method utilizes a six degree-of-freedom rigid-body registration 

between lung- surface contours [58, 59]. In this method, it is assumed that regions of 

the lung remain in the same location relative to the radiation-dose distribution 

between the XRT CT imaging session and the post-treatment imaging session.  It is 

also assumed that identical patient immobilization and set-up techniques are used. 

Anatomic shifts, tumor shrinkage or growth, the patient’s breathing patterns, 

variations in equipment set-up, and other changes in the scanner couches may occur 

between the two imaging sessions. These changes become sources of added 

uncertainty and limit the potential accuracy of rigid-body registration. 

Deformable image registration offers the potential to overcome the limitations 

imposed by rigid-body registration, allowing set-up differences and anatomic shifts to 

be accurately accounted for. Deformable image registration has been utilized 

previously to map CT images to positron emission tomography (PET) images 

obtained on different scanner couches and/or different patient positions for the 

purpose of PET attenuation correction [60]. The ideal registration method requires no 

control-point selection or user intervention in the registration process. The method 

should have a solid mathematical foundation with consideration of the underlying 

assumptions of its use, and must be validated for the type of studies utilized. The 

optical flow method (OFM) is one of the methods used in deformable image 

registration. This method registers images based on the image content properties and 
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outputs a voxel-to-voxel displacement vector field called the “velocity matrix.” 

Unlike the thin-plate spline (TPS) technique, another widely used deformable image 

registration method described by Bookstein [15] and Tsai [13], the  

three-dimensional (3D) OFM does not require control points or user intervention.  

3D OFM has been shown to be an accurate method calculate measured motion 

between CT imaging frames, such as cardiac-wall motion [61, 62]. The OFM 

algorithm is based on an assumption that the difference between two image volumes 

is the result of non-uniform displacement. The iterative solution is robust, and when 

the algorithm is performed in multiple steps of increasing resolution, it can tolerate 

moderate differences between the two image volumes. The root-mean-square (RMS) 

error for spatial accuracy was determined to be less than 0.2 pixels in a study of the 

spatial accuracy of our implementation using image sets with known displacements.   

Whole-body FDG-PET imaging was developed to provide oncologic information 

for use, primarily, in evaluating the extent of primary disease and metastases [63-66]. 

In post-treatment PET imaging, the standard uptake value (SUV) in the residual tumor 

has been found to correlate with the risk for residual disease [67]. In the study by 

Inoue et al [68] of 38 patients with suspicion of recurrent non-small-cell lung cancer 

(NSCLC), the sensitivity and specificity of FDG-PET in detecting recurrent disease 

were 100 percent (26/26) and 61.5 percent (8/13) [68]. For the 25 patients assessed, 

the difference in mean SUV between recurrent and benign lesions was statistically 

significant (1.2 +/- 5.7 vs. 3.5 +/- 1.8, respectively; p < 0.0001). FDG-PET may also 

have potential in the diagnosis and evaluation of the response of malignant 

mesothelioma to treatment [69]. Hypermetabolic activity has been observed in 

irradiated tissues, including those with radiographic pneumonitis on imaging with 

PET [70-72]. In post-treatment evaluation of thoracic malignancies, PET/CT imaging 

is beneficial because it provides clinical information in both PET and CT as well as 
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anatomic information for CT image registration. With post-treatment PET/CT 

imaging, evidence of persistent disease and radiation pneumonitis can be obtained 

simultaneously. Accurate correlation between the radiation dose and post-treatment 

imaging is necessary. 

The purpose of the present study is to demonstrate proof-of-concept for use of 

deformable image registration to correlate the radiotherapy treatment planning dose 

distribution with the post-treatment PET/CT image volume, which will facilitate 

investigations of treatment complications, disease persistence, and disease recurrence. 

Three clinical cases of thoracic malignancy are presented to illustrate the type of 

information this new technique will produce, representing a synergy of 

cross-discipline data registration. In this study, we replaced visual and rigid-body 

registration of post-treatment PET/CT to XRT-CT with an unsupervised 3D optical 

flow algorithm, a deformable image-registration technique. 

 

5.2  Materials and Methods 

5.2.1  Optical Flow  

The 3D optical flow program (OFM) has been validated against images of known 

displacements, and the errors were found to be smaller than the voxel sizes. The 

displacement matrix calculated by OFM between two images is employed to deform 

the dose distribution.  

 

5.2.2  Patient Data 

Three patients, each treated for a thoracic malignancy, were selected for this 

study. Each patient had a treatment-planning session in which CT images of the entire 

thorax and upper-abdomen, including the entire liver and both kidneys, obtained at 

3-mm slice spacing on an AcQsim treatment-planning CT scanner (Philips Medical 
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Systems, Cleveland, OH) under normal breathing conditions. A Vac-lock bag 

(Medtec, Orange City, IA) and T-bar (Medtec, Orange City, IA) were utilized for 

custom immobilization. The patients’ arms were place above their heads, and a flat 

radiotherapy table was utilized. After radiotherapy was complete, PET/CT imaging 

was conducted for all patients approximately 3 months after the XRT-CT imaging 

session. PET/CT imaging was performed on a General Electric Discovery ST (DST) 

PET/CT scanner (GE Medical Systems, Waukesha, WI) with a 70-cm bore, which 

allowed patients to be scanned in a position similar to the treatment position. The 

patients were scanned with their arms over their heads as they had on the diagnostic 

scanner table.   

Patient One was treated for esophageal carcinoma with preoperative concurrent 

chemotherapy and radiation therapy [73]. The prescribed dose of radiation was 50.4 

Gy. Patient Two was treated for NSCLC with concurrent chemotherapy and radiation 

therapy (prescribed dose of 63 Gy). Patients One and Two were both treated with 3D 

conformal radiation therapy. The Pinnacle system (version 6.2b; Philips Medical 

Systems) was used as the treatment-planning system. The collapsed cone convolution 

algorithm, which accurately accounts for tissue heterogeneity, was used to calculate 

radiation dose [74]. Patient Three was treated for malignant mesothelioma with 

post-operative radiation therapy using IMRT at a prescribed radiation dose of 50 Gy 

[75]. For each of the patients, a flat radiation therapy table was used for the XRT-CT 

and a curved diagnostic table was used for the follow-up PET/CT. The XRT- CT was 

obtained using 120-kVp x-rays, and it was reconstructed with 0.97mm x 0.97mm x 

3.0mm pixels. The follow-up PET/CT was obtained using 140 kVp x-rays, and it was 

reconstructed with 1.07mm x 1.07mm x 3.3mm pixels. The variation in pixel sizes 

was accounted for in the calculations. 
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5.2.3  Image Registration and Analysis 

In this study, for each patient case, three sets of image volumes are involved. The 

first image set is the radiotherapy treatment planning CT (XRT-CT), for which the 

pixel size is 0.97mm x 0.97mm and a single image is composed of 512 x 512 pixels. 

The slice thickness and axial sampling is typically 3mm. The second set is the 

post-treatment CT (PET/CT) image obtained from the General Electric PET/CT 

scanner, which also has a pixel size of 1.07mm x 1.07mm and is composed of 512 x 

512 pixels.  The slice thickness and axial sampling is 3.3mm. The third image set is 

the post-treatment PET, which is also obtained using the General Electric PET/CT. 

The PET image has poorer resolution than the CT image because it is composed of 

smaller-size pixels (5.5mm x 5.5mm) in a lower density (128x128 pixels). The slice 

thickness is 3.3mm, the same as that of the post-treatment CT image. To register the 

three image sets, the XRT-CT and the PET-CT are sub-sampled to a coarser 

resolution at a density of 256 x 256 pixels in a transverse slice, and the PET image is 

interpolated to 256 x 256 linearly. The registration between the PET-CT and PET 

images is assumed to be accurate because these images are acquired at approximately 

the same time using the same machine in a single patient setting. The 3D OFM is used 

to register the XRT-CT and the PET-CT. 

Table 5.2 lists each patient’s primary malignancy and the clinical findings 

demonstrated on the PET/CT image.  For each patient, the XRT-CT image volume 

was registered with the PET-CT image volume using the 3D OFM. The PET/CT 

image set was truncated to cover the same axial range as the XRT-CT image set.  

The 3D OFM is applied with the XRT-CT as the source image volume and the 

PET-CT as the target image volume. No user intervention was required to process the 

3D optical flow algorithm. A displacement matrix was calculated using the 3D OFM, 

relating each pixel in the XRT-CT to a corresponding location in the PET-CT.  
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Because the radiation treatment dose grid is based on the XRT-CT geometry, the dose 

is registered with the follow-up PET/CT using 100 iterations and four levels of 

hierarchical resolution.  

Each PET/CT image set contains ROIs, either pneumonitis or foci suspicious for 

disease persistence. Contours were drawn using the Pinnacle treatment-planning 

system on the PET or CT from the follow-up PET/CT image set. The radiation dose 

was mapped to the follow-up PET/CT using the displacement matrix previously 

calculated using the 3D OFM. The corresponding dose in the ROIs was obtained on a 

pixel-by-pixel basis using the mapped radiation dose distribution. Fusion images were 

generated showing the radiation dose overlaying the PET or CT image from the 

follow-up image set. 

The rms error was calculated with the PET-CT image volume as the known 

target. Calculations were performed for all voxels using the XRT-CT and the 

mapped CT images as estimates. The rms error was calculated using the 

following equation: 

 rms error  
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where PET CT
ip −  represents the intensity of the ith voxel within the PET-CT image 

volume and XRT CT
ip −  represents the intensity of the ith voxel within the XRT-CT 

image volume. The rms error of the 3D optical flow calculation is estimated by 

replacing the XRT-CT data in the equation with the mapped CT data (from XRT-CT to 

PET-CT). 
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5.3  Results 

5.3.1  Case One 

The 3D optical flow algorithm applied to this case is compared with visual 

alignment in Figure 5.1. The XRT-CT and the follow-up PET-CT image volumes 

were manually aligned with the most superior image containing nearly identical 

vertebral body structures. The image superior-inferior spacing was 3.0mm for the 

XRT-CT and 3.3mm for the PET-CT. An XRT-CT and a PET-CT from the same 

axial slice number in the middle of the image volume are shown in Figure 5.1. The 

images are overlain, illustrating the mismatch between the images. The displacement 

matrix obtained from 3D OFM is applied to the XRT-CT image volume mapping it to 

the PET-CT image volume and is shown in the lower half of the figure. Figure 5.2 

summarizes this result for two orthogonal planes through the image center. Figures 

5.2A and 5.2B are coronal and sagittal slices through the XRT-CT image volume, 

which was obtained during free-breathing. Figures 5.2C and 5.2D are coronal and 

sagittal slices through the PET-CT image volume, obtained at mid-inspiration 

breathhold. The 3D OFM displacement matrix is applied to the XRT-CT (Figures 

5.2A and 5.2B) in order to map the image volume to the PET-CT (Figures 5.2C and 

5.2D). The resulting coronal and sagittal pair is shown in Figures 5.2E and 5.2F. The 

difference between the 3D OFM registered XRT-CT and the PET-CT were calculated 

and the corresponding sagittal and coronal images are shown in Figures 5.2G and 

5.2H. There are only a few areas of difference, mostly in high gradient regions. The 

lungs and mediastinum appeared to map without significant errors. The rms is given 

in Table 5.3 for the entire image volumes calculated for the original PET-CT and the 

mapped PET-CT with respect to the XRT-CT. The rms error is reduced by a factor of 

4.7 following the 3D OFM mapping. 

A set of ROIs was drawn on both the CT and PET from the follow-up PET/CT 
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over the region shown in Figure 5.3 representing radiographic pneumonitis (see 

arrows) on the CT and inflammation on the PET. The corresponding dose mapped 

using the displacement matrix onto the images is shown in Figures 5.3E and 5.3F.  

The arrows are identically located to depict the region of radiographic pneumonitis on 

the PET and CT of the PET/CT images in Figure 5.3. A histogram of the radiation 

dose delivered to the CT-drawn ROI and to the PET-drawn ROI is shown in Figure 

5.4. Of note, there was more uncertainty in defining the edge of the pneumonitis on 

the CT than on the PET images. The PET ROI has a broad dose peak between 30 and 

44 Gy with a low dose tail extending to 0 Gy. The prescription dose was to 50.4 Gy, 

with the 95 percent isodose line providing coverage of the planning target volume 

(PTV). The CT ROI has a peak between 0 and 6 Gy and second broad peak between 

25 and 44 Gy.  The second broad peak from the CT ROI histogram overlaps the PET 

ROI histogram peak. The main difference between the two histogram curves, at the 

low dose range, may result from the uncertainty in delineating the region of 

pneumonitis on the CT images. 
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Figure 5.1: Flow diagram of the deformable image registration process used in this study. The 

pre-XRT treatment planning CT scan is the source image volume and the post-XRT CT, from the 

PET/CT, is the target. 3D OFM algorithm is applied to generate the displacement vectors between the 

source and target. A mapped image volume, where each pixel has been displaced is calculated. 

 

 
Figure5.2: The top image pair (A, B)is from the radiotherapy planning CT. The second image pair (C, 

D) is from the post-treatment PET/CT CT. The third image pair (E, F) is the result of applying 3D 

OFM to register the first to the second pair. The fourth image pair (G, H) is the difference between the 

3D OFM registered image volume and the PET/CT CT volume. 
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Figure 5.3: Case 2 shows the CT image volume acquired during the PET/CT image session one month 

following completion of radiotherapy. Arrows are placed to correspond to a region of radiographic 

pneumonitis. The FDG PET scan is overlain with the CT in the middle images (C, D). The radiotherapy 

dose is warped to the post-treatment PET/CT and overlain with the CT on the right (E, F). 

 

Figure 5.4: This figure shows graph of dose versus volume for the pneumonitis ROI drawn from the 

PET (triangles) and from the CT (circles). 
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5.3.2  Case Two 

This patient received concurrent chemotherapy and radiation therapy for stage 

IIIA NSCLC. A PET/CT image was obtained one month after completion of 

treatment. Though asymptomatic, a large region with radiographic pneumonitis was 

found on the CT portion of the study (Figure 5.5A). The 3D OFM algorithm was 

applied to this case, and a transaxial image set is shown in Figure 5.5 with the 

post-treatment CT (A), PET/CT (B), and dose distribution mapped to the 

post-treatment CT images (C). The rms errors of the pre-mapped and mapped 

XRT-CT compared to the PET/CT CT are provided in Table 5.3. The 3D OFM 

reduces the rms error by a factor of 3.3, approximately one third of the original value. 

There were substantial differences between the two CT images, including a reduction 

in size of the primary tumor and the development of radiation pneumonitis at the 

inferior margin of the radiation field. Both of these changes were significant and 

might contribute to a residual difference between the mapped pre-treatment CT image 

and the PET/CT CT image sets. 

The area of pneumonitis was identified on both the post-treatment CT and PET 

images. An ROI was drawn for each, and the corresponding radiation dose was 

obtained from the mapped radiation dose. As in Case One, the boundary of the 

pneumonitis ROI was more readily identified on the PET images than on the CT 

images, and the CT based ROIs were consistently larger. The radiation oncologist had 

more uncertainty in defining the CT-ROI versus the PET-ROI. A histogram of the 

radiation dose found in the CT-ROI and PET-ROI is shown in Figure 5.6. The 

CT-ROI resulted in a peak in the low-dose region, which might be due to the 

uncertainty in defining the edge of the effected area. The PET-ROI was more uniform, 

except for a low-dose peak between 35 and 45 Gy and a high dose peak. Both peaks 

were also present and more pronounced on the CT-ROI-derived histogram.   
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Figure 5.5: Image A shows a CT image below the level of the tumor from the post-treatment PET/CT 

image set with radiographic pneumonitis. Image B shows the corresponding PET overlaid on the CT 

image. Image C illustrates the warped dose distribution overlaid on the same CT image. 

 

Figure 5.6: This figure shows a graph of the distribution of dose values contained within the region 

identified with radiographic pneumonitis on the post-XRT CT images for Case Two.  The Y axis 

name, Volume, is diplayed unusually: can you flip it so that it is spelled in an upward direction rather 

than in a downward direction? 
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The difference between the PET-ROI and CT-ROI histogram curves might result 

from the uncertainty in delineating the region of pneumonitis on the CT images as 

well as differences in content of the ROIs. The PET-derived ROI reflected regions 

with hypermetabolic activity resulting from either inflammation or tumor persistence. 

This patient remains only mildly symptomatic from radiation pneumonitis with a dry 

cough. 

 

5.3.3  Case Three 

This patient received adjuvant IMRT to 50 Gy after extrapleural pneumonectomy.  

A suspicious mass was seen on follow-up CT imaging, and a PET/CT revealed 

suspicious hypermetabolic foci at six discrete locations. In this case, we sought to 

determine whether the suspicious regions received the full prescription dose of 50 Gy.  

The 3D optical flow algorithm was applied to register the PET/CT CT images, hence 

PET with the pre-treatment radiation therapy planning CT image. There were six 

regions suspicious for recurrence, identified in Figures 5.7A and 5.7B.  The rms 

error values of the pre-mapped and mapped XRT-CT compared to the PET-CT are 

given in Table 5.3.  There is a four-fold reduction in the RMS error for the mapped 

image versus the unmapped image volume when compared with the PET/CT CT 

image volume. The residual differences could be caused by differences in the CT 

acquisition properties, as the CT images were acquired on different CT scanners with 

different imaging parameters and patient couches. Alternatively, there are possible 

changes in the patient’s anatomy in response to treatment.   

 The radiation therapy dose was mapped using the displacement matrix and is 

overlain on the CT image volume in Figures 5.7C and 5.7D. On review of the 

treatment plan without using image registration, it appears that all of the 

hypermetabolic regions on the PET images were contained in the high-dose regions. 
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A set of ROIs were drawn surrounding each of the suspicious regions from the PET 

images. With the mapped radiation dose and the drawn contours, a set of histograms 

representing the dose found at each of the recurrence sites is shown in Figure 5.8. 

Two of the most inferiorly located hypermetabolic regions were found to have low- 

dose regions; these are highlighted with arrows on Figure 5.8. The dose extends as 

low as 36 Gy for those two regions. All of the other regions, however, are found 

entirely above 50 Gy. Thus, recurrence from marginal miss will not explain all of 

these suspicious areas on the PET images.   

 
Figure 5.7: This figure shows recurrent mesothelioma. Image A shows the PET/CT with recurrence 

(regions 1, 2, 4, 5, and 6). Image B shows the recurrence (region 3). Images C and D show the planning 
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dose on pre-treatment XRT planning CT. Images E and F show the dose distribution warped with 3D 

OFM and superimposed on the post-treatment PET.   

 

 
Figure 5.8: This figure shows a graph of the distribution of dose values contained within the regions 

identified as hypermetabolic and suspicious for local recurrence on the post-XRT PET images for case 

5. Six areas suspicious for recurrence were contoured. On two of the regions there is a low dose 

component (see arrows) which received less than the prescribed dose of 50 Gy. 

 

 In summary, 3D OFM allowed the IMRT dose distribution to be mapped onto the 

post-treatment PET images in this case, where there were findings suspicious for 

marginal miss recurrence. A histogram analysis obtained for hypermetabolic regions 

on the PET images revealed that only two of the six regions had portions below the 

prescribed dose of 50 Gy. A biopsy for this patient is presently planned. 

 

5.4  Discussions 

Correlative studies of post-radiation therapy complications or disease recurrence 

may benefit from the use of the spatial information contained in post-treatment 

radiographic imaging studies, including PET/CT. The use of the spatial information 

requires an accurate spatial registration of the delivered dose with the post-treatment 
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imaging studies. Table 5.1 lists five spatial registration techniques described in the 

literature for correlative studies. Each of these methods requires meticulous 

intervention by the investigator to provide a best guess at image volume registration. 

Another difficulty in evaluating post-treatment imaging studies is that diagnostic and 

treatment imaging functions are performed in different clinical departments. The ideal 

scenario is utilization of an automated data registration process that will accurately 

register the multi-disciplinary data without user intervention from the involved 

disciplines. In this study, we demonstrated the use of deformable image registration in 

providing spatial registration between the post-treatment PET/CT and the radiation 

therapy dose. We are interested in determining the amount of radiation received by 

each voxel in the post-treatment images. No user intervention was required during 

either the imaging session or the registration process. The 3D optical flow algorithm 

provides a robust deformable image registration approach. An improvement in the 

rms error when utilizing the 3D OFM to correlate the images was observed and is 

provided in Table 5.3. 

The rms error of image intensity may under estimate the error or improvement 

in image alignment, especially when there are large areas of close intensity values.  

For example, suppose a voxel of a CT value of 500 is mis-aligned by 5mm, and the 

corresponding location has the same CT number. The contribution of this mis-aligned 

voxel to the rms error calculated using equation is zero. This underestimation of error 

is less significant as the registration approaches perfect alignment. Thus, the 

comparison in Table 5.3 may undervalue the improvement of image registration 

provided by 3D OFM. A better way to evaluate the 3D OFM registration is to 

calculate the rms errors of displacement rather than image intensity.  However, this 

calculation requires a priori knowledge of the displacement for each voxel. The 3D 

OFM used in this study has previously been evaluated by calculating rms errors of 
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displacement against known displacements provided by the 4D Nurbs-based 

cardiac-torso (NCAT) digital phantom. 

One drawback when applying deformable image registration to obtain objective 

numerical estimations is the uncertainty regarding the error of registration when 

evaluating a clinical case. We have found there are situations in which the errors of 

registration may be larger than anticipated from the rms error. An example of this 

kind of error is the counterfeit structure artifact. This type of error occurs when there 

are large structural changes between the source and target image (e.g., due to surgery 

or biologic processes such as passage of stool). The artifact can be prevented by a 

pre-processing step that removes any new extraneous structures. We are attempting to 

characterize and categorize these potential sources of uncertainty. We envision a 

process similar to one developed for dose calculations in the thorax, in which error 

correction terms were introduced and algorithms were refined over many years. For 

the majority of cases that we have investigated, the degree of alignment is similar to 

the cases described in this paper. In cases that were specifically created with a known 

displacement, the average rms error was less than 0.2mm and the maximum error was 

less than 2mm. We are also searching for a parameter that may provide a numerical 

index of the goodness of registration without requiring a prior knowledge of the 

displacement between images. 

The potential improved signal-to-noise ratio with a more accurate image 

registration may improve the sensitivity of studies to reach statistical significance.  

For example, Fans’ study [53], in which statistical significance was almost achieved, 

may benefit from a more accurate registration technique. We are applying this new 

technique to investigate radiographic pneumonitis and disease persistence observed 

on post-treatment PET/CT.  We intend to extend this technique to other radiological 

imaging modalities as well. 
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5.5  Conclusions 

The 3D optical flow algorithm has been applied successfully to investigate 

radiographic pneumonitis as determined on CT and PET imaging, relating local injury 

with radiation dose.  We have successfully determined the dose distributions in 

regions of local recurrence identified by post-treatment PET/CT imaging following 

IMRT treatment for mesothelioma.  In these cases, mapping the treatment-plan dose 

distribution to the follow-up imaging studies provides a link between local 

radiographic injury and radiation dose. 

 

Table 5.1 

Method 
 

Technique Aligned Criteria Limitation Reference

1 Manual correlation Regional Visual Subjective [6, 7] 
2 6-degree of freedom, 

rigid body 
Whole image, 
user defined 

Visual Subjective, 
distortions in 
anatomy 

[8-13] 

3 6-degree of freedom, 
rigid body 

Fiducials Visual or 
objective 

Relation between 
inside and outside 
not constant, 
fiducials placed 

[9, 12] 

4 6-degree of freedom, 
rigid body 

Lung surface Visual Changes in lung 
anatomy not 
accounted for 

[14, 15] 

5 Deformable Whole image Mathematical Verification      -  
Table 5.1: This table compares methods of image registration used in correlating post-treatment 

radiographic studies with radiation dose. 
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Table 5.2 

Patient Number 
 

Primary Malignancy Clinical Finding 

1 Esophagus cancer Pneumonitis 
2 Non-small cell lung cancer Pneumonitis 
3 Malignant Mesothelioma Recurrence 
Table 5.2: The three clinical cases used to illustrate deformable image registration in this study are 

described. 

 

Table 5.3 

Patient Number RMS Error Before 
Mapping 

RMS Error After Mapping 

1 0.465 0.0996
2 0.235 0.0705
3 0.332 0.0864
Table 5.3: The RMS error obtained between the pre-treatment CT images and the post-treatment CT 

images before and after mapping the pre-treatment CT images with the displacement matrix calculated 

using 3D optical flow. 
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6.  2D Semi-Automated CT Segmentation 

 

 

6.1  Introduction 

The outlining of anatomic structures from computed tomography (CT) images, 

as part of the process of radiation treatment planning has become an issue with the 

advent of 3D conformal radiotherapy (RT) and intensity modulated radiotherapy 

(IMRT). Manual CT image segmentation of both tumor and normal anatomy has 

become an essential component of treatment planning. In both three-dimensional (3D) 

conformal treatment planning and IMRT treatment planning, anatomic structures need 

to be visualized in order to assist the treatment planner in determining beam 

geometries and treatment portals that provide target coverage while minimizing the 

irradiation of the normal anatomic structure. Normally, anatomic structures 

surrounded by tissue of similar density cannot be visualized on projection radiographs. 

However, these anatomic structures may be outlined on CT images, because the 

contrast afforded on CT images better delineates the features of the structures. Once 

segmented on the CT images anatomic structures are projected onto a digitally 

reconstructed radiograph (DRR). The delineated boundaries are also used to formulate 

dose-volume histograms (DVH), an important measure by which radiation treatment 

plans are evaluated.  

 

6.2  Background 

A major problem with outlining anatomic structures on CT images is that the 

procedure is done manually and is repetitive, tedious, and time-consuming. Outlines 

are drawn on a slice-by-slice basis, and a skilled dosimetrist may spend an hour or 
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longer on each case. Efficient algorithms are needed to automate this task. Although 

current commercial radiation treatment planning systems offer auto-contouring 

options and contour interpolation between slices, these tools have significant 

limitations. The auto-contouring algorithms used are typically based on histogram 

segmentation, which is also referred to as thresholding of CT voxel values. In one 

such algorithm, the treatment planner selects a pair of threshold CT voxel values that 

form boundaries for the CT values that comprise the region of interest. A point is 

found on the boundary of the region of interest where the threshold is crossed, and the 

boundary is traced all the way back to the initial point. This approach works well for 

anatomic structures that have CT numbers that are significantly different from the CT 

numbers of their surroundings and are completely surrounded by CT numbers outside 

of the threshold values. Examples of such structures are lungs, bones, and the exterior 

contour of the patient, although each of these structures may have regions for which 

this approach to image segmentation does not work well. This approach however does 

not work well for structures bordered by tissue of similar density with similar CT 

numbers. Contour interpolation techniques assume a similarity between the contours 

drawn at the bounding end images and the images between them and make no use of 

image content information. What is needed for the practical clinical cases is an 

accurate and robust automatic method of delineating soft-tissue anatomy on CT 

images. 

 

6.3  Design Considerations 

The purpose of this study is to demonstrate proof-of-concept for a 

semi-automated method of delineating regions of interest based on the techniques 

applied in deformable image registration. The new approach recognizes that the axial 

CT images used in radiation treatment planning are acquired at small intervals in the 
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superior-inferior direction, typically 3 to 5 mm. The patient’s anatomical features do 

not vary in large amounts over these distances. An anatomic structure delineated on 

one axial CT image has a similar relationship with surrounding organs to the same 

anatomic structure on an adjacent slice. Consequently, a deformable image 

registration matrix can be generated to describe the registration of one axial CT image 

with the adjacent image. The elements of this matrix are two-dimensional vectors 

with relatively small magnitudes relating the computed displacement or flow of pixels 

from one image to the next. 

Once this deformation matrix has been determined, the matrix can be applied to a 

contour of an anatomic structure delineated on one axial slice to deform the contour to 

an adjacent slice. This procedure can be repeated for the entire CT image data set to 

generate a complete set of contours for radiation treatment planning. 

For the original contour, the Fourier interpolation (FI) technique is used to make 

this task easier and faster. Only a few critical points are needed instead of tracing the 

whole boundary of the region of interest. 

 

6.4  Materials and Methods 

6.4.1  Image Data Sets 

Twelve different patient 3D CT data sets of entire body or pelvis, thoracic region 

with either 3- or 5-mm slice spacing are used for several segmentation experiments to 

generate lung, esophagus, heart, kidney, spinal cord, prostate, rectum, bladder, and 

gross tumor volumes (GTV).  

 

6.4.2 Fourier interpolation 

FI [75, 76] is used in the first contour delineation. Instead of drawing the whole 

contour of a structure of interest on an axial CT slice, the user needs to pick only a 
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few critical points that usually have high curvature along the boundary of the 

anatomical structure.  

Figure 6.1 gives examples of Fourier interpolation using the critical sampling method. 

The left column of figures in Figure 6.1 shows the original shapes of the regions that 

need to contour, while the middle column shows the critical points selected (for 

Figure 6.1b, N=16; 1e, N=4; 1h, N=8), and the right column gives interpolated 32 (1c), 

128 (1f), 128 (1i) points from Fourier interpolation.  

Experiments on anatomical structure contouring were performed for heart, 

kidney and spinal cord by choosing 8, 8, and 4 critical points respectively (figure 6.1). 

 

 

Figure 6.1: Examples of the use of the FI for contours of various anatomical structures: the left column 

is an example of the application for heart contouring, while the middle for spinal cord and the right for 

kidney. Contrast has been enhanced in images (E) and (F) to permit visualization of the edges of the 

organ of interest. 
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6.4.3  Optical Flow  

The present study uses a deformable image registration algorithm based on the 

optical flow (OF) method. A gradient-based method was chosen from a variety of 

optical flow algorithms [19]. This method implicitly requires small displacements. To 

apply the optical flow formalism to evolve structure contours, the transition from one 

axial CT image, which we will refer to as the “source image,” to an adjacent image, 

the “target image,” is viewed as an evolution over time.  

 

6.4.4  Image Registration and Contour Mapping 

An original contour was delineated by selecting some initial critical points and 

employing the Fourier interpolation method. Next, the images from adjacent slices in 

each image volume were registered utilizing the 2-D optical flow software creating a 

pixel-by-pixel displacement vector field for each adjacent image. The registration 

requires a source image and a target image with the same numbers of pixels in both 

the x and y directions. As the source image was registered to the target image, a 

pixel-by-pixel velocity matrix was created based on the registration between two 

adjacent slices. This velocity matrix was used to deform the contour of the anatomic 

structure of interest on the source image to the target image. The contour points were 

re-sampled to provide equal spacing of the points around the contour set at one point 

per three pixels. Figure 6.2 illustrates the flow diagram required to transform contour 

points from a source 2-D CT image to the adjacent target image. The deformed 

contour was then used as the source contour for the next round of registration to the 

next adjacent image, which became the new target image. This procedure was 

repeated for as many slices as long as no topological limitations were reached. Figure 

6.3 demonstrates an example of OF image registration, where figure 6.3(a) was the 

source image, 6.3(b) target image, 6.3(c) gives the difference between the source and 
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the target images, 6.3(d) displays a velocity matrix from the source image to the target, 

6.3(e) was the deformed image applied by velocity matrix and 6.3(f) shows the 

difference between estimated image and the target image. 

 

Figure 6.2: Flow diagram illustrating contour deformation from one image to an adjacent image using 

optical flow. 

 

 
Figure 6.3: Example of image registration from (A) original image to (B) reference image. The 

original image and the reference image are adjacent slices from a CT scan. The thickness of the slice is 

about 3mm. The difference between the original and the reference images is shown in (C). The 

deformation matrix is shown in (D). The registered image is shown in (E). The difference between the 

registered image and the reference image is shown in (C), which shows little difference in the anatomy 

structures. 
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6.4.5  Multi-Resolution  

Originally, one limitation of the optical flow method was that large variations in 

images on adjacent slices would cause problems in the deformable image registration.  

As a consequence, the separation of the CT slices used in the registration could not be 

too large. For the thoracic CT image data sets with a standard slice separation of 3 

mm, slice-by-slice registration usually does not encounter problems of large image 

changes between adjacent slices. However, multi-resolution is the solution to larger 

displacement problems. If the image size is subsampled to a twofold lower resolution 

in one dimension, a two-pixel displacement in that dimension becomes one pixel.  

Optical flow can thus start from a much lower resolution image subsampled from the 

original and continue the registration with increasing resolution until the original 

image resolution is reached. In this way, large displacements are no longer an 

insurmountable problem. This feature is useful when the CT data sets have a large 

slice separation. The implementation of multi-resolution in the optical flow program 

that we use for the 2D contouring project has not only improved the quality of the 

registration, and thus the contour mapping, but has also yielded a new method of 

contour propagation.  

Without multi-resolution, to avoid the problem of large displacements, the 

contour is propagated slice by slice in the way that the mapped contour from the 

previous slice becomes the original contour for next slice mapping. Although the 

difference between the registered image and the reference image is usually very small, 

as shown in Figure 6.3, the accumulated error of the velocity matrices occasionally 

becomes large after a few slices. As a result the mapped contour appears off the 

boundary of the anatomy structure of interest.  

With multi-resolution, one can register a slice to another slice of the image 

volume that is far apart.  In this manner, the contour can be mapped directly to a 
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distant slice. This implies that a drawn contour can be directly mapped to many slices 

that are not adjacent to the one containing the original contour. For example, if the 

original contour is on the 60th slice, it can be mapped directly to the 70th slice. The 

same original contour on the 60th slice is also mapped to all the intervening slices.  In 

all these mappings, only the drawn contour is used as the original contour. Figure 6.4 

shows an example of a left lung contour directly mapped to a slice that is 15 slices 

apart from the slice that is with the original contour. In this example, the slice 

thickness is 3 mm. This direct mapping technique has the advantage of minimizing 

the accumulated error and maintaining the contour on the boundary of anatomic 

interest. The quality of the mapping depends only on a single calculation and not an 

accumulation of previous calculations.  

 

 
Figure 6.4: An example of the deformable image registration moving the contour of the left lung from 

an original axial slice (A) to the slice that is 15 slices apart from the original slice (B). (C) illustrates 

the deformation vectors. 
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The multi-resolution feature in the 2D optical flow program starts the mapping 

from a user-selected resolution level that is 2n fold of the original resolution. For 

example, for a CT image with 512 × 512 resolution, one can start from a 64 × 64 

resolution. The program sub-samples the 512 × 512 original and reference images to 

64 × 64 images by averaging every 8 × 8 region to a single pixel. After the 64 × 64 

mapping, the program then expands the resulting 64 × 64 velocity matrix to a 128 × 

128 matrix with either linearly interpolated or equal value replication.  Next, the 

enlarged velocity matrix is applied to the 128 × 128 image subsampled from the 

original 512 × 512 to make a deformed 128 × 128 image as the original image.  

Finally, the new deformed image is registered to the 128 × 128 subsampled reference 

image. The process is repeated until the original 512 × 512 resolution is reached. We 

found no significant difference between using linear interpolation versus equal-valued 

replication as the expansion technique for the velocity matrix. 

 

6.5  Evaluation 

The maximum distance between the generated and manually drawn contours in 

units of pixels is calculated as follows: First, calculate the distances in units of pixels 

between each generated contour point and all the manually drawn points and then 

search for the minimum distance. This minimum represents the distance between that 

point and the closest point on the manually drawn contour. The maximum value of the 

minimum distances for all the generated contour points is then used as a measure of 

the maximum distance between the two contours.  

The relative volume error is defined as the ratio of the non-overlap volume of the 

two contours to the volume of the union of the two contours. Thus the extreme values 

of the relative volume error are 0 if the two contour sets are identical and 100% if 

there is no overlap at all. This is stricter than the straight volume ratio of the two 



 84

contoured volumes since the relative volume error takes into account any special 

offset between the two volumes while the straight volume ratio does not. 

 

6.5.1  Automatic Contour Mapping 

The optical flow program has been used to register contours for different 

anatomical structures and tumor volumes, including lung, esophagus, heart, spinal 

cord, carina, kidney, prostate, bladder, rectum, and a liver tumor. The liver tumor was 

chosen because of its difficulty for other automatic contouring methods due to the low 

density contrast between the tumor and the normal liver tissue. Figure 6.4 displays an 

example of the contour mapping using deformable image registration for the left lung 

from an original axial slice (A) to the slice that is 15 slices apart from the original (B), 

and 6.4(C) illustrates the deformation vectors.   

 

 
Figure 6.5: An example of the deformable image registration moving the contour of the heart from an 

original axial slice (A) to the adjacent slice (B). Fig .(C) illustrates the deformation vectors. 
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Figure 6.5 shows an example of heart contour registration on a patient’s CT data 

set. Qualitative review of the contour in Figure 6.5(B) indicates a good fit of the 

contour to the CT image of the heart. It is noticeable that the contour change in figure 

6.5 is much smaller than that in figure 6.4. In figure 6.5, the heart contour is mapped 

to an adjacent CT slice while in figure 6.4 the left lung contour is mapped to a slice 

that is 15 slices apart. Figure 6.6 illustrates a set of esophagus images with contours 

propagated. All the images are parts of a set of 512 × 512 CT images. A relatively 

large number of slices that a single original contour is propagated through are 

displayed in this figure to show the robustness of the optical flow registration. Usually, 

esophagus auto-contouring is a very difficult, if not impossible. 

 

Figure 6.6: Esophagus contours propagated through 32 axial CT images by deformable registration 

using the OF.  The contour on the 1st slice is the only contour delineated manually. Contrast has been 

enhanced in these images to permit visualization of the edges of the organ of interest. 
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6.5.2  Comparison with Manual Contouring 

The contours generated by the program were recognized and accepted by 

physicians and dosimetrists. Experiments were designed to compare the program 

generated contours with manually drawn contours. A skilled dosimetrist and a 

physician drew contours of different anatomic structures and tumors. The mapped 

contours were then compared with the drawn contours. Figure 6.7 and figure 6.8 

shows the results of the comparison of two cases, right kidney and liver tumor 

respectively, in which the dotted lines were contours delineated by the dosimetrist (the 

kidney case) and the physician (the liver tumor case) and the solid lines mapped by 

the program, starting with Fourier interpolation of 4 critical points in slice 1.  

 

 
Figure 6.7: The comparison between contours of the right kidney drawn by a skilled dosimetrist 

(dotted lines) and contours generated by the program (solid lines). The maximum difference between 
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the drawn and generated contours for 10 slices of propagation was 5 pixels, or 5 mm. Contrast has been 

enhanced in these images to permit visualization of the edges of the organ of interest. Contrast has been 

enhanced in these images to permit visualization of the edges of the organ of interest. 

 

 
Figure 6.8:  In this liver gross tumor volume (GTV) case, the maximum difference between the 

drawn contours by a physician (dotted lines) and the generated contours by the program (solid lines) 

was 6 pixels, or 6mm, after 6 slices of mapping. Liver tumor GTV is usually difficult to automatically 

contour because of the low density contrast between the GTV and the surrounding normal liver tissue. 

Contrast has been enhanced in these images to permit visualization of the edges of the organ of interest. 

 

In these two cases, the maximum differences between the drawn and the 

generated contours were 5 and 6 pixels respectively, which are typical differences one 

would see between contours drawn by different physicians / dosimetrists. Contours of 

other anatomic structures, such as prostate, rectum, bladder, were also tested. The 

relative volume errors were 2.6% in the liver tumor case, 7.5 % in a prostate case, and 

8.5% in a rectum case. As a reference, the relative volume errors for the prostate and 

rectum cases were also calculated on two contour sets drawn by different dosimetrists. 

The errors were 18.6 % for the prostate case and 16.1% rectum.   
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6.6  Discussion 

The technique for contour propagation described in this paper appears to work 

successfully, provided the contour in the target slice is similar in compositions as the 

image in the source slice. However, if a contour is bifurcated, the topology of the 

contour changes at the point of bifurcation, and correct contour propagation is not 

possible. Figure 6.9 shows an example of this kind of failure. The original contour of 

the carina is delineated on Slice 1, and the contour has been propagated through Slice 

4 without a problem. A problem occurs at Slice 5, where bifurcation takes place. The 

bifurcation of the carina is not reflected in the target contour. This kind of propagation 

failure also happens on slices where the anatomy of the structure of interest ends. Gas 

in the rectum also causes this kind of failure if an image with gas in the rectum to an 

image without gas, but this issue is outside the scope of this paper. 

 
Figure 6.9: Example of a contour propagation failure where topological changes in the anatomic 

structure occur. In this example, the bifurcation of the carina occurring between Slice 4 and Slice 5 is 
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not accurately represented in the propagation. 

 

To avoid this kind of registration failure, it is suggested that the contours be 

manually delineated on a few slices throughout the anatomy of the structure of 

interest. The program then propagates the contours on both directions to fill the 

remaining slices. If a topological change occurs between the manually delineated 

contours, the program still can propagate the contours from opposite directions and 

meet where the change takes place. In this way, it is not necessary to select the slices 

where topological changes occur to manually delineate the contours in order to avoid 

registration failure. Manual delineation of contours on a sparse subset of CT images is 

also a good method to use to avoid error accumulation due to propagation of errors in 

the deformation matrix that may magnify any error of the original contours delineated 

manually. The method of sparse manual contouring combined with bi-directional 

propagation is illustrated in figure 6.10. Alternatively, one could use the program to 

generate a series of contours. Upon review of the automatically generated contours, 

one could delete those contours that were generated after the topological change, enter 

one such contour manually, and then rerun the program from the point of topological 

change. 

 
Figure 6.10: In order to resolve the problem of topological changes in contour propagation, contours 
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are delineated manually in a sparse subset of slices and then propagated in both directions using the OF.  

If a topological change occurs somewhere between the original manually delineated contours, the 

propagation stops before the change takes place 

 

Although directly mapping contours between slices that are far apart is usually 

more accurate than slice-by-slice propagation, this approach is more likely to 

encounter the problem of topological change. It finds its best application in lung 

contouring, simply because the lung is such a large region of large density difference 

from its surroundings that the program can hardly be confused by small topological 

changes in other parts. For other small structures, especially esophagus, in which 

some slices have gas and some do not, slice-by-slice propagation is still the best 

approach. 

An automatic segmentation method is only practical and worthwhile 

implementing if it generates contours comparable with those generated manually.  

Previous studies have demonstrated some variation in manually generated contours, 

especially for situations where decisions have to be made by the individual 

performing the contouring.  Whereas the lung-soft tissue boundary is relatively 

unambiguous, for soft tissue anatomic structures surrounded by soft tissue, there may 

be some variation among various individuals as to the exact nature of the boundary of 

the anatomic structure [10]. The method described in this paper usually propagates the 

contours with loyalty to the original contours. If the original contours delineated 

manually contain errors, which are very likely in cases of soft tissue structures 

surrounded by soft tissue, the errors are carried on and could be magnified in a few 

slices of propagation. In this sense, the contour mapping quality still somehow 

depends on how accurate the original contours are delineated. 
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6.7  Future Plans 

The use of the FI and OF to generate deformable image registrations has been 

shown to aid in the automatic delineation of contours of anatomic structures. This 

technique has been shown to be particularly useful for the delineation of soft tissue 

structures surrounded by soft tissue, a situation that has been difficult to segment by 

other methods [77]. There is one limitation that makes the application of the present 

method difficult to be completely automatic:  contours must be topologically similar 

to each other for accurate progression from CT slice to CT slice. Currently the 

solution to bifurcated contours is to map in both directions. To eliminate this problem 

and make this technique completely automatic, a new version of the software that can 

handle such topological change between slices is in the future plan.   
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7.  3D Optical Flow Method Implementation for Mapping 

of 3D Anatomical Structure Contours across 4D CT Data 

 
 

7.1  Introduction 

Tumors in thorax, such as lung, esophagus and liver cancers, move as patient 

breaths. Due to respiratory motion, the dose delivered to the tumors in radiotherapy 

treatments may not be the same as planned [33]. Although many techniques are 

currently used clinically to reduce the effect of respiratory motion on the dose 

delivery accuracy, such as gating [35], active breathing control [36], the problem is 

not satisfactorily solved with respect to dose accuracy and patient comfort during 

treatments. 4D treatment planning and dose delivering has been proposed to overcome 

the tumor motion problem resulting from respiratory motion [78]. A treatment plan 

would include multi-phase sub-plans (e.g., ) that are based on a patient’s CT scans of 

different respiratory levels. A tracking system would detect the patient’s respiratory 

phase during treatment. And the treatment system would determine which sub-plan to 

use based on the tracking system’s feedback. To realize 4D treatment planning and 

dose delivering, 4D CT scans would be acquired [79].  

In 3D conformal radiotherapy or intensity modulated radiotherapy (IMRT) 

planning, contouring normal anatomical structures is needed to define treatment fields 

and calculate dose distributions. In conventional 3D treatment planning, normal 

anatomical structures only need to be contoured once. In 4D treatment planning, 

which essentially consists of multi-phase 3D planning, many sets of CT scan data are 

involved. Since, like tumors in thorax, normal anatomical structures also change with 

respiratory motion, one set of the contours of the anatomical structures would not fit 
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all of the involved images. Time to manually contour these structures for 4D 

treatment planning is far more consuming than for traditional 3D treatment planning.  

To save physician’s time, we propose the use of a deformable image registration 

algorithm based on an optical flow method to assist in the contouring process.   

 

7.2  Materials and Methods  

7.2.1  3D Optical Flow  

An optical flow calculation requires input of a source image and a target image. 

The output from the calculation includes the 3D velocity matrix data file equal to each 

voxel’s displacement and an estimated image to assemble the target image. 

 

7.2.2  4D Image Data  

Two sets of 4D CT image data sets were used in this study. One set was acquired 

from a patient involved in an I.R.B.-approved clinical protocol, while the second set 

was acquired of a thoracic phantom, Radiological Physics Center (RPC) [17] placed 

on a table that allowed programmable 1D motion. The 1D motion was set in the 

superior-inferior (SI) direction at 18 cycles per minute with a motion distance of 17.5 

mm to simulate respiratory motion. All data sets were acquired on a commercial 

multi-slice helical CT scanner (MX8000 IDT, Philips Medical Systems). A video 

camera monitored the marks attached to the patient’s chest or the anterior top of the 

phantom to provide gating signals. The system reconstructed the CT data and binned 

the data into different respiratory phases according to the associated gating signals 

after the data acquisition was completed. Usually, 8 phases per respiratory cycle were 

reconstructed.  

A physician contoured the anatomical structures on one of the 4D data sets, 

usually the set obtained at end expiration. The original contours were then elastically 
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mapped to all of the image sets of other respiratory levels, using the velocity matrices 

calculated from the image registration between the contoured imaging set to other sets 

using optical flow. Only the mapping between the extreme phases (end expiration and 

end inspiration) are shown and discussed in this paper. The displacements between 

the extreme phases are largest.  

 

7.3  Results and Discussion 

Optical flow was applied in structure contour mapping for the 4D gated CT scan 

data of the RPC thoracic phantom on a motion table that moved in one direction 

repetitively. In this case, only 1D translation was involved. Contours of lungs, heart 

and spinal cord were mapped from the contoured image to all other images. Figure 7.1 

shows an example of heart contour mapping in coronal view. The contour follows the 

phantom motion precisely. The displacement of each voxel inside the contours was 

calculated using the velocity matrix. Figure 7.2 shows the histogram of the right lung 

displacement. The estimated RMS SI displacement of the contoured volume agrees 

with the known displacement very well. The estimated RMS SI displacement for the 

right lung was 16.8 mm while the SI displacement of the two CT scans was 17.5 mm.  

The RMS SI displacement was determined using the following equation: 
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mapped image set respectively. 
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Figure 7.1: Overlaid coronal view of original and mapped heart contour images of the RPC phantom. 

 

 

Figure 7.2: Histogram of calculated displacement in contoured right lung in the RPC phantom based 

on the 4D CT scans. The motion distance is 17.5 mm in SI direction. 

 

To investigate contributions to the errors between the real and calculated 

displacements, another optical flow calculation was computed: one phantom image 

set of the motion phases was shifted by 8 slices in SI direction, thus making a 

displacement in SI direction of 24mm (no displacement in LR and AP directions). 

Optical flow was then used to register the original image to the shifted image; the 

resulting deformation matrix was used to map the contour of the right lung from the 

original image to the shifted image. The histogram of calculated displacement in the 
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contoured right lung is shown in Figure 7.3. The RMS SI displacement is 23.93 mm, 

while the shifted distance is 24.00 mm, a difference of 0.07 mm. The bases of the 

peaks were also much smaller than those in Figure 7.2. By comparing Figure 7.2 and 

7.3, we can conclude that the errors in the 4D CT data mapping primarily resulted 

from the residual motion in the 4D CT scans and the shaking of the motion table 

during motion. 

  

Figure 7.3: Histogram of calculated displacement in contoured right lung in the RPC phantom based 

on the shifted phantom images. The shifted distance is 24mm in SI direction. 

 

Even with the errors that are not contributed by the optical flow calculation, the 

difference between the calculation and reality for the 4D CT scans (0.07mm) is quite 

reasonable considering that the CT slice thickness is 3mm. 

Due to the lack of intensity variation inside the phantom lung, the aperture effect 

[19] introduces some displacement errors for some voxels. The difference between the 

calculated and the shifted motion distance is caused by the aperture effect. 

A set of real patient data is also included in the study. Contours of lungs, 

esophagus and lung tumor are mapped from the end expiration image to the end 
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inspiration image. Figure 7.4 shows an example of the esophagus contour mapping, 

and Figure 7.5, the right lung. Note, in particular, the accuracy of the lung contour 

obtained without the use of thresholding methods. Figure 7.6 gives an example of 

lung tumor contour mapping. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7.4: Esophagus contour mapping from end expiration to end inspiration CT images using 

optical flow. Both sets of the images shown in this figure are selected from the same location in the 

image coordinate system. They are not exactly the same anatomical location. 

 

Although occlusion and transparency are problems for 2D optical flow 

calculation, which cause motion discontinuity, they are not problems in 3D optical 

flow calculations using CT images. However, there are other sources that cause 

motion discontinuity in calculations using 3D CT images. For example, in registering 

daily CT images for prostate cancer patients, if there is gas in the rectum in one image 

set while there is no gas in another image set, the registration could yield an incorrect 
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result for that region. Although this is not an issue in 4D CT registration as discussed 

in this paper, it is a problem in other applications. A possible solution to this problem  

 

 
Figure 7.5: Right lung contour mapping from end expiration to end inspiration CT images using 

optical flow. The image sets shown in this figure are at the same location in the image coordinate 

system, but are not exactly the same anatomical location. 

 

 
A. Original lung tumor contour on end of expiration CT data 

 
B. Mapped lung tumor contour on end of inspiration CT data 
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Figure 7.6: Lung cancer GTV contour mapping from end expiration to end inspiration CT images 

using optical flow. The image sets shown in this figure are at the same location in the image coordinate 

system, but are not exactly the same anatomical location. 
 

is to implement the multiple motion methods of the 3D optical flow program, which 

have been successfully implemented in 2D optical flow programs (see the discussion 

in Chapter 3). 

The aperture effect in optical flow algorithms introduces errors in the local 

volume due to a lack of intensity variation. Although this is rarely a serious problem 

in 3D contour mapping, since the contours are typically sitting on the edges where 

intensity changes more significantly than surrounding volumes, the aperture effect 

decreases accuracy when applying optical flow calculation to map an interested 

volume in which there are local flat intensity regions. It has been demonstrated that 

the aperture problem can be resolved by introducing the 2nd or even higher order 

intensity derivatives into the optical flow constraint equations. The 3D optical flow 

program applied in this study only uses the first order intensity derivatives in the 

optical flow equations. There is room to improve the accuracy by using higher order 

intensity derivatives when it is necessary. This approach would slow down the 

calculation as a trade off. 

 

7.4  Conclusions 

A deformable image registration matrix describing the deformation of a 3D CT image 

data set from one phase of the respiratory cycle to the other, obtained by use of an 

optical flow algorithm, can be used to generate a set of contours of normal anatomic 

structures in all phases of a 4D CT image data set. 
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8.  Intrathoracic Tumor Motion Estimation from CT 

Imaging 
 
 

8.1  Introduction 

Measuring intrathoracic tumor motion via imaging techniques has become a new 

focus of study. In each of the methods described in these studies, thoracic tumors are 

manually delineated on all images to provide an estimate of the tumor boundaries and 

their range of motion during normal respiration. The change in shape of the manually 

delineated tumor boundary determines the tumor motion estimate. 

The motion is reported as either the change in position of the center of mass, 

centroid location, or the boundaries of a bounding box. Alternatively, a radio-opaque 

fiducial marker implanted in close proximity to the tumor may be used to represent 

the tumor motion [5, 7]. The fiducial can be localized using image analysis techniques 

and tracked during treatment. Four dimensional (4D) CT imaging will generate eight 

or more CT image volumes to represent the tumor throughout the respiratory cycle. 

Manual delineation of each of these CT image volumes is laborious and a source of 

error. Significant interobserver and intraobserver variations in tumour CT 

segmentation have been observed when manual segmentation is applied repeatedly to 

the same subject CT image set. Finally, tumour-surface delineation does not provide a 

point-to-point correspondence between tumour volume elements at expiration and at 

inspiration.  

The optical flow method (OFM) has previously been applied to intrathoracic 

motion. Song and Leahy used OFM to measure motion between CT imaging frames 

for cardiac wall motion analysis [61, 62]. Klein and Huesman (2002) utilized OFM to 

add the 3D component PET images from a 4D acquired PET study into a single 
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composite 3D image set. With OFM, the image content properties are used to 

generate a displacement vector between each voxel in the reference image to the 

target image. The displacement vector map obtained for each voxel in a CT image 

volume is used to map a delineated tumour from one CT image volume to the next on 

a point-by-point basis. The boundary of the mapped tumour volumes represents the 

new tumour contour on the target CT images or alternatively the surface points can be 

mapped. This paradigm can be applied to pairs of breath-hold (BH) CT image 

volumes or potentially to a complete 4D CT image sets equally well. The tumour 

target is manually or otherwise delineated on a reference CT image volume, and both 

the surface and contained volume are mapped to the additional CT volumes. The 

collection of displacement vectors for the surface or volume represents the motion of 

the tumor. We developed and validated a 3D OFM to measure intrathoracic tumour 

motion from inspiration/expiration BH CT image sets. Here, we describe how this 

technique is applied to two clinical cases. 

 

8.2  Materials and Methods 

8.2.1  Patient CT Data   

The treatment planning CT images from patients for whom breath-hold CT 

image sets at inspiration and expiration were obtained as part of their radiotherapy 

planning were utilized following an Institutional Review Board approved 

retrospective protocol. One esophageal cancer case and one non-small cell lung 

cancer case were selected. The radiation oncologist delineated the gross tumor volume 

contour for each case. 
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8.2.2  Motion Estimation Method 

One esophageal cancer case and one lung cancer case consisting of expiration 

and inspiration breath-hold CT image sets obtained as part of the radiotherapy 

treatment planning were evaluated. A radiation oncologist outlined the gross tumor 

volume for each case on the expiration CT images. 3D OFM was utilized to obtain the 

displacement field from the expiration to the inspiration CT image sets. The contour 

and contour contents were mapped from the expiration CT image set to the inspiration 

CT image set. Histograms of the tumor surface displacement and the tumor volume 

displacement were created. 

 

8.3  Tumor Motion 

8.3.1  Esophageal Tumor Motion 

An esophageal cancer case involving the gastro-esophageal (GE) junction was 

evaluated in this study. The tumor was delineated on the exhalation CT image volume 

(Figure 8.1(A)). The 3D OFM algorithm was applied between the exhalation and 

inhalation image volumes to calculate the displacement vectors. A projection of the 

displacement vectors on a midsagittal image is shown in figure 8.1(B). The points 

contained within the tumor outline on the exhalation image were mapped from the 

exhalation image to the inhalation image, and the resulting contour is shown in Figure 

8.1(C). The mid-sagittal exhalation image with both sets of contours overlain is 

shown in Figure 8.1(D). This would constitute the range of tumor motion under 

normal respiration. A histogram of the displacement of the tumor volume is shown in 

Figure 8.2. The majority of the displacement occurs in the superior–inferior direction, 

with up to 1.4 cm of esophageal tumor surface motion observed near the distal end. 

The OFM displacement vectors are applied to the tumor contours drawn on the 
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exhalation CT images to produce tumor boundary estimation on the inhalation CT 

image volume. The derived tumor contour is shown in Figure 8.1(D) in dots 

superimposed on the exhalation CT sagittal image and physician-contoured exhalation 

tumor outline (solid). 

 

 

  
(A)                      (B) 

  
(C)                       (D)      

Figure 8.1: (A) Mid-sagittal section through end-expiration BH CT volume of an esophageal tumor. 

The physician-contoured tumor outline (solid line) is shown. (B) Same mid-sagittal section as in (A) 

with the 3D OFM displacement vectors superimposed. (C) Mid-sagittal section through end-inspiration 

BH CT volume with the tumor volume from (A) mapped using the displacement vectors in (B). (D) 

Same mid-sagittal section as in (A) with the physician-contoured (expiration) tumor outline (solid line) 

and the 3D OFM mapped (inspiration) tumor contour from (C) (dotted line). 

 

Interestingly, the superior aspect of the tumor does not appear to move to the 

same degree as the inferior tumor aspect. The average tumor displacement at each 

z-location is shown in Figure 8.3; the non-uniform displacement of the tumor is 

apparent. The tumor volume and surface displacements have similar minima and 
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maxima. The tumor volume displacement histogram is smoother than the tumor 

surface displacement histogram which results from the number of voxels in each, 

respectively. 

 

8.3.2  Lung Tumor Motion 

A lung cancer case, in which a clinically acquired inhalation and exhalation BH 

CT image set had been previously obtained for clinical use in the patient’s radiation 

therapy treatment planning, was chosen for this study. A sagittal view CT image 

through the tumor center, with the patient at expiration, and the physician-contoured 

tumor boundary are shown on the left panel in Figure 8.4. 

 

 
Figure 8.2: Histogram of esophageal tumor displacement for each component of motion (x = right to 

left, y = anterior to posterior, z = superior to inferior) obtained for the entire image volume. 
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Figure 8.3: Graph of the average esophageal tumor displacement magnitude versus position along the 

tumor from superior to inferior. 

 

  
               (A)                               (B) 
Figure 8.4: (A) An expiration BH CT sagittal image of a lung tumor with the physician-contoured 

tumour outline (solid line). (B) The same expiration CT image with the tumour contours and the 3D 

OFM displacement vectors superimposed. 

 

The 3D OFM algorithm was applied to the image volume data to perform 

registration of the inhalation BH CT images with the expiration BH CT images. The 

resulting displacement vectors, from the exhalation and inhalation images, are shown 
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in projection in Figure 8.4(B). The displacement vectors are superimposed onto the 

expiration sagittal image and tumor surface contour. The tumor content was then 

mapped from the expiration CT volume to the inspiration CT volume using the 

displacement vectors. The resulting tumor boundary, equivalent to the contour, was 

automatically determined on the inspiration CT images. In Figure 8.5(B), the sagittal 

image is shown with the mapped tumor boundary superimposed. The internal target 

volume can be determined from the sum of the expiration and inspiration tumor 

boundaries, shown together in Figure 8.5(C) superimposed on the expiration CT 

image. 

The displacement field, utilized to map the tumor content from the expiration CT 

image volume to the inspiration CT image volume, contains the tumor motion 

information in vector format. A histogram was formed from the displacement field of 

the tumor volume voxels versus displacement for each coordinate direction and is 

shown in Figure 8.6. The physician drawn contour for the lung tumor on the 

expiration CT images consists of 1266 points. A histogram of the displacement of 

these points was generated and is given in Figure 8.7. The smoother appearance of the 

lung tumor displacement histogram versus the lung contour (or surface) is likely due 

to the number of points involved. The tumor consists of 16422 voxels versus 1266 

points for the tumor surface contour. The location of the tumor surface points, some 

within the tumor and some in adjacent tissue, may also have some effect. The lung 

tumor surface and volume moved up to 3.0 cm. The largest displacement occurred in 

the superior–inferior dimension. The tumour motion was non-uniform with significant 

tumor distortion apparent from the CT image. 

 

8.4  Discussion 

Respiratory induced tumor motion is the largest intrafractional target motion in 



 107

radiation therapy and has become an active area of research. Past studies of tumor 

motion have estimated the motion from manually drawn contours [6, 8, 31] reporting 

the changes of a bounding box enclosing the tumour boundary or the motion of the 

center of mass. These studies were limited by a lack of point-to-point correlation. 

Alternatively, fiducial-based tumor motion studies required that the patient undergo a 

procedure to implant a radio-opaque fiducial marker into the tumor [5, 7]. The 

number of points tracked was limited to the number of fiducials. In this study, a new 

paradigm for tumor motion analysis was introduced. A displacement vector map was 

calculated using 3D OFM and was used to map a delineated tumor from one CT 

image volume to the next. 

   
           (A)                    (B)                     (C) 
Figure 8.5: (A) The expiration BH sagittal CT lung tumor image with the physician-contoured tumor 

outline. (B) The inspiration BH sagittal CT image with superimposed 3D OFM mapped tumor contour. 

(C) The expiration BH sagittal CT image with both contours superimposed. 
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Figure 8.6: Histogram of lung tumor displacement vector components for each voxel contained in the 

physician-outlined tumor volume.  

 

 
Figure 8.7: Histogram of lung tumor displacement vector components for each point from the 

physician-outlined contour. This is the tumor surface displacement histogram. 

 

The 3D OFM algorithm performs the calculation based on image content, in 
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which no user intervention is required. This paradigm can be applied to pairs of BH 

CT image volumes or 4D CT image sets equally well. We have demonstrated, using 

the RPC thoracic phantom and simulated patient motion, that the spatial accuracy of 

the algorithm in the ideal setting is less than the voxel dimension. The error 

determined was much lower for the lung tumor case than for the esophagus tumor 

case. Note that the calculations of the displacement are based on the local image 

gradients, equation, hence the error is related to the local image gradient. The lung 

tumor boundary contained a much higher image gradient than the esophageal tumor, 

and the error observed was much lower for the lung tumor than for the esophageal 

tumor. In both cases the error was small. 3D OFM may have a significant role in both 

radiation therapy treatment planning and in tumor motion kinematic studies. 

One method described to account for respiratory motion in radiation therapy 

treatment planning involves obtaining an accurate assessment of the tumor trajectory 

with BH CT imaging at end inspiration and at end expiration. In contrast, 

freebreathing (FB) CT imaging is presently used as the standard method for radiation 

therapy treatment planning. Using BH CT imaging to determine the ITV, the tumor 

location is identified on each scan by manual delineation performed by the radiation 

oncologist on each of the CT images volumes separately; the inspiration BH, 

expiration BH, fast FB and slow FB CT image volumes. Note that prior to combining 

the delineated gross tumor volumes, an 8mm expansion margin for microscopic 

extension of the tumor [4] is applied. The potential for error in repeated delineation of 

an identical target is well described [10]. In Guerrero et al’s [81] descriptions of this 

technique for internal target delineation, the resulting tumor motion is described on 

the basis of the displacement of the centroid or by a bounding box encompassing the 

tumor contours. With this methodology, there is no point-to-point correspondence 

between the tumor content between each CT image volume. The lack of correlation 
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with patient parameters may reflect an oversimplification of the tumor motion 

description using these techniques. 

In this study, we demonstrated a true point-to-point deformable image 

registration process with the 3D OFM algorithm. The resulting displacement vectors, 

one for each voxel, relate the tumor location on expiration BH CT to the inspiration 

BH CT image volume. In addition, the automatic nature of the registration process 

reduced the physician workload from contouring multiple image volumes to only a 

single image volume. A limitation of using only the BH CT images to determine the 

target volume is that tumor trajectory motion often exhibits hysteresis, following two 

different paths during inhalation and exhalation [26, 82]. This concern is addressed by 

including a slowly acquired CT scan, for which each image is acquired over 4 seconds 

allowing the tumor to move through a complete respiratory cycle. 3D OFM can 

similarly be applied to map the tumor content from contours drawn on a single BH 

CT (e.g., end expiration), to the other BH CT and a slow CT. The 3D OFM algorithm 

can be applied to map the tumour boundary, providing tumor targeting information 

for BH CT images as shown in this study or across an entire 4D CT data set, which 

consists of ten or more 3D CT image volumes [9]. A study demonstrating the 

performance of the 3D OFM with measured 4D CT data is in progress. The advantage 

of 3D OFM is that this method characterizes tumor motion results from the 

completeness of the motion description when compared with present techniques. In 

addition to boundary delineation, the 3D OFM computes the resulting displacement 

vectors for each tumor voxel providing a complete kinematic description of the tumor 

motion. 

This is the first report of esophageal tumor motion due to respiration in the 

radiation oncology literature. Esophageal motion due to respiration has been 

previously measured directly. Welch measured esophageal motion in 20 normal 
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volunteers and found 0.6 ± 0.2 cm axial motion in the abdominal portion and 0.4 ± 0.1 

cm movement in the thoracic portion [83]. We found, in the one esophageal tumor 

studied, that the tumor moved significantly and nonuniformly with greater motion at 

the gastro-esophageal junction. The maximum displacement was 1.4 cm at the inferior 

portion of the tumor. Further investigation of esophageal motion and esophageal 

tumor motion is warranted. 

 

8.5  Conclusions 

In this study, a new paradigm for tumor motion analysis is introduced: the 

calculation of a displacement vector for each tumor voxel. 3D OFM was shown to 

provide an accurate estimation of intrathoracic tumor motion in phantom studies. 

Tumor surface and volume histograms reveal a nonuniform motion and suggest that 

tumor distortion occurs. The tumor surface histogram is more prone to noise related to 

the location of contour points and their fewer numbers. Surprisingly, esophageal 

tumor motion was large and nonuniform. 
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